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1 Introduction

In this article, it is assumed that we want to analyse a set of data stored in a fictitious company
dating back many years and extract valuable information for the company. Data analysis is of
paramount importance for any company that stores large amounts of raw data in its databases over
several years. Processing and analysing raw data can yield many business, strategic and operational
benefits, helping companies to make more accurate and faster decisions. In this article, we show
how the implementation of data analysis using generative artificial intelligence is possible without
the user needing to be familiar with the operation of the specific database system and its query
language.

Generative artificial intelligence has become a subject of considerable scientific interest in
recent years, with the emergence can be used to solve more complex problems than ever before. In
addition to generating general text, images, sound and video, large language models are now
capable of generating e.g. SQL scripts, which allows integration with a relational database. This
capability of LLMs can be exploited to generate queries to be interpreted by the relational database
from a user-specified query.

The integration of a relational database and LLM is challenging to be implemented directly, but
this problem can be overcome by using the Model Context Protocol (MCP) announced in November
2024. MCP aims to unify the communication between Al models and external data sources.

In this article, we first present the theoretical background necessary for understanding, outline
the high-level implementation of our solution, and then the concrete implementation. Finally, the
validation of the resulting system and the results obtained are to be established.

2 Theoretical background

This chapter presents the theoretical knowledge essential to understand how the planned
system works.
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2.1 Generative Al

Generative Atrtificial Intelligence (Gen Al) is one of the most dynamically evolving branches of
Artificial Intelligence, with the primary goal of generating content. This content is not only be text-
based, but can also be generated using images, video or sound.

The real breakthrough in the evolution of large language models, was caused by the
presentation of transformer architecture in Vaswani et al.'s paper [1], creating the basis of today's
modern LLMs. The transformer revolutionized natural language processing by enabling models to
handle long-range correlations and efficient parallel processing. The next important achievement
presented by Devlin and co-authors is the BERT model [2], which can produce deep bidirectional
language representations from unlabeled text. BERT significantly outperforms the original
transformer architecture on general language understanding tasks such as question answering and
text interpretation. Brown and his co-authors presented a paper [3] on GPT-3, which has now worked
with 175 billion parameters. GPT-3's architecture retains the basic elements of the transformer, but
it is the large scaling and autoregressive design that make it revolutionary, especially in creative
tasks. At the time, it was the largest language model ever to demonstrate that increasing the number
of parameters radically improves the efficiency of learning from a few examples.

The survey studies [4] [5] published in the last few years provide a comprehensive picture of
the development of LLMs, their architecture, training methods, applications and future research
directions.

Modern LLMs are not only capable of generating natural text, but can also be used to generate
code in various programming languages, generate complex SQL statements, etc. In this article, we
will exploit this feature of LLMs, which is to generate correct and complex SQL statements from
natural language queries.

2.2 Model context protocol

The Model Context Protocol (MCP) [6] is an open standard and protocol introduced by
Anthropic in November 2024. Its purpose is to unify the communication between Al applications (e.g.
LLM) and external data sources and tools. It will allow to create a client-server architecture between
the Al system and the data source covered by the MCP, where Al will act as client and MCP as
server. The single interface provided by MCP is designed to simplify communication between Al
systems. In MCP, the concepts of tool, prompt and resource are core components of the protocol,
which play different roles in the interaction between Al models and external systems. A tool is an
executable function or operation provided by MCP servers. Prompts are predefined templates,
managed by the user that help the Al model to make optimal use of tools or resources. Resource is
a data source or content made available by the MCP servers for clients to read.

3 High-level system architecture

As mentioned in the introduction of the theoretical background, MCP is a new standard that
helps Al agents to access different data sources such as databases, APIs, etc. When using MCP,
three important participants can be distinguished: host, client and server. The host computer will run
the client (even more than one, e.g. several chatbots) and these clients will connect to one or more
MCP servers via MCP protocol. The MCP server will be responsible for integration with the data
source, where the latter can be e.g. a relational database, web server, locally stored files, etc. The
data provided by the MCP server will eventually be passed to Gen Al, which can produce the most
accurate answer possible by augmenting the original question posed by the user with the information
in the data source.

