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Abstract

Customer Relationship Management (CRM) solutions increasingly integrate Al
chatbots. The requirements for information retrieval are complex, making the
selection of the optimal database type critical. This thesis analyzes how different
database types compare in their retrieval capabilities within a CRM context. To
solve the initiating problem we constructed two research questions. The first
RQ examines how CRM system requirements shape the implementation of an
chatbot. Our second RQ investigates the performance differences between al-
ternative database types based on the system requirements.

In our first phase we conducted interviews with stakeholders to gain insight into
use cases and system requirements. These insights were utilized in Phase 2 that
was an experimental phase over four iterations in which each completed iteration
was evaluated and new exploratory ideas were carried on.

The results demonstrated that while graph databases generally delivered strong
overall performance and high accuracy by utilizing graph traversal, vector databases
outperformed them in certain scenarios specifically on retrieval from unstruc-
tured data and semantic prompts.

These findings suggest that a combined approach with a graph and vector database
is a suitable choice for this context. The evaluation demonstrates that minimiz-
ing tool calls is the most critical factor for designing an efficient retriever. Since
the context must be repeatedly transmitted back and forth with each tool call,
excessive calls significantly degrade overall performance and latency.

Keywords: Retrieval Augmented Generation, Graph Database, Vector Database, Chat-
bot, Customer Relationship Management, Model Context Protocol, Large Language
Models
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Chapter 1

Introduction

This thesis was carried out at Lime Technologies (Lime), a Swedish tech company currently
investing in Al. At the beginning of this thesis, their Al team was working on integrating
both AT agents and an Al driven chatbot into Lime’s CRM system. However, there is an
uncertainty regarding whether they should adopt alternative database types as opposed to
their current SQL structure. Our research will contribute to the technical understanding
of how different database types that utilize Retrieval Augmented Generation (RAG) and
the Model Context Protocol (MCP) can be part of future solutions for Lime’s unique data
structures, as well as other companies with similar data structures, goals, and challenges.

This thesis will address the challenges and opportunities of alternative database types for a
chatbot integrated in a CRM system developed by Lime. This was prompted by the initiat-
ing problem of whether migrating towards alternative database types as opposed to Lime’s
current SQL database could be beneficial for their Al development. This thesis also inves-
tigates how MCP and RAG can be incorporated. These techniques were chosen based on
their re]atively new introduction to the Al domain, as well as the mutual interest in them
from the stakeholders of this thesis. Alchough there is a great deal of contemporary research
on these techniques, their applicable capabilities and implementation possibilities for CRM
data structures can provide new insights into that field.

This thesis builds on current research of how different database types can be useful for Al
solutions and how this connects to a CRM system perspective. To answer this, we constructed
two RQs. The first RQ examines the system requirements that define the implementation
of a CRM integrated chatbot. Our second RQ will evaluate alternative database types given
the context and compare them based on the system requirements gathered from the first RQ.

The approach for this thesis was iteratively experimental in order to generate broad insights
in our research field. We conducted experiments over four iterations in which each completed




1. INTRODUCTION

iteration was evaluated and new exploratory ideas were carried on. This approach made
future experimenta] choices simp]er and allowed for ﬂexibility throughout the thesis.

Our RQs allow us to solve the initiating problem by generating use cases and system require-
ments to guide the database experiments. These experiments were evaluated against each
other based on performance metrics obtained from the system requirements. The results of
the evaluation will provide quantitative guidance on different solutions that Lime can utilize
in their chatbot development.

This thesis is structured into six chapters. In Chapter 2, we give underlying background
information that relates to the initiating problem, as well as our research questions, method-
ology, and theoretical foundation. In Chapter 3, we present the results of our first research
question that addresses use cases and system requirements. Chapter 4 presents the results
and details of our four experiments. In Chapter 5, we reflect on our methodology, discuss
our results, bring related work into this thesis context, and lastly propose future work. Our
last chapter concludes our findings and insights that emerged from this thesis.




Chapter 2

Background

To understand the context surrounding this thesis, there are several areas that need to be
clarified. Without a clarification it is difficult to understand why specific decisions were
taken and the motivation for them. Therefore, by presenting and motivating our background
we ensure a shared vision of what this thesis intends to accomplish.

This chapter will begin with an introduction of the company, followed by a presentation
and analysis of the problem that prompted our research questions. Then the methodology
of this project will be described and motivated. Lastly, the theoretical foundation on which
this project was built will be presented.

2.1 Lime Technologies

There are several technical challenges related to enterprise software and the Lime CRM sys-
tem brings their own unique constraints and possibilities that impact development. There-
fore, understanding the context surrounding the technical cha]]enges at Lime is important as
they define the research and decisions taken in this thesis. By understanding these challenges
we ensure that our research is coherent with the technical context at Lime.

We start by briefly introducing the company, followed by Lime’s CRM system which is the
product in which the work of this thesis is carried out, and lastly, give an insight into the
current state of the Al projects at Lime.

2.1.1 History and Product

Lime is a Lund based Software-as-a-Service company with around 500 employees that was

founded in 1990 with the original name of Lundalogik. Their primary product is a CRM
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2. BACKGROUND

system, which is the product we will be working on during this thesis. The CRM system
assists in managing all the interactions with customers, by compiling and presenting data
from different communication channels that are integrated in the system, and also automates
processes that would have to be done manually otherwise.

The CRM system developed by Lime is designed to be highly modular and adaptable as a core
design principle from the start. This means that the product can change in visual appearance,
system behavior, and database structure. They achieve these custom-built solutions by hav-
ing Lime’s application consultants build the solution for their customers with the adaptable
building blocks that Lime has developed and additional custom implementations to suit each
customer’s special requests. Lime’s process is comparable to building with Lego, where their
engineers create Lego blocks and then have their application consultants put them together
based on the customer’s configuration.

2.1.2 Al at Lime

The rise of Al in recent years has resulted in increased demands from Lime’s customers for
Al integration in the CRM system. At the beginning of this thesis, Lime lacked integrated
Al features in their CRM systems. In order to stay relevant and contemporary with their
competitors, Lime was pushing for Al solutions that meet customers demands. Currently,
they have two ongoing features, a simple chat service with limited contextual knowledge,
and tools to create workflow agents that can automate tasks such as summarizing or creating
titles.

