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Abstract10

Currently, governments and many other institutions have been making significant efforts to promote11

financial literacy. However, a considerable portion of the population still lacks basic financial12

knowledge, highlighting the need for updated strategies to enhance financial education. In today’s13

digital world — where people often search for quick and convenient solutions — the development of a14

reliable and intelligent chatbot to answer questions related to financial concepts and decision-making15

can be very beneficial. This paper proposes the implementation of an automated web scraper to16

extract content from a trustworthy financial education website with plenty of useful concepts about17

finances, using this collected data to develop a chatbot which provides accurate and helpful responses18

to users. The solution is built using technologies such as Streamlit, Langchain, and OpenAI.19
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1 Introduction30

Rehman and Mia [8] define financial literacy as the combination of understanding, abilities,31

and confidence that enables individuals to make effective financial decisions. It includes32

comprehending core financial concepts and utilizing them practically. But unfortunately,33

a significant portion of the population lacks this fundamental financial understanding,34

contributing to difficulties in managing debt and resulting in over-indebtedness.35

In parallel with the growing digitalization of the financial world, the ways that people36

access information are evolving rapidly. This change highlights the importance of using37

new technologies to enhance financial literacy, particularly among younger generations.38

Traditional approaches involving complex texts or extensive research are often less utilized39

by individuals accustomed to getting instant information from sources such as artificial40

intelligence (AI) and social media short videos.41

Chatbot technology has been used across many fields of knowledge and numerous articles42

address its successfulness in conducting quick research and providing trustworthy responses.43
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The ability of chatbots to be integrated into popular social media platforms can also highly44

increase the use of the tool, making it convenient for the user [7].45

We propose that a specialized financial chatbot can effectively solve the financial liter-46

acy gap by providing accessible and engaging financial education. By delivering accurate47

information through simple, conversational interactions, such a tool can empower users to48

make informed decisions, raise awareness about credit risks, and build essential financial49

knowledge.50

This paper explores the design and potential of a financial chatbot specifically built to51

leverage a reliable data source. Our aim is to demonstrate how providing accurate and52

practical financial knowledge through user-friendly conversations can reduce the incidence of53

factual inaccuracies and misleading information often generated by AI, thereby significantly54

improving users’ understanding of financial concepts.55

2 State of the Art56

Artificial intelligence has experienced much momentum in recent years due to the advance-57

ments in hardware and software technologies, specially after the release of ChatGPT in58

2022. This paradigm of Generative AI, which leverages advancements in Natural Language59

Processing (NLP) and is frequently powered by massive Large Language Models (LLMs), has60

enabled the creation of highly interactive and versatile applications. Among these, advanced61

chatbots capable of understanding and generating human-like text represent a significant62

area of development and application [5].63

(a) Definition of Chatbot64

A chatbot is an AI system and a Human-computer Interaction (HCI) model, which uses65

NLP and sentiment analysis to communicate in human language by text or oral messages66

with humans or other chatbots. Interactive agents, artificial conversation entities, smart67

bots and digital assistants are examples of chatbots among the internet, acting as68

a powerful tool along many applications, such as education, business, e-commerce,69

healthcare and many others [1].70

(b) Brief History of Chatbots71

The development of chatbot agents draws upon foundational ideas from early computa-72

tional and mathematical concepts. One early mathematical model relevant to sequence73

prediction, a key element in generating responses, was the Markov Chain, developed74

by Russian mathematician Andrey Markov in 1906. This statistical model for predict-75

ing random sequences has been utilized in machine learning fields for tasks such as76

autocomplete and next-word prediction for many years.77

Another pioneer milestone regarding machine intelligence capable of human-like interac-78

tion was the Turing Test, proposed by Alan Turing in 1950. Turing, often regarded as a79

father of theoretical computer science and artificial intelligence, introduced this test to80

assess a machine’s ability to exhibit intelligent behaviour indistinguishable from that of81

a human. The test involves a human interrogator conversing separately with a hidden82

machine and a hidden human. The machine passes if the interrogator cannot reliably83

determine which is the machine. The Turing Test significantly influenced subsequent84

artificial intelligence research and spurred efforts towards creating machines capable of85

natural language conversation [12].86

In recent times, the most impactful development in the history of chatbots has been the87

emergence of systems like ChatGPT, powerfully demonstrating the capabilities of Large88

