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1.  Proposed Title

Design and Implementation of a Retrieval-Augmented Generation (RAG)-Based Intelligent Chatbot System for SME Customer Support Using Python and Vector Databases.

2.  Introduction and Background
I came up with this topic because I kept seeing the same problem every time I spoke to a small business owner. I run a small web agency called VYNXAI that helps SMEs in London with their digital presence. Almost every client I speak to wants better customer support — faster replies, 24-hour availability, something that does not rely on one person answering emails all day. But when they ask about AI chatbot tools, the prices are completely out of reach. Platforms like Intercom or Zendesk AI charge between 400 and 2,000 pounds a month. For a business with five employees, that is just not realistic.
At the same time, I have been studying natural language processing and AI systems as part of my MSc. One of the most interesting things I came across was a technique called Retrieval-Augmented Generation, or RAG for short. The idea is actually quite simple. Instead of asking an AI to answer questions purely from what it learned during training, which can sometimes lead to wrong or made-up answers, a RAG system first searches through a set of documents that you provide, finds the most relevant piece of information, and then uses that to give a proper, grounded answer. This was formally introduced by Lewis et al. in 2020 [1], and it has become one of the most practical and widely used approaches in AI development since then.
The more I read about RAG, the more I noticed something that was missing. Nearly all the research papers and open-source tools assume two things: that the person setting it up is a developer, and that they have access to thousands of organised documents. A small business owner does not have either of those things. They might have a PDF with their frequently asked questions, a Word document with their pricing, and a spreadsheet of their services. That is it. Nobody in the academic world has seriously looked at how RAG performs in that kind of small, real-world setting, and nobody has built a tool that a non-technical business owner can actually pick up and start using.
That is the exact gap I want to fill with this dissertation. My plan is to design and build a complete, working RAG-based chatbot application. Not a demo or a notebook, but a real piece of software that any SME owner can install, upload their own documents into, and have a live AI customer support assistant running the same day, completely free, with no technical skills required.

3.  Problem Statement
There are three clear problems that this dissertation is trying to solve. I want to explain each one simply, because they are all connected.

Problem 1:  RAG Has Never Been Tested on the Kind of Data SMEs Actually Have
Almost every major RAG research paper works with huge, well-structured document collections — things like Wikipedia, large legal databases, or corporate knowledge systems with thousands of files. That makes sense for a university benchmark, but it does not reflect the real world for a small business. When you only have ten or fifteen mixed documents, the system behaves very differently. The search starts returning results that are not quite relevant. The chatbot gives vague or wrong answers. The business owner loses confidence in it and stops using it altogether.
There is nothing in the academic literature that tells you how to tune a RAG pipeline specifically for this kind of small, messy, real-world document set. My dissertation will run proper experiments to figure out exactly which settings work best in this scenario, and those findings will be something new that the field does not currently have.

Problem 2:  All Existing RAG Tools Require a Developer to Set Them Up
If you search online for RAG implementations, you will find hundreds of tutorials, GitHub repositories, and Jupyter notebooks. Every single one requires you to be a programmer. You need to understand virtual environments, package installations, API keys, configuration files, and command-line tools. An SME owner simply cannot do that. The technology clearly works. The problem is that nobody has built a user-friendly front-end that makes it accessible to a normal person. My project will build exactly that — a simple web application where you drag and drop your documents and your chatbot is ready to go.

Problem 3:  There Is No Proper Evaluation Method for This Use Case
Academic papers measure RAG quality using standard scores like BLEU, ROUGE, or Exact Match against pre-built benchmarks. These numbers tell you almost nothing about whether a chatbot gives a genuinely useful answer to a customer asking something like, 'Do you offer next-day delivery?' or 'What are your business hours on Saturday?' There is currently no published evaluation framework designed for measuring RAG quality specifically in a small business customer support setting. I will design one as part of this project, and it will be something that other researchers can use as well.

4.  Research Questions

1. How can a RAG pipeline be designed and configured to work well with small, mixed-format document collections that are typical of UK SMEs?
1. Which chunking strategy and embedding model combination gives the most accurate retrieval results when there are fewer than twenty documents in the knowledge base?
1. How should the full system be built so that a non-technical SME owner can upload their own documents and use the chatbot without any coding knowledge?
1. How does the system's performance compare to a simple keyword-based search, and does it provide better value than existing commercial SME chatbot tools?