The objective of the team is to integrate Al features into the system that brings real value
to customers. A feature requested by stakeholders is a chatbot with contextual awareness
and the possibility of tool use. However, there are several challenges and pitfalls that the
chatbot will need to overcome in order to retrieve information from customer databases in
an efficient and correct way.

2.2 Problem Analysis

Following the overview of the company context and the current Al environment at Lime,
it is necessary to convert these general observations into the initiating problem that this
thesis aims to resolve. Without a clearly defined problem, it is difficult to go from general
understanding to focused analysis.

Consequently, this section will present the initiating problem and describe its connection to
the surrounding context. Finally, the initiating problem will be developed into RQs that this
thesis will answer.

At the beginning of this thesis, the Lime CRM system did not offer extensive Al solutions.
This has been a business decision, as Lime has chosen not to be an early adopter. However,
customers are increasingly pushing Lime to invest in Al as the lack of such functionality can
become a deal breaker for some when choosing a CRM system. Therefore, to stay relevant
and competitive, Lime has invested heavily in the development of Al solutions within its

CRM system.
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2.3 METHODOLOGY

An area of interest at Lime has been GPT-based technologies, which has prompted the com-
pany to explore the potential of an integrated chatbot. At the beginning of this thesis, Lime’s
chatbot was in early development and offered limited functionality. It operated only on one
object within the CRM system and lacked system-wide retrieval, which restricted its capa-
bilities. Additionally, the chatbot lacked proper tool use through its MCP server, further
limiting its performance.

In the future, Lime plans to develop a chatbot that has the power to access and retrieve data
from the entire CRM system. Achieving this requires the ability to retrieve the correct data
from the database. However, Lime’s current SQL database structure is not nacurally suitable
for RAG-based retrieval, making the topic a central investigation point within the Al team.
Lime therefore questions whether other database types might better support the chatbot.

However, evaluating database types is not a purely technical exercise, it is heavily dependent
on the complexity of the retrieval use cases. A database that performs well for simple retrieval
might fail when faced with multi-layered, relational queries.

Therefore, the purpose of our research is centered on two parts. The first part concerns
the system requirements that define the implementation of the chatbot. Understanding the
Lime environment will shape the chatbot’s possibilities and place it in a realistic and context-
speciﬁc environment. By studying customer scenarios, the system requirements can also be
refined to better address Lime-specific challenges. The second part involves exploring dif-
ferent database types to determine whether current solutions are suitable for a chatbot or if
other options are more viable.

Research Questions

To address the core problems and knowledge gap at Lime in their Al mission, the following
research questions were formulated from our problem stacement:

RQ1: What system requirements define the implementation of a text-based chatbot using an
off-the-shelf LLM in the Lime CRM solution?

RQla: What use case scenarios exist and how do they shape the system requirements?
RQ1b: How does the Lime CRM system structure influence the system requirements?

RQ2: How do different database types compare in terms of performance, accuracy, and scal-
ability when used for data retrieval, regarding the system requirements.

2.3 Methodology

To address the RQs, this study employs a two-phase methodology. Phase 1 focuses on es-
tablishing a foundation by uncovering system requirements through stakeholder interviews
and generating use cases for the study. Building on this foundation, Phase 2 consists of an
iterative experimental approach to evaluate the comparative performance of database types
and retrieval techniques. By structuring the methodology in this way, the use cases and sys-
tem requirements identified in the first phase directly shape the technical explorations of the
second phase.

11



2. BACKGROUND

This section details the interview methods used in Phase 1, followed by a comprehensive
description of the experimental design utilized in Phase 2.

2.3.1 Phase 1 - RQ1

Estab]ishing the answer to the first research question (RQ1) was critical to this study, as
the identified system requirements directly influenced the exploratory work in Phase 2 and
grounded the experiments within the Lime context. Without proper system requirements,
we would lack a method to conclude whether our experiments successfully addressed the
initiating problem. Consequently, this section discusses the methodology used to answer
RQ1 and its sub-questions. We utilized a two-stage interview approach, first conducting
general interviews to gain a basic understanding of Lime’s Al mission, followed by technical
interviews to derive specific insights into how the Al team viewed the requirements for the
chatbot.

Since the chatbot was in early development and no usage data was available there were lim-
ited options for us to gather information surrounding the Al products. We adopted semi-
structured interviews with company stakeholders as the primary method to gain information
about Lime’s Al mission and to answer RQla. The interviews were roughly 30 minutes each
and we chose to focus on three key areas: What is the Lime Al mission? How do different
stakeholders view AI? What are interesting use cases for Al at Lime? By understanding these
questions, we will have well motivated use cases going forward and ground any experiments
in Phase 2 on these interviews. To ensure that we capture all critical insights, the initial in-
terviews were transcribed and analyzed. Any identified knowledge gaps were then used to
shape the subsequent technical interviews, allowing for a more complete understanding of
the stakeholder’s and the company’s perspectives.

Since the initial interviews were broader and did not include the AI team, we needed a
deeper technical understanding to ground our research with technical feasibility and close
the knowledge gaps from the initial interviews. The Lime Al team consisted of software engi-
neers and the Al product owner, with whom we discussed to ensure a complete understanding
of the Al project at Lime. These interviews provided valuable insight into which evaluation
parameters were highest priority as well as their wishes for what the chatbot should be able
to do and technical areas of interest that we could consider exploring. Our discussions also
involved how certain areas of the Lime CRM system were more or less suitable for certain
retrieval methods, such as the benefits of vectorization for certain Lime objects that carry
larger amounts of semantic data. These interviews were not as structured as the initial ones
and consisted of discussions with technical stakeholders.