Language Models (LLMs), such as GPT-3.5 and GPT-4 [4]. Trained on massive datasets,89
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these models achieve robust language skills, enhanced reasoning, and strong contextual90

understanding, enabling coherent multi-turn dialogues. ChatGPT, in particular, made91

this cutting-edge technology widely accessible for public interaction and evaluation.92

Underpinning these capabilities is typically the Transformer neural network architecture93

[11]. Their effectiveness stems from a two-stage training process: initial unsupervised94

pre-training on vast text to build general knowledge, followed by supervised fine-tuning95

on dialogue data to hone conversational performance. This methodological approach,96

leveraging the Transformer’s design, is fundamental to their sophisticated natural lan-97

guage generation, with research actively analysing current advancements and trends98

[9].99

(c) Use of Chatbots in Education100

AI has been used in the domain of education for over 40 years in different shapes and101

forms, supporting school administration, teachers and students in different applications102

[2]. Educators can use them for developing instructional materials and assessments,103

although responsible application is essential to encourage critical thinking among students.104

For learners, these tools can promote equity through more accessible information and105

aid in providing effective learning strategies adapted to diverse preferences [2]. They can106

also assist with assessing student submissions and suggesting pedagogical improvements.107

However, it is important to recognize that the current iteration of tools like ChatGPT108

still has functional limitations, may contain factual inaccuracies, and cannot replicate109

humans’ ability to provide truly differentiated, specific instruction for every student [5].110

Research indicates that effective student learning outcomes are strongly linked to per-111

sonalized support, while insufficient individual attention can hinder academic progress.112

Methods like micro-learning have been shown to alleviate student fatigue [10] and improve113

material retention, contributing positively to comprehension, skill development, and114

overall academic performance. Within this context, chatbots are suggested as valuable115

tools for e-learning environments. They can serve as interactive tutors, managing student116

inquiries and providing feedback, and potentially facilitate communication with families117

regarding a child’s learning. By instantly responding to common questions, chatbots118

enhance the accessibility and comfort for students seeking assistance, making learning119

more engaging [6].120

However, the widespread adoption of these tools also introduces challenges, notably121

concerns about student misuse leading to academic integrity issues [3]. In response,122

educational institutions are implementing diverse strategies to prevent such misconduct.123

Approaches range from simple prohibition of certain tools to revising and updating124

existing policies. For example, several traditional universities, including some within the125

UK’s Russell Group, classify the unauthorized use of AI bots as academic misconduct.126

Furthermore, adapting assessment methods is recommended, such as designing tasks less127

susceptible to AI assistance by incorporating unique content, or returning to traditional128

formats like written exams instead of only computer-based testing [3].129

3 Materials and Methods130

3.1 Data Sources and Tools131

The study used financial articles obtained from the website todoscontam.pt, which is an132

initiative from the government of Portugal to promote financial literacy through the National133

Plan for Financial Education. Since these articles are normally unstructured and contain134
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both textual and visual information, a method to automatically extract the useful data was135

required. The main tools used in this paper include:136

The pages and subpages from the website todoscontam.pt137

Python-based programming for web scraping and chatbot development138

OpenAI’s ChatGPT for interpreting and analysing financial information content.139

LangChain and Pinecone (vector database) for Retrieval-Augmented Generation (RAG).140

Streamlit framework for building an interactive web interface.141

3.2 Methodology142

This project was structured to achieve two main objectives:143

Extract and storage data from a reliable website containing foundational financial concepts.144

Implement a chatbot which answer questions about finances using the data extracted as145

basis.146

To address these objectives, we implemented a web scraper using python programming147

and the chatbot itself:148

(a) Web Scraper149

One of the primary objectives of this chatbot is to ensure reliability. Because the150

information provided by large language models (LLMs) is not always fully trustworthy,151

it is crucial to source data from reliable and verifiable sources. To implement that, we152

manually collected all the URLs of useful articles regarding financial literacy from the153

website todoscontam.pt. Then, the web scraper is structured as follows:154

Selection of articles: the pages selected from Todos Contam website are only the155

ones which provide financial concepts or decision-making information, ignoring other156

pages containing non-relevant content, for example pages regarding contact, about157

the website and others. The URLs collected were inserted in a tuple containing the158