The figure below shows the interaction between Gen Al and MCP server.
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Figure 1. MCP architecture: The relational database contains the data required for queries, which
the MCP server accesses using a technical user. The tools recommended by the MCP server are
automatically discovered and used by Generic Al. Processing and generation are performed by
LLM running in the cloud.

As mentioned earlier, the MCP protocol consists of three parts: tool, prompt and resource. In
this article, we assume that using only the tool is sufficient for the MCP server design, and that
expected results can be obtained by implementing only two generic tools. The first tool is responsible
for querying the structure of the tables in the database, and the second one is able to handle and
execute all SQL statements coming from Gen Al.

4 Implementation

This chapter describes the elements used for the specific implementation that creates the
system described in the previous chapter.

4.1 Database

The database included in the system will be provided by the Northwind sample database
published by Microsoft. Northwind models the operations of a fictional company, Northwind Trades,
which is engaged in the trade of exotic food products. The example database actually stores data
from a typical ERP system, such as customers, suppliers, products and categories, customer orders,
suppliers, employees, etc. Order data is stored at roughly two-year intervals, from 1996 to 1998.

4.2 Gen Al

For the implementation, we chose Claude Al's advanced generative artificial intelligence (Al)
chatbot, developed by Anthropic. It aims at providing natural, human-like text and multimodal (text,
image, voice) interactions. We want to take advantage of two main features, one is the large context
window and the other is the customizable integration options. The former allows for larger amounts
of content to be handled, the integration options include support for MCP server. At the time of writing
this paper, we were using Claude 4 Sonnet model, which allowed us to generate fast and detailed
responses.

4.3 Al Client

The Al client in the system is Claude Desktop, which is also a desktop application developed
by Anthropic, allowing us to directly use the Claude Al models running in the cloud. Besides being
able to have a text dialogue with the user, it can control the host computer. For us, the Claude
desktop is important because of its customisability and its integration with hosted systems. We can
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register up to several MCP servers in the configuration file (claude_desktop_config.json) that comes
with the application, so we can supplement the general knowledge provided by Claude with data
from our own dataset.

4.4 MCP server

Our own MCP server was implemented in dotnet core and the ModelContextProtocol Nuget
package was used for the implementation. Two tools were defined, which in practice means one
function per level:

- GetDatabaseSchema

- ExecuteQuery

GetDatabaseSchema is a tool without input parameters that connects to the database and
retrieves its meta-information. Output is table data returned in json format with attribute names,
attribute types.

The ExecuteQuery tool is responsible for general SQL command execution, where the input
to the function is an SQL command, which can be a query or a data modification. Successful
operation execution returns the result of the statement also in json format to the caller.

It is worth noting that this solution can lead to data loss or loss of the entire data set in case of
inappropriate permissions. Taking this into account, it is advisable to connect the MCP server to the
relational database with the most restricted technical user possible, in order to prevent e.g. schema
deletion or modification. In addition, we can limit the deletion of records, depending on the usage,
we can also allow queries only, without changing the tool, but limiting the privileges of the technical
user of the database. Further security considerations such as transaction boundaries, text to SQL
generation and execution need to be examined, but these issues will not be discussed in this article.

5 Validation and results

Simple and complex queries and modifications have been defined to check the functioning of
the system. By simple operation execution, we mean that a single SQL command is generated in
response to a user query. For complex queries, it is assumed that several SQL commands are
required to compile the correct answer. It is important to note that token usage, response times, and
context window limits were not examined during testing.

The prompts we selected and used to check the correctness of the system are:

5.1 Prompt1
Can you access the Northwind database? What tables are in the database?
The first question enquired whether Claude Al could reach the relational database on the host

machine through the MCP server. If so, query what tables and columns are in the database.
Generative Al successfully located the GetDatabaseSchema tool and displayed the tables.

5.2 Prompt 2

Query the id, name and unit price of the products. Display the result in a table.

We want to query products by selecting three attributes from the products table and display
the result in a table.