12



2.3 METHODOLOGY

In Figure 2.1 the first phase presents the process of generating use cases and system require-
ments by conducting two sets of interviews. As the same figure suggests, these findings would
help ground the experiments in Phase 2.

r A e N

Phase 1 Phase 2

Evaluation Parameters

Experiment Framework

Test Framework

Experiments

(oo )——

Use Cases

System Requirements
J N J

Technical Interviews

I\

Figure 2.1: Overview of the method

2.3.2 Phase 2 - RQ2

To address RQ2, Phase 2 was designed as an iterative exploratory phase examining the com-
parative perfbrmance of different database types and retriever techniques. This phase directly
responded to the knowledge gap identified in the initial problem analysis, which was a lack
of understanding of alternative database types and retrieval methods for the chatbot. Our
experimental approach concluded the specific results of each database type in relation to the
evaluation parameters established in Phase 1, thus providing guidance for database selection
decisions at Lime.

The exploratory phase followed an iterative experimental design as illustrated in Figure
where the findings of each experiment shaped subsequent iterations. This adaptive method-
ology allowed efficient exploration of alternative techniques without an excessive time in-
vestment in less promising approaches. The phase consisted of four stages that progressively
evolved toward a comprehensive understanding of database and retriever performance char-
acteristics.

We began by developing a modular framework designed to facilitate seamless component
substitution for our iterations. The framework architecture allowed rep]acements of MCP
servers, connected database instances, and retriever implementations. To validate that the
framework met project requirements, we implemented a small-scale graph database with a
corresponding retriever and conducted initial validation manually through the chat interface
to ensure basic functionality.

Following framework validation, we developed an automated testing framework to enable
systematic evaluation across iterations. The testing framework was designed to collect and
visualize data according to the evaluation parameters established in Phase 1, which enabled
quantitative comparison across different database configurations. We prioritized automarted
testing after the initial iteration to balance early validation needs with the requirement for a
more extensive comparative evaluation in later experiments, without manual review for each
test case.

The experimental phase consisted of independent, time-boxed iterations. Each iteration ex-
periment was conducted by selecting database types or retriever techniques to further inves-

13



2. BACKGROUND

tigate based on previous findings. The experiment was implemented within the framework
and an automated test suite shaped specifically for the experiment was executed. Performance
was then evaluated against the evaluation parameters and we decided the scope and focus of
the next iteration. Throughout this process, the experiments explored different database
types such as vector databases, graph databases, and retrieval techniques.

The final iteration served as a culminating experiment combining techniques and databases
identified in earlier iterations. This culminating experiment evaluated the performance of a
retrieval system integrating multiple database types and compared this integrated approach
to the isolated retrieval methods tested in previous iterations. The goal was to assess whether
combining techniques yielded benefits or introduced complexity costs. That would inform
Lime’s decision to decide between deploying a unified multi-database architecture or select-
ing a single database type. This adaptive and findings-driven approach enabled efficient
exploration of possible solutions while maintaining proper evaluation through automated
testing and structured evaluation of each iteration.

2.4 Theoretical Foundation

To evaluate the chatbor, it is necessary to understand the capabilities and architectural con-
straints of the underlying technology within the CRM environment. The purpose of this
section is to establish a shared technical baseline on the specific components included in this
thesis. This theoretical foundation is essential for the reader to critically assess the design
choices later in this thesis.

This section introduces the general characteristics of LLMs. Then we introduce the char-
acteristics of RAG and how the MCP can be utilized for tool usage. Finally, we define the
distinct characteristics of relational, vector, and graph dacabases.

2.4.1 Large Language Models

Introduction to LLMs

The LLMs used in this thesis are based on decoder-only architecture trained through next-
word prediction, where the model learns to predict the next word based on preceding context
[15 17, 23]. Training datasets consist of billions of words collected primarily from publicly
available sources [17].

The additional functionalities in LLMs that go beyond language prediction are called emer-
gent properties that arise from increasing model parameters. It is defined by properties that
are not shown in small models. The new properties of the LLM cannot be predicted but
are observed only after a critical scale is reached. After reaching the critical scale, the per-
formance increases linearly for that task. Properties that are shown to follow the emergent
properties are complex skills such as mathematical reasoning or multi-step processes [17].

The performance of LLMs depends on three factors, the number of parameters, the size of
the dataset on which it is trained, and the amount of computing used for training [12][17].
Performance is linked to the scale of the LLM which leads to a contentious increase of size for

14



2.4 THEORETICAL FOUNDATION

cach new model trained. The LLM training process is very expensive and the total training
cost of GPT-4 (hardware and energy) was above 40 million USD [4].

Limitations of LLMs

Hallucination is the most widely known limitation of LLMs. So far, LLMs have been trained
to create coherent and predietab]e text, but there is no a]gorit}rm that forces the generated
text to be factually accurate [T1]. There are two types of hallucination, a model can be factually
wrong that means responding with an incorrect answer, or it can be faithfulness wrong, that
means that the LLM does not follow the instructions or context provided by the user [17].

A fundamental limitation of LLMs is their knowledge cut-off date. Because the models are
not trained on data generated after this date, they lack awareness of recent events and updated
information. When asked about recent topics, the LLM is prone to hallucinating responses
126].

Negative biases towards minority groups have been seen in LLMs, this is a result of the
datasets the LLMs are trained on. This demonstrates that it is important to exclude sources
of poor quality from the training dataset. There are also other types of bias present in LLMs,
the large size of training data from US results in a bias towards it in LLMs. There are efforts
to create methods to de-bias the models after training, but they have not reached a sufficient

level yet [17].

A problem with LLMs is that their knowledge is limited in specific knowledge domains.
A domain could be medicine or internal information about an organization. This derives
from training datasets consisting primarily of public information. That public data lacks the
specificity required for specific domains [15].

With the connection between scale and performance, the drive to increase the datasets of
human-generated text data will soon include all public human text data. After that, the
further increase of the dataset is unclear and widely discussed [25]. There are actempts to
train LLMs with synthetic text data, which means that the data are created by an LLM but in
several cases it has resulted in a substantial decrease in performance and the model forgetting

skills it previously knew [17].

2.4.2 Model Context Protocol

The Model Context Protocol (MCP) is an open source protocol developed by Anthropic
that allows compatible LLMs to perform tasks by enabling custom access to external tools
and resources that one incorporates [16]. Before the release of MCP applications, APIs were
required to connect directly to the Al app]ication. This process becomes increasingly com-
plicated as you add more tools or resources. This in turn limits scalability and adds to its
underlying complexity [9]. This problem led to the development of MCP which solves the
underlying issues by introducing a universal protocol that eliminates the need for custom
API integration. In Figure the difference between performing API connections to Al
applications with and without MCP is shown. This overview also highlights some of the
architecture that enables the capabilities of MCP.