URL and the destination path. This path and sub paths are respectively the theme159

and sub themes of the article.160

Downloading and filtering content: for each URL iterated, the system downloads161

the Hyper-text Markup Language (HTML) content of the article. This HTML code162

contains many unwanted information, such as navigation bar, tab bar, footer content163

and its own HTML tags. At this step, every useless information is removed, and the164

final article text is finally converted to a markdown file.165

File and folder management: in this process, the title of the article is determined as166

the name of the file, and the folder where the file is stored is named with the theme167

of the article. A total of 222 documents were stored, with an average size of 2.75168

kilobytes.169

The diagram presented at figure 1 illustrates all the functioning of the web scraper and170

summarize each step.171

Figure 1 Web scraper.
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(b) Chatbot Development172

Following the extraction of financial literacy articles in Markdown format, a specialized173

chatbot was developed to provide users with information derived solely from this corpus.174

The chatbot leverages a Retrieval-Augmented Generation (RAG) architecture, combining175

the retrieval capabilities of a vector database with the generative power of a Large176

Language Model (LLM). The implementation utilizes Python, primarily employing the177

Langchain framework for orchestrating the RAG pipeline, Streamlit for the user interface,178

and Pinecone as the vector database.179

a. Core components and configuration: the system is built upon several key libraries.180

Langchain-openai provides interfaces for OpenAI’s models, specifically using Chat-181

OpenAI with the gpt-4.1-nano model for response generation and OpenAIEmbeddings182

with the text-embedding-3-small model (1536 dimensions) for creating text embed-183

dings. Langchain-pinecone facilitates interaction with the Pinecone vector database.184

Streamlit’s caching mechanism (@st.cache_resource) is employed to efficiently man-185

age resource-intensive objects like the LLM, embedding models, and the Pinecone186

connection. Figure 2 illustrates the chatbot functioning.187

Figure 2 Chatbot operating architecture.

b. Data preparation and indexing: the initial step involves loading the Markdown188

documents from the specified directory, including subdirectories. The DirectoryLoader189

from Langchain, configured with UnstructuredMarkdownLoader, handles this process.190

A crucial preprocessing step adds metadata to each document, identifying the financial191

theme based on the name of the subfolder from which the document originated.192

c. Retrieval-augmented generation pipeline: the core question-answering functionality is193

implemented using Langchain’s RetrievalQA chain. This chain integrates the LLM194

with a retriever built upon the Pinecone vector store. The retriever is configured to195

perform similarity searches and retrieve the top 5 most relevant document chunks196

based on the vectorized user query.197

A custom PromptTemplate is employed to guide the LLM’s response generation. This198

template incorporates:199
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A static context defining the chatbot’s persona as a helpful financial assistant based200

on todoscontam.pt content, instructing it to use only retrieved information, state201

when information is unavailable, and avoid fabrication.202

A placeholder for the context retrieved from the vector database.203

A placeholder for the user’s question.204

The RetrievalQA chain is configured to insert all retrieved text chunks directly into205

the context placeholder of the prompt. The chain is also set to return the source206

documents used for generation.207

d. User interface and interaction: a web-based user interface is provided using Streamlit.208

It displays a chat interface where users can interact with the chatbot. Chat history is209

maintained using Streamlit’s session state. When a user submits a query, the query210

is processed by the system. The response generated by the LLM is displayed, along211

with an expandable section listing the source documents (filename and theme) that212

the retriever identified as relevant for answering the query.213

4 Results214

To assess the chatbot’s performance in an initial phase, a set of 48 questions spanning six215

key financial literacy themes was curated, reflecting common user queries in this domain.216

These themes, derived from the structure of the Todos Contam portal, include:217

1. Personal and Family Budgeting218

2. Savings and Basic Investment219

3. Credit and Debt220

4. Essential Banking Products221

5. Basic Insurance222

6. Consumer Rights and Duties in Finance223

Each question was presented to the developed chatbot, and the corresponding answer was224

recorded and analysed. The evaluation focused on the chatbot’s ability to adhere to its core225

instruction: provide accurate and relevant answers based solely on the retrieved document226

context from the scraped articles, and explicitly state when the requested information was227

not available within that knowledge base. Answer quality was assessed based on correctness228

relative to the source material, relevance to the question, and appropriate handling of229

knowledge gaps.230

Figure 3 Example of interaction 1.
Figure 4 Example of interaction 2.
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4.1 Findings231

The analysis of the 48 question-answer pairs revealed a high degree of adherence to the232

provided knowledge base and instructions. The chatbot consistently utilized the information233

present in the scraped articles to formulate responses.234

Table 1 summarizes the performance across the different themes. An answer was considered235

successfully addressed if it either provided a correct response based on the source material or236

correctly identified that the information was not present in the knowledge base.237