In this case, since the database schema was already known, we simply used the
ExecuteQuery tool and retrieved the necessary data from the database. The result of the query was
displayed in an HTML table, along with basic descriptive statistics based on the resulting dataset.

5.3 Prompt 3

Find out how much revenue the company had each year and summarise the results in a
markdown table.
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Based on the orders recorded in the database, we would like to produce statistics broken down
by year.

Claude has correctly identified that tables of orders and order items will be required for the
query and has correctly generated a grouping operation. In addition, he ran two more SQL queries
(three in total) to better understand the data set, and found that there was no ordering data for a full
year in 1996 and 1998.

5.4 Prompt4

What products are in short supply and should you order more?

For products, we store in the database how many items are in stock and how many are needed.
From these two pieces of information, it is possible to determine whether a product needs to be
ordered.

During the question execution location identified which two attributes of the products table
should be considered. It generated a piece of SQL query and sorted the result into two groups of
urgent and high priority on its own.

5.5 Prompt 5
How many orders delivered by Speedy Express per year?
We filter the orders for a specific supplier and calculate the number of orders.
The first SQL query determined the ID of the supplier company, then the next query grouped

the number of orders by year based on the ID and calculated the number of orders shipped by the
company in question in each year.

5.6 Prompt 6
What is the average monthly revenue generated by each employee and what is the variation?
First, a SQL join was generated, where employee, order and order items were queried by

employee on a monthly basis. It then calculated descriptive statistics for all employees by executing
another SQL command.

5.7 Prompt7
Which customers have reduced their ordering frequency in the last 6 months?
In the first generated query, the earliest and latest order dates were calculated, this was
necessary to be able to interpret the last 6 months of text. Based on the last order date, it could now

query customers who had no orders in the specified interval or who had reduced their order volume
by a large amount (minimum 50%).

5.8 Prompt 8
Which country has the highest customer churn rate?

This is a very similar exercise to the previous query, except that you need to group customers
by country. The calculated results are displayed in descending order by dropout value.

5.9 Prompt 9
Estimate the customer lifetime value (CLTV) for the customer with ID SAVEA.

In this task, we want to define a CLTV value for a specific customer (SAVEA). The CLTV, or
customer lifetime value, is a business metric that shows how much revenue a particular customer
generates for a business over the lifetime of the customer relationship. In other words, it expresses
how much money a customer is expected to spend with the company during the time he or she
remains a customer.
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The first query generated collects all the information needed to calculate the CLTV, such as
the number of orders placed by the customer, order dates, total revenue. Then, based on these
orders, it calculated the order frequency and wrote two more queries about the customer's orders.
Finally, it displayed the calculated values, created a short summary about the customer and
calculated the expected revenue from the customer for 3 and 5 years.

5.10 Prompt 10

A customer with AROUT ID would like to order 10 pieces of Chai and 5 pieces of Aniseed
Syrup. It should be delivered to 6000 Kecskemét Izsaki ut 10 by Speedy Express. Please place the
order with the employee ID of Robert King.

As a last prompt, we implemented an employee's order taking, where the products and delivery
details are to be entered into the database according to the instruction.

The SQL statements generated for the implementation queried Robert King's employee 1D,
the ID of the two products mentioned in the prompt, and the ID of the delivery company Speedy
Express. It then entered the order and the order items into the database, and finally ran a query to
verify that the order had been successfully recorded.

5.11 Summary of the results

The questions formulated above were handled correctly by Claude Sonnet 4 using model MCP
tools, answering each question based on the data in the database on the host machine. Depending
on the query, one or more SQL commands were generated, these commands were checked one by
one and the database data content was also checked.

No problems have occurred concerning the response times to the questions or with the context
window being too large.

6 Conclusion

In our article, we presented a system based on Generative Al to perform data analysis from a
locally hosted database. The system is powered by the MCP protocol presented by Anthropic, which
greatly simplifies the communication between the participants. Between Generative Al and the
database, we created a custom MCP server by defining two tools. We checked the system's
operation with predefined prompts, where we concluded that the system generated appropriate
answers to the questions asked, supplemented with information from the database.
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