15



2. BACKGROUND

There are three core components that the MCP architecture incorporates: the MCP host,
MCP client and MCP server. Together, they provide a variety of capabilities, but an appro-
priate example for this thesis is the facilitation of tools. A typical interaction between the
components is that an application, such as Claude Desktop or a chatbot acts as a host that
the user interacts with. The host contains an MCP client that manages connections to one
or more MCP servers. The LLM, running within or accessed by the host, can then invoke
these servers through the client to access their Capabiiities. The MCP servers themselves are
independent programs that facilitate certain eapabilities, such as tools [16, 9].

Without MCP o With McpP . -
AT Application | AT Application (MCP Client)
Iy

/ \ ' Meodel Context Protocol
Specific API . \S ecific API
P T Specific AP 1 MCP Server
VS. i
\ Specific APL Specific API '\\S}zﬂc APL
e e e it it e e L
v

1

I

= Database] [ Local Files] H
= '
1

I

E [@Web Services} [

External Tools and Resources

S I

@) !

[@Web Services} ;,?-'3 Database] [ Local Files] H
= !

i

]

External Tools and Resources

_________________________________________

Figure 2.2: Overview of the MCP architecture (reproduced from [9]).

2.4.3 Retrieval-Augmented Generation

Retrieval-augmented generation is a technique to handle the inherent limitations of LLMs,
which has a tendency to hallucinate, especially in domain specific context that the model was
not trained on. RAG was first introduced by Facebook Al in 2020, later re-branded as Meta
Al and has been a highly studied technique since [I3][1]. RAG is one of the solutions that
has shown promising results in reducing the tendency of LLMs to hallucinate by introducing
up-to-date knowledge without additional training [7]. In this section, we will introduce how
RAG achieves this and the components needed.

From a surface-level perspective, RAG is a very easy solution to understand, it adds context
to the prompt written by the user to give contextual know]edge to the LLM. To perform this
task, traditional RAG is built on two components that together store, locate, and produce
the context required to answer the current question.

The first step to implement a RAG solution is to collect the information that should be
part of the knowledge base. The information selected to be part of the additional contextual
knowiedge is converted into text format. After that, all text is divided into chunks of smaller
text sections and processed by an embedding model that creates a vector representation of
the text chunks. The vector is then stored in a database based on the vector representation

[17].

After a database with the required know]edge base is impiemented, the next step is to retrieve
the most relevant text chunks. That is performed when the user requests a query, using the
same embedding model on the user query, the most relevant text chunks can be located with
a proximity check between the vector representation of the user query and the text chunks
located in the database [17].

The retrieved text chunks are then included in the user query, with this solution the LLM gets
additional information about the user query directly into the prompt. One of the benefits

16



2.4 THEORETICAL FOUNDATION

of RAG is that no additional LLM training is required to introduce new domain-specific
knowledge [7].

2.4.4 Databases

To grasp the scope of this thesis, one must understand the underlying foundations of different
database types and the structures they store. A database’s configuration dictates its suitabil-
ity for various data retrieval approaches. This section explores this relationship, beginning
with an introduction to Lime’s current database architecture and retrieval methods. We then
present information on alternative database types, specifically focusing on those best suited
for integration with LLMs.

Databases at Lime

Each of the Lime’s customers has a custom database that is created according to the require-
ment of that solution. Due to the adaptive nature of CRM solutions, the database config-
uration is modified to fulfill certain solution requirements. The current database type for
solutions at Lime is an SQL database, but the user communicates with the database with a
custom transpiler called Lime query instead of SQL queries [22]. With Lime looking more
into integrating Al solutions, it becomes natural to reflect on whether the relational database
with a custom middle layer is well suited for Al integration, which was what initiated this
thesis, as stated in the initial problem.

Graph database

The concept of graph databases originates from graph theory that represents data as nodes
(vertices) and edges (relationships). Directed relationships indicate how two nodes are con-
nected and add semantic value to the graph. For example, two nodes representing a teacher
and a school could have a directed relationship from the teacher to the school that displays
WORKS AT. The different nodes can also have descriptive properties such as physics teacher

or university which adds further value to the semantic interpretation of the node [14].

In a graph database, both the nodes and the relationships can store data, for example, the
relationship WORKS AT could include the salary and the start date of the employment. In a
dataset that includes many relations graph databases are well suited [14].

Vector database

Vector databases are designed to store vector embeddings that are representations of data.
This design enables efficient storage and retrieval of unstructured data. The use cases for
vector databases can be to store text segments that can be searched with semantically similar
text for retrieval [20].

Vector embedding is the central part of a vector database, it’s the algorithm that creates
the vector from the data that is stored in the database. A vector embedding is a numerical
representation that can be performed on multiple types of data. The embedding captures
the semantics from the data and allows for searching on vectors that are similar. The same
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embedding method is used for the retrieval, and the corresponding vector embedding is used
to retrieve the most similar items from the database [21].

18



Chapter 3

Phase 1: Establishing the System Require-

ments

In order to evaluate the databases in the experiments conducted in Phase 2, use cases and
system requirements were necessary. Without them, the experiments cannot be grounded
in the initiating problem. Gathering the use cases required broad interviews with appropri-
ate stakeholders knowledgeable in customer expectations and Lime’s Al vision, followed by
generating system requirements to apply on the Lime CRM system and generate evaluation
parameters that could benchmark the experiments.

In this chapter, we present the results of the first phase of the research. We begin by present-
ing the findings from the initial interviews and the technical focused interviews with key
stakeholders associated with Lime’s Al mission. Lastly, we summarize the system require-
ments and present the evaluation parameters for Phase 2.