5.  Aims and Objectives
5.1  Main Aim
To design, build, and properly evaluate a fully working, open-source RAG chatbot system that allows UK SMEs to create their own AI customer support assistant using only their existing business documents, with no subscription cost and no technical knowledge needed.

5.2  Specific Objectives
1. To review existing research on RAG systems, vector databases, embedding models, and AI adoption in small businesses, using papers published between 2023 and 2026, so I can understand what has already been done and where the gaps are. [1][2][8][12]
1. To design and build a complete RAG pipeline in Python — covering document ingestion, chunking, vector embeddings, similarity search, and re-ranking — and run experiments to find out which settings give the best results when working with a small collection of real SME documents. [5][8][9][11]
1. To develop a full-stack web application using FastAPI and React.js that connects the RAG pipeline to a language model with carefully designed prompts, so that any SME owner can upload their business documents and use their own AI chatbot without any coding knowledge. [3][10][13][15]
1. To test and evaluate the complete system by measuring retrieval accuracy, hallucination rate, and ease of use — and compare it against a simple keyword search and commercial tools to show whether this open-source approach is a realistic and affordable option for small businesses. [9][10][11]

6.  Literature Review
6.1  What RAG Is and Why It Matters
The foundation of Retrieval-Augmented Generation was built by Lewis et al. in 2020 [1]. Their research showed that if you give a language model access to an external search system at the time it is answering a question, rather than relying only on what it memorised during training, the answers become significantly more accurate. The core idea is simple: let the model look things up in real time rather than hoping it already knows the answer. This is the principle that the whole system in this dissertation is based on.
Karpukhin et al. [2] built on this with Dense Passage Retrieval (DPR), showing that using trained dense vector embeddings to search documents gives better results than traditional keyword matching in most situations. Izacard and Grave [4] later showed that feeding multiple retrieved passages into the generation model together improves answer quality further. These papers form the core technical foundation that my system is built on.
A really helpful overview by Gao et al. [7] put all the different RAG approaches into three categories: basic RAG (simple search and answer), advanced RAG (with extra steps before and after search to improve quality), and modular RAG (a flexible, swappable design). I will use this framework to make deliberate design choices rather than just following a tutorial. Shi et al. [8] added an important warning — if you retrieve content that is not actually relevant to the question and pass it to the model, the answer quality gets worse, not better. This is particularly important for my project because with only a small number of documents, getting the retrieval right really matters.
6.2  Pre-trained Language Models and Embeddings
Brown et al. [3] showed with GPT-3 that very large language models trained on diverse data develop rich internal representations that can be applied to a wide range of tasks without retraining. This laid the groundwork for using pre-trained models as the generation component in a RAG pipeline without needing to train anything from scratch. Qiu et al. [16] provided a detailed survey of pre-trained NLP models and how they work, which helps explain why off-the-shelf models can be used effectively even in a domain-specific setting like SME customer support. Muennighoff et al. [6] then produced the MTEB benchmark, which compares dozens of different embedding models on actual retrieval tasks. What is interesting about their results is that the biggest and most expensive models do not always win on retrieval — which supports the idea that a cost-effective open-source approach can work just as well for my use case.
6.3  Chatbot Technology and Its Uses
Adamopoulou and Moussiades [17] provided a useful overview of chatbot technology, explaining the key differences between rule-based chatbots, retrieval-based chatbots, and generative chatbots. Their work makes it clear that retrieval-based approaches (which RAG builds on) are generally more reliable and trustworthy in business settings because the answers are grounded in real information rather than generated from scratch. The RAGAS framework introduced by Es et al. [9] then gave the research community a way to automatically measure how faithful and relevant RAG outputs are — measuring things like whether the answer is actually supported by what was retrieved. I will use RAGAS as part of my evaluation, alongside my own custom human-annotation process.
Wei et al. [5] showed that prompting a language model in the right way — specifically by encouraging it to reason step by step — can significantly improve the quality of its outputs. Zhang et al. [11] surveyed the problem of hallucination in large language models and found that grounding responses in retrieved context (exactly what RAG does) is one of the most effective ways to reduce made-up answers. These findings directly support my approach to prompt design in the generation layer.
6.4  Why Small Businesses Cannot Use These Tools Today
Ghobakhloo et al. [13] studied how SMEs are approaching digital transformation and found that the three main reasons small businesses fall behind are cost, lack of technical expertise, and how complicated enterprise tools are to set up. Kurnia et al. [12] confirmed in 2024, looking specifically at AI adoption in SMEs, that these same barriers still apply in the current AI era — even though business owners are increasingly aware of what AI could do for them. The UK government's own data [18] puts this in perspective: more than 99 percent of all UK businesses are SMEs, so this is not a niche problem. It is the mainstream reality of British business.
What I could not find anywhere in the literature was a technical solution designed from the ground up to remove these barriers. The research clearly documents the problem. My dissertation is an attempt to actually solve it.
6.5  The Research Gap
I searched Google Scholar, IEEE Xplore, and SpringerLink using search terms combining 'RAG' or 'retrieval-augmented generation' with 'SME' or 'small business' and 'chatbot' or 'customer support'. The search returned no papers that address all of the following at the same time: a RAG system designed for sparse data, a full working application for non-technical users, and an evaluation method built specifically for a business chatbot context. That complete absence in the literature is the space this dissertation occupies.