Table 1 Summary of Chatbot Performance by Theme

Theme Correctly Answered Identified as Missing

1. Budgeting 8 0
2. Savings & Investment 7 1
3. Credit & Debt 6 2
4. Banking Products 7 1
5. Insurance 8 0
6. Consumer Rights 6 2

Total 42 6

Overall, the chatbot successfully addressed all 48 questions according to the evaluation238

criteria. In 42 cases, it provided answers directly derived from the scraped content. In the239

remaining 6 cases, it correctly identified that the specific information requested was either240

entirely absent from the source documents or that the source documents lacked the requested241

level of detail, thereby demonstrating its ability to recognize the boundaries of its knowledge242

base. This corresponds to a 87.5% success rate in information retrieving and 100% success243

rate in terms of adhering to the operational instructions and leveraging the provided corpus.244

4.2 Discussion245

The results indicate that the RAG-based chatbot effectively functions as an information246

retrieval and summarization tool for the specific knowledge base derived from Todos Contam.247

Its main strength lies in its fidelity to the reliable source material, ensuring that users receive248

information aligned with the content curated by the Bank of Portugal and the National Plan249

for Financial Education. The explicit prompting to rely solely on retrieved documents and250

acknowledge gaps proved successful. It was also observed that the chat provides responses251

with consistent structure and content when asked the same question multiple times, varying252

only in wording.253

However, the chatbot’s primary limitation is its dependence on the scraped content. It254

cannot answers questions outside the scope of the articles available on Todos Contam or255

provide broader financial context, comparisons with products not mentioned, or real-time256

market data. While it correctly identifies knowledge gaps, it cannot bridge them without257

additional information sources. Furthermore, the quality and comprehensiveness of the258

answers are inherently limited by the quality and depth of the original articles.259

4.3 Proposed Solutions and Future Work260

To enhance the chatbot’s utility and address its limitations, several avenues for future work261

are proposed:262

SLATE 2025
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Expand Knowledge Base: Incorporate content from other authoritative Portuguese263

financial sources, such as the websites of the CMVM (Securities Market Commission), ASF264

(Authority for the Supervision of Insurance and Pension Funds), the Bank of Portugal’s265

main site, and relevant government portals (e.g., related to taxes or social security). This266

would broaden the range of topics the chatbot can address.267

Incorporate Structured Data: Explore adding structured data (e.g., current interest268

rates for specific products, calculators) via APIs or separate databases to provide more269

dynamic and tool-like functionalities.270

User Evaluation: Conduct user studies with the target audience to gather qualitat-271

ive feedback on the chatbot’s usability, understandability, and perceived usefulness in272

improving financial literacy. This feedback can guide further development iterations.273

By expanding the knowledge base and potentially refining the RAG pipeline, the chatbot’s274

potential as a comprehensive financial literacy tool can be significantly enhanced.275

5 Conclusions276

Financial literacy remains a critical challenge, with many individuals lacking the necessary277

knowledge to make informed financial decisions in an increasingly complex digital world.278

Traditional educational methods often struggle to engage audiences accustomed to readily279

available, interactive digital content. This paper addressed this gap by proposing and280

implementing a specialized chatbot designed to enhance financial education in Portugal.281

We presented the development process, which involved automated web scraping of reliable282

content from the Todos Contam website, followed by the construction of a chatbot using283

a Retrieval-Augmented Generation (RAG) architecture. Leveraging tools like Langchain,284

OpenAI models, Pinecone, and Streamlit, we created an interactive system capable of285

answering user queries based on the curated financial knowledge base.286

The evaluation demonstrated the chatbot’s effectiveness within its defined scope. It287

successfully addressed a diverse set of 48 questions across key financial themes, either by288

providing accurate information derived strictly from the source material or by correctly289

identifying when the requested information was unavailable in its knowledge base. This290

highlights the system’s fidelity to the reliable source and its adherence to operational291

instructions, crucial aspects for building trust in AI-driven financial tools.292

In conclusion, this work demonstrates the viability of using a RAG-based chatbot,293

grounded in verified information sources, as a tool to promote financial literacy. By providing294

accessible, reliable, and interactive financial education, such systems hold significant potential295

to empower individuals and contribute to better financial well-being. The emphasis on using296

curated, trustworthy data sources is paramount when developing AI applications for sensitive297

domains like personal finance.298
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