3.1 Initial Interviews

Since the chatbot was a project in early development, there was no fixed specification or scope
to guide it. This was important because the lack of clarity pushed us to pursue a clearer grasp
of expectations and general company wishes. To bridge this knowledge gap, it was necessary
to gain a comprehensive understanding of the Lime CRM ecosystem and how stakehold-
ers envision an integrated chatbot. This foundational knowledge was key in grounding the
project in practical, real-world applications. This became important to ensure that the re-
search aligned with the Lime Al vision. Therefore, we conducted initial interviews to gain
broad insight into what functionality Lime wants to achieve with the chatbot.

From the interviews, we understood that there was no consensus of what functionality stake-
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3. PHASE 1: ESTABLISHING THE SYSTEM REQUIREMENTS

holders expected. This was mostly due to that different stakeholders at Lime had different
perspectives and technical understandings. For example, employees in the sales department
had experience working with the CRM on a daily basis, selling the product, and knowledge
of what Al features the customers want. While employees from the marketing team con-
tributed knowledge of what functions would be good for marketing and align with Lime’s
public image.

After analyzing the interview transcripts, three general types of functionalities could be con-
cluded from the combined interest of the stakeholders.

. Retrieval from documents

A specific request was for data retrieval from documents which are objects inside the
CRM system. Users commonly have documents, such as contracts, product images, etc.
saved. Implementing retrieval that can perform various tasks on these documents was
commonly brought up during the interviews, ideas of creating summaries and drafting
new documents could be interesting use cases.

+ Create and send email

A more concrete and practical request for the chatbot was to assist with time consum-
ing daily email tasks. A salesman specifically mentioned the tedious tasks of creating
customer focused emails, synonymous with the Lime brand, repeatedly on a daily basis.

+ Internal LLM integration

Whilst discussing more with stakeholders who were familiar with Al and chatbots in
particular, they expressed the benefits they saw in effectively combining their work
with LLMs. This led to discussions about whether it would be better for employees to
use chatbots within the CRM to avoid copy pasting information between the CRM and
an LLM. This is similar in theory to what Lime was already trying to do for customers,
but the difference being this solution focusing on internal work at Lime and training
an LLM towards making customer communication more effective.

This information became useful in our discussions with the technical stakeholders, but also
to reflect on the scope as it would become quite wide if not limited. Some of the ideas were
less concrete, which was not optimal. However, these ideas became the starting point for the
technical interviews and guided us to decide areas of interest.

3.2 Technical Interviews

Although the initial interviews discussed potential use cases for the chatbot, they did not
provide detailed information about the current technical state of the chatbot and how the
Al team envisioned it. This becomes important because the scope of the research had to be
focused to avoid the risk of missing technical factors that should be included in the scope.
Therefore, this section presents the results of our interviews with technical stakeholders to
understand the Lime CRM landscape and also presents how that aligned the expectations on
the project scope.
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Based on the list of general types of functionality identified in the initial interviews and with
a primary focus on retrieval, we determined which user scenarios were the most relevant to
our research. These scenarios were then further discussed with the Al project owner. This
step ensured that our study’s starting point was aligned with the broader Al initiative and
focused on the most significant areas.

These technical discussions confirmed two primary areas for further analysis regarding re-
trieval capabilities. Firstly, the SQL database contains numerous objects. Analyzing methods
to retrieve these objects could significantly enhance the LLM’s contextual awareness. Sec-
ondly, the CRM solution stores documents from different sources, ranging from text files in
PDF format to images in different format. It was therefore interesting to analyze methods for
retrieving information from unstructured documents to further improve the LLM’s context.

The interviews also he]ped us narrow the scope of the research. Discussions about the email
functionality was brought up but was deemed too simple and not something that neither the
Al team or we reasonably thought needed any deep-dive research. Instead, it was deemed as
a nice to have functionality. Regarding internal LLM integration, it was deemed too wide
and difficult to research.

3.3 System Requirements

In order to evaluate the chatbot, the need for underlying system requirements was essential.
Without concrete requirements, it would have been difficult to guide the research and con-
clude whether certain techniques could be useful for Lime in the future. This is important
to ensure that our research addresses the problem statement. Therefore, this section defines
the system requirements and evaluation parameters for the chatbot given the Lime context.

The technical interviews provided insight into the most critical technical requirements. These
can be categorized into two types, evaluation parameters used to guide the exploratory phase,
and broader system requirements. Although the latter affect the experiments of this study
less, they remain important for real-world implementation.

The evaluation parameters guiding this study are response accuracy (correctness). As the
most critical metric, this will be assessed by comparing the output to a pre-defined correct
response. In addition to correctness, two additional quantitative parameters were identified.
The first is response time (latency), which is expected to have the greatest effect on user
experience after correctness. The second is token consumption, which does not directly affect
the user, it however dictates the operational cost. Therefore, optimizing for lower token usage
is necessary to ensure that the system remains cost-effective.

Complementing these evaluation parameters, the system analysis highlighted system require-
ments that will be addressed in the discussion. Although not the primary focus of the ex-
ploratory phase, they are relevant for the final solution. The first is access control and per-
missions, it is vital to maintain systems coherent and ensure that the chatbot does not expose
data that the user should not have read permission for. The second requirement is scalability,
considering both how data volume affects performance and how the solution can be scaled
to support all CRM customers.
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Chapter 4

Phase 2: Experiment and Evaluations

The system requirements and use cases generated in Phase 1 established the scope of this
research. To determine suitabi]ity for the Lime CRM environment and guide the company’s
future Al endeavors, these experiments evaluated alternative database types and techniques.
The experimental phase was structured into four distinct iterations to systematically assess
the viability of various database types for the Lime chatbot.

This chapter presents all the experiments chronologically, with a focus on the purpose, the
outcome, and the insights carried on to future experiments as a result of our evaluations. It-
eration 1 focuses on establishing a framework for the chatbot to showcase the possibility of
evaluation and a basis for future experiments. Iteration 2 experiments on the same foundation
as in [teration 1, but explores the limitations of the graph database and retriever according
to the evaluation parameters. Iteration 3 is divided into two parts, one that introduces vec-
torization of parts of the existing graph database and the other vectorized documents and
images and stores them in a vector database. Iteration 4 was the final experiment, integrating

elements from previous iterations to examine how they interacted and perfbrmed in unison.