7.  Research Methodology
7.1  Research Approach
I will follow a Design Science Research (DSR) methodology [19]. DSR is the right choice when the point of the research is both to build something useful and to evaluate it properly — which is exactly what this project does. It splits the work into three phases: first, understanding the real-world problem; second, designing and building the solution, making improvements as I go; and third, making sure every decision is backed by evidence from the literature. The result is not just a working system, but also a set of validated design principles that future researchers or developers in the same space can build on.
7.2  What the System Will Look Like
The application will be built as five separate Python modules. Each one can be tested and updated independently, which makes the project more manageable and easier to debug.

	Layer
	Technology
	What It Does

	Ingestion
	PyPDF2, python-docx, pandas
	Reads PDF, Word, text, and CSV files; cleans out formatting noise; extracts metadata for filtering later

	Chunking and Embedding
	LangChain, sentence-transformers
	Splits documents into smaller pieces; converts each piece into a vector embedding; saves everything in ChromaDB with labels

	Retrieval and Re-ranking
	ChromaDB, cross-encoder
	Searches for the most relevant chunks using similarity scoring; re-ranks the top results to improve accuracy

	Generation
	OpenAI or Anthropic API
	Builds a prompt using the retrieved content; sends it to the language model; returns a factual, constrained answer

	Web Application
	FastAPI + React.js
	Simple interface where the SME owner uploads documents, sets up their chatbot, and gets it running with one click



7.3  Technology Choices

	Component
	Tool
	Why I Chose It

	Backend
	Python 3.11 + FastAPI
	Fast and modern; works naturally with all Python AI and data libraries; generates its own API documentation

	RAG Framework
	LangChain 0.2
	The most widely used RAG toolkit; lets me swap components easily when comparing approaches in experiments

	Vector Store
	ChromaDB (local)
	Runs fully offline on any machine; completely free; simple to use from Python; saves data between sessions

	Embeddings
	HuggingFace sentence-transformers
	Open source and free to run; top-ranked on the MTEB benchmark [6]; works on a standard laptop CPU

	Language Model
	GPT-4o-mini or Claude API
	Affordable at the scale of an SME use case; well-documented; easy to switch between for comparison tests

	Frontend
	React.js + TypeScript
	Clean and responsive interface; good libraries for file uploading; straightforward to connect to FastAPI

	Evaluation
	RAGAS + human annotation
	RAGAS gives automated faithfulness and relevance scores [9]; human annotation picks up mistakes that automated metrics miss



7.4  The Experiment
To answer research questions one and two, I will run a controlled comparison of three chunking strategies and three embedding models — nine combinations in total. I will collect five real SME document sets from business owners I work with through VYNXAI, with their written permission, and I will anonymise everything before using it. Each document set will contain between five and fifteen files in different formats. For each set, I will manually write fifty realistic customer questions with correct answers, giving me 250 test cases altogether.
I will measure five things across all nine combinations: Precision@3 (does the right chunk appear in the top three results?), Precision@5 (does it appear in the top five?), Mean Reciprocal Rank, hallucination rate (judged by two independent reviewers reading through the answers), and a System Usability Scale score from five non-technical volunteers who test the web interface. I will also compare the full RAG system against a basic BM25 keyword search so I can show clearly how much the RAG approach actually improves things in practice.