4.1 Iteration 1 - Initial Framework

In order to be able to experiment, we had to build a framework. Therefore, Iteration 1 focused
on establishing a framework with a functional graph database integrated with the chatbor,
which created possibilities for future experiments.

In this section, we will present our findings from the setup and architecture that enable the
initial experiments for the chatbot. This includes the creation of a graph database, retrieving
capabilities from the chatbot to the database, and the tools that make it possible. Lastly, we
present the results and brief conclusions drawn from Iteration 1.
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4. PHASE 2: EXPERIMENT AND EVALUATIONS

4.1.1 Starting Point

The starting point for this project was a hackacthon project from the Al team at Lime. This
project sets the initial environment for our project and works as the foundation for our frame-
work.

Architecture at the S‘ta\r‘ting Poin‘l‘.

Lm

/"‘“"9- MCP Server

s Teels

Orchestrator

Elasticsearch

Chat Interface

Figure 4.1: Overview of the starting point architecture

Figurcillustrates the system architecture at the starting point. This setup features a mod-
ular design where the Orchestrator and the MCP server function as the primary nodes.

The Orchestrator acts as the "brain” of the system. It connects to the Lime CRM via a text
chat interface, links to the LLM infrastructure via a cloud-hosted LLM service, and connects
to the MCP server.

The MCP server works as the retriever through tool execution. As shown in the figure, it
connects to the SQL database for the Lime CRM. The role of the MCP server in the frame-
work was to retrieve data from the database. The tools relied on an internal query abstraction
used within the CRM p]atform. The tools in the MCP server are called by the Orchestrator.
Additionally, the setup includes Elasticsearch which serves as a free-text search engine. Elas-
ticsearch was included in the starting point and will be a part of the culminating experiment.

The execution flow begins when a user submits a question via the chat interface. This triggers
the Orchestrator to forward the query to the LLM, accompanied by a list of available tools
from the MCP server and their respective descriptions. This list provides the LLM with
context on when and how to use each tool and what results to expect.
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4.1 ITERATION 1 - INITIAL FRAMEWORK

Based on this input, the LLM determines it’s action. Typically requesting a tool call with
defined parameters. The Orchestrator routes this request to the MCP server, which executes
the tool, retrieves data from the database and returns the result. The LLM then evaluates this
new information to decide its next action. This cycle repeats until the LLM generates a final
answer or reaches the tool usage limit. Finally, the Orchestrator presents the answer to the
user through the chat interface.

This architecture was retained for the framework because its modular design supports tar-
geted changes and experimentation on individual components. The Orchestrator will be kept
mostly intact and will not be further discussed in this thesis because it does not affect the
performance according to the evaluation parameters. The same reasoning was used for the
selection of the LLM, we used Claude Sonnet 4 for this research [2]. Although all LLMs are
not equal in performance, since this study focused on experimenting and evaluating database
types, experimenting with LLMs would shift that focus and was not something we prioritized.

4.1.2 Database

The first iteration began with data analysis of the existing databases used for testing within
Lime. The reason for using a test database was that it does not include sensitive customer
data. This was perfbrmed to identify a starting database that would be suitable for the first
iceration. We decided to select a small sample database for Iteration 1. This dacabase had no
approval process before we could start using it, which was the deciding factor, but we did
not expect this database to be a long term solution.

At the starting point of this thesis, Lime had a solid understanding of the limitations of using
an SQL database for the chatbot. This made it relevant to explore alternative database types
and their potential benefits. The other decision surrounding the databases in Iteration 1 was
which provider of graph databases to choose. We selected Neo4j Aura because it combines
an intuitive user interface with a cloud-hosted solution, allowing for rapid experiments.

After the selection of Neo4j, an analysis was needed to determine what should be migraced
to the new Neo4j Aura graph database and how the SQL tables were interconnected. Specif-
ically, core entities such as Persons and Companies were mapped to nodes, while foreign keys
were converted into relationships. Based on the analysis, we decided to perform the migra-
tion manually through the Neo4j interface to be able to get it functional quickly. Although
the initial data set was too small to demonstrate retrieval performance at scale, it was sufh-
cient for the first iteration because the target for Iteration 1 was to show that the framework

worked.

4.1.3 Retriever

For retrieval, we created an MCP server that was connected to the existing Orchestrator used
in the starting point. As mentioned in the background, an MCP server is a framework used
to enable LLMs to perform tool calls on an external server. In the framework, the LLM was
not directly connected to the MCP server but through the Orchestracor. The MCP server
was used to enable different retrieval tools depending on the prompt inserted into the LLM.
When we switched to a graph database there was a need for creating tools that works with
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that database. Without these tools it would not be possible to retrieve all the data from the
graph database. This motivated us to create tools for different types of retrieval from the
graph database which combined allowed for full access to all the data.

The MCP server was connected to the Aura database and managed all database connections.
This architectural choice ensured that the same Orchestrator could be used for all iterations
of the experimental phase because functionality in the Orchestrator is not dependent on the
specific MCP server.

4.1.4 Tools

An MCP server functions by having a suite of tools that can be called by an LLM. In this
context, the functionality required was to enable retrieval from the new graph database. The
challenge was that the LLM has no prior knowledge of the graph database’s specific schema
or content. To address this, multiple tools had to be created.

For the first iteration, the tools were developed to enable correct retrieval from the graph
database in the simplest way. The goal was to validate the sufficiency of the framework and
confirm that retrieval was possible. Consequently, the tools were designed to guide the LLM
through a specific sequential order.

The MCP server included three logical categories of tools, and in total five tools designed to
be used in a order.

+ Structure Discovery: The process begins with list_limetypes. This tool exposes all
nodes and relationship types that exist in the database. It provides the necessary scruc-
tural context without retrieving actual data records. Once the LLM identifies the rel-
evant node type based on the user’s prompt, it calls get_limetype_properties and this
tool returns all properties types for that node, completing the LLM’s understanding of
the database schema.

« Data Retrieval: With sufficient understanding of the structure, the LLM can proceed
to retrieve data. The tool retrieve_value_list returns a key-value list (ID and property
value) for all entries of a specific node type and a specific property. The LLM uses this
to match the user’s prompt to a specific database entry ID.

+ Context Expansion: Finally, once the specific node ID is located, the LLM requests
data using get_limeobject (All data from one node entry) and get_related_limeobjects
(To retrieve all entries that have a relation with the specific node entry)

This five-tool pattern successfully enabled the system to retrieve all data and answer user
queries. This approach relied heavily on the LLM’s logical reasoning and was not designed
to be evaluated according to the evaluation parameters, but it successfully demonstrates the
functional feasibility of the framework.

4.1.5 Evaluation Methodology

In order to validate that the chatbot could retrieve data across the graph database in the
framework, we conducted small scale testing. The testing was performed manually by writing
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4.1 ITERATION 1 - INITIAL FRAMEWORK

prompts into the chat interface and validate the answers. The prompt could be "Give me
information about company X" or "What is person X phone number?". This allowed us to
observe how the LLM reasons and select appropriate tools for a prompt. This process also
validated that the architecture was successful. As mentioned above, performance was not
the focus for this experiment, so the testing only evaluated accuracy. The testing, although
small scale, gave valuable feedback on how the LLM reasons and how it conducts its tool call
selection.

4.1.6 Results and Conclusions

From the testing of the framework, the results show that the chatbot can give correct answers
to direct questions about information in the graph database through the chat interface. From
these results, we can conclude that a framework that supports future experiments has been
created.

- i
Architecture for initial framework w
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Figure 4.2: Overview of the architecture for Iteration 1

Figure illustrates the progression from the starting point, shown in Figure to the
finished initial framework. Highlighted in green are the parts of the architecture that un-
derwent a change. Most notably is the introduction of the graph database, hosted by Neo4;
Aura, which replaced the SQL database. The change of databases also led to the introduc-
tion of an MCP server with tools that work specifically for a graph dacabase, as mentioned
in carlier sections.

As depicted in the figures, Elasticsearch was decoupled. This was a temporary decision that
was motivated by that we wanted the LLM to solely run queries towards the graph database
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because evaluating it in isolation would provide deeper insights. However, evaluating the
retrieval possibilities with Elasticsearch will be part of the final iteration.

Consequently, the first iteration gave valuable information that defined the experiments of
[teration 2. Firstly, a new database with sanitized and more realistic data was needed. This
was due to the fact that the initial database we received was small in data size and riddled with
unrealistic data. To properly evaluate further iterations, we would need to find a dataset with
more sanitized data. Data such as persons named only test or lots of empty objects, reduce
the relevant data that can be retrieved. Another issue was that a limited database would
reduce the potential information and data gathered from later iterations when we wanted to
conduct prompts that cover a wide variety of scenarios.

Another takeaway for succeeding iterations was the importance of a testing framework to
conduct automatic tests. The current testing setup was to input the prompts directly into the
chat interface one by one. This was not only time-consuming, but also reduced the accuracy
of the evaluation because of no structured logging of token consumption and latency.

4.2 lteration 2 - GraphDB Experiment

The firstiteration demonstrated the viability of the initial framework, but did not explore the
limitations of graph databases. Since Iteration 1 did not experiment with the performance
according to the evaluation parameters of the graph database, the performance limit and
behavior of this technique are not yet known. Therefore, the experiment in this iteration
secks to add automatic testing to the framework which facilitate the performance evaluation
and also experiment with the limitations and behavior of data retrieval from a graph database.

Consequently, this section details the addition of automatic testing to the framework and
the retrieving experiments, including a new database structure, new tools, tool refinement,
and few-shot prompting.

4.2.1 Test Framework

The testing of Iteration 1 highlighted the need for a more robust evaluation system due to
the lack of reliable test data on the evaluation parameters and the excessive manual effort.
This evoked two additions to the testing process.

A test framework that was designed to support a modular selection of test suites, allowing
new test suites to be tested seamlessly without altering the framework. The test suites re-
quired updating for each iteration to ensure that new experiments were tested accordingly.

In addition, the automated test infrastructure was designed to connect directly to the Or-
chestrator and bypass the chat interface of the CRM solution. This makes it possible to run
prompts automatically and collects essential test data for the evaluation parameters without
affecting the results. This new infrascructure greatly increased our test capacity and reduced
the manual effort to test new iterations, but more important]y, it generated accurate metrics,
leading to more data-driven insights of the experiments.
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4.2.2 Database

For Iteration 2, we identified that the initial graph database lacked the depth required for
our evaluation and would not suffice as a realistic testing environment due to the lack of
objects. Therefore, we adopted a larger and more complex data set that was previously uti-
lized for demonstrations at Lime and contained ten times as many objects as the previous
test database. Data quality was highly variable, ranging from complete workflow simulations
to basic test data. To improve the quality of the data and make it more realistic, we per-
formed data sanitation prior to migration. This process reduced low quality synthetic data
thus rendering the database more similar to a production database. The use of a production
database would be optimal for our tests, but GDPR restrictions limited us to the internal
test database.

With the sanitized database, the tables were migrated to a new Neo4j Aura instance and
mapped to the corresponding graph entities. The tables were converted to nodes and for-
eign keys were converted to relationships between nodes. Migration resulted in substantially
fewer nodes compared to the original table count. The reason for that was that multiple ta-
bles can often be merged into one node and also tables used for mapping information can be
converted into relations or additional labels for existing nodes.

4.2.3 Tool Refinements

The tool structure from the first iteration was extended with a text-to-cypher tool. Cypher
is the query ]anguage used for Neo4; graph databases. This tool allowed the LLM to create
custom queries and possibly solve a wider variety of prompts. This tool would work similarly
to a query generating tool previously developed by Lime engineers for their SQL database.
In addition, a relationship retrieval tool was added, which enabled extensive data retrieval
from the relationships between nodes. The last focus was to experiment with the tools and
analyze their behavior, mostly by working with the tool descriptions. This included few-shot
prompting and more detailed guides ofproper usage of each tool, which gave insight into
how descriptions and examples impact tool behavior.

Relationship Tool

With the new Aura database for Iteration 2, data stored on relationships between nodes were
introduced to reduce the overall Complexity of the database. This required us to create a new
tool for the MCP server that returns the properties for a specific relationship type. This tool
was designed in the same way as get_limetype_properties from Iteration 1. By keeping the
tools to retrieve information about nodes and relations similar, we maintained a standard
for structure retrieval. The new tool is called get_relationship_properties.