8.  Why This Topic Is Original
8.1  What Exists Already
I want to be upfront about this. There is already a lot of solid RAG research out there. Papers from Meta AI, university NLP groups, and large technology companies have built strong theoretical foundations. Tools like LangChain and LlamaIndex have made it far easier to build RAG applications from scratch. So I need to explain clearly why there is still a gap that this dissertation fills.
The reason is that every piece of existing work assumes either a large enterprise-scale document set, a technically skilled developer doing the setup, or both. Not one paper in the literature deals with the realistic scenario of a small business that has a folder of fifteen documents and an owner who has never used a command line. My project is built specifically for that person.
8.2  What I Am Doing That Others Have Not
1. Testing RAG on genuinely small and messy data. My experiments are built specifically around fewer than twenty documents in mixed formats. No existing RAG benchmark goes this low. The findings from my experiments will be new information that the research community does not currently have.
1. Delivering a real working application, not just research code. The final output is a deployable web app that an SME owner can install and use the same day. This combination of academic rigour and a genuinely usable product does not appear anywhere in the published literature.
1. Building and testing an SME-specific evaluation framework. The way I will measure quality — combining automated RAGAS metrics, human hallucination review, and usability testing — is itself a contribution. Future researchers can adopt or adapt this method.
1. Comparing cost, not just performance. I will calculate the total cost of running my open-source system and compare it directly to commercial platforms. Academic papers almost never do this, but for an SME owner, knowing something works is only useful if they can afford to run it.

9.  Project Timeline

	Phase
	When
	What I Will Do
	What I Will Produce

	Phase 1
	June 2026
	Finish the literature review, finalise the system design, set up my Python development environment and GitHub repository, define how I will run the evaluation
	Architecture document and literature review draft

	Phase 2
	Early-Mid July
	Build the document ingestion pipeline, implement all three chunking strategies, set up ChromaDB, run the chunking experiment, write tests for every module
	Working pipeline and chunking experiment results

	Phase 3
	Late July
	Connect the language model API, add re-ranking, build the FastAPI backend, build the React frontend, finish integration testing, recruit usability participants
	Fully working prototype version 1.0

	Phase 4
	1-15 August
	Build the SME test corpus, run all evaluation experiments, carry out the usability test with five volunteers, analyse everything, write the findings chapter
	Evaluation results and analysis chapter draft

	Phase 5
	15-28 August
	Write and complete all dissertation chapters, incorporate supervisor feedback, proofread and format, submit the final dissertation and GitHub link
	Completed and submitted dissertation



10.  Ethical Considerations
The only people taking part in this research are the five volunteers who will test the web interface during the usability study in Phase 4. Before any testing starts, each person will receive a clear written explanation of what is involved and will sign a consent form. They will know they can stop at any point without any consequences. I will not collect any personal information from them — only their overall usability scores will appear in the dissertation.
For the SME document sets used to build the test dataset, I will get written permission from each business owner before using any of their files. All documents will be anonymised before I store them, and they will be permanently deleted once the research is finished. Everything will follow UK GDPR requirements. I will apply for ethics approval from the UWTSD Research Ethics Committee before I start collecting any data from participants or businesses.
I will be using the OpenAI and Anthropic APIs during development, and I will follow both companies' terms of service throughout the project. No personal information about any participant or business will ever be sent to an external API.

11.  What I Expect to Produce
1. A fully working, open-source RAG chatbot web application that can be set up with one command, with all the code published freely on GitHub so that real SMEs can actually use it after this research is done.
1. Clear findings on which RAG configuration works best when the document collection is small and mixed-format, filling a gap in the research that currently has no coverage of this specific scenario.
1. A tested evaluation framework for measuring SME-context chatbot quality, which other researchers can adopt or build on in future work.
1. A cost comparison between the open-source system and commercial alternatives, giving SME owners practical information to help them make an informed decision.
1. A complete dissertation covering the design process, how the system was built, the evaluation results, and an honest discussion of what worked, what did not, and what could be done next.
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