Text-to-Cypher

An insightful experiment was the introduction of a new tool called make_query. This was a
text-to-Cypher tool for the retriever, which enabled the LLM to write and execute its own
Cypher queries on the database. The motivation for this tool was to investigate whether
a query generating tool could work for the graph dacabase, which would be interesting for
the Lime engineers since they had a query generating tool for the SQL database. The text-
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to-Cypher tool had only read access, the reason for this was that the MCP server should
solely be used for retrieving in this experiment. This introduction fundamentally changed
the retrieval process, previously the tool usage started with understanding the data structure
in the graphDB followed by comparing data in nodes with retrieve_value_list to understand
which node to retrieve. The new process still begins with understanding the data scructure,
but can afterwards execute self written Cypher queries to retrieve the data from the database.
This improved the range of retrievals that it could perform and also reduced the number of
tool calls required to retrieve information on average.

However, this tool introduced the risk of hallucinated queries. This results in retrieval fail-
ures, increased response time, unnecessary token consumption, and wasted tool calls. To
improve correctness of the text-to-Cypher tool use, we experimented with few-shot prompt-

1l’lg.

Few-Shot Prompting

Few-shot prompting is a commonly used technique to improve the correctness of tool us-
age. The approach works by providing examples of intended tool behavior within the tool
description, thereby guiding the model both in how the tool should be used and in which
situations it should not be applied [24].

In this experiment, we evaluated the impact of few-shot prompting by varying the number of’
examples included in the tool descriptions. In particular, introducing three distinct examples
in the description of the text-to-Cypher tool significantly increased the rate of valid Cypher
queries generated by the model. Each example consisted of a natural language prompt paired
with the corresponding Cypher query.

However, the experiments also indicated that overly detailed tool descriptions can negatively
affect retrieval performance, likely caused by an overload of contextual information that the
LLM does not process accurately. Based on these findings, we decided to limit the use of
few-shot examples to the text-to-Cypher tool in the current experiment.

4.2.4 Results from Experimental Observations

During Iteration 2, the performance of the chatbot was improved by experimenting and fix-
ing two observations. Although small, their impact became significant. We want to highlight
that even small changes can bring ample performance gains.

« Max tool call awareness

A problem that would repeatedly occur was for the Orchestrator to abort when reach-
ing the limit of ten tool calls. This limit was set to avoid token wastage in the case that
the LLM keeps trying to find an answer and does not succeed. This became 1inear]y
expensive, since each tool call contained the history of the previous tool calls. This
drawback is caused by the stateless memory model of the LLM which requires the full
history to be resent for every tool call. The theory of why this did occur was that the
LLM was simply unaware that it had a limit to adhere to. Therefore, by informing it
about the limit and that it should avoid using more than seven tool calls, we noticed a
decrease in the number of prompts that reached the limit. We set the limit to seven,
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since experiments with different prompts rarely required more than seven tool calls to
properly answer the question. Therefore, if the LLM decides to go over seven tool calls
there are often other problems and it should instead try to formulate an answer and
not continue calling tools.

+ Description differentiation of objects

The Lime CRM system separates person objects and coworker objects by the distinc-
tion of a person being on the customer side whilst a coworker is employed at the same
company as the user. This confused the LLM and could be noticed when the chatbot
was prompted to find certain people. It could return answers of a coworker not being
in the system due to it interpreting a coworker as a person and therefore not locate the
correct node. This was solved by informing the LLM of this situation in the description
of the tool to retrieve nodes with a certain category.

These observations demonstrated that descriptions were an effective method of guiding the
LLM through system limitations and database structures. Alcthough this approach was advan-
tageous because it required no code modifications or structural changes, it relied on natural
language descriptions, which made the system’s behavior more difficult to test, verify, and

predict.

4.2.5 Evaluation Methodology

The evaluation was conducted with the test framework and provided information for indi-
vidual tests and the entire test suite. To use the test framework effectively, we created a test
suite that targets the different parts of the retrieval capability. After reasoning about the
most critical capabilities, we concluded that there were five distinet categories of questions
on which we wanted to focus the testing. After deciding to have five different categories
of questions, we needed to decide on the total number of tests that should be included. In-
creasing the number of tests increased the run time for the test, but also the data quality.
The evaluation was limited to 15 questions to maintain a reasonable running time of ap-
proximately five minutes, which is necessary given that the non-deterministic behavior of
the LLM requires mu]tip]e iterations. It was also important that each category had several
questions in order to base the results of the different categories on more than one test.

Here is a short summary of the categories and some examples of tests from the test suite.

« Direct look-ups: These are prompts that the chatbot without reasoning can check in
one node in the graph database.
Example: How much value is associated with the deal Lime CRM Full Digitalization project at

panduro hobby ab?

+ Graph traversal: These are tests that test if the chatbot can traverse the graph (Find
information about neighboring nodes).
Example: Which people work at Lime Technologies AB in Lund?

+ Filtered queries: These are tests that required the chatbot to perform filtering on all
nodes for a specific requirement.

Example: How many of Magnus Fagerlunds deals are valued over 100,000?
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« Aggregation & analytics: These tests challenge the reasoning and retrieval of the chat-
bot in more complex scenarios.
Example: Rank the top three deals won by salespersons excluding Magnus Fagerlund

« Error handling & ambiguity management: These tests how the chatbot handles ques-
tions about information that does not exist in the database or questions that are related
to data but are misleading.

Example I: Get data for company SAAB AB (SAAB AB does not exist in the database)
Example 2: Show me information on Viktor Eriksson (There exist two persons named Viktor

Eriksson)
The entire test suite can be found in Appcndix

4.2.6 Results and Conclusions
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Figure 4.3: Overview of the architecture for Iteration 2

Figure illustrate the architecture at the end of the graphDB experiment, this iteration
includes the new Aura database, updated MCP server and an update to the framework with
the addition of a test framework.

From T ablethe data shows that the accuracy was at a mean value of 87% and with a specific
test prompt that failed all iterations. The consistency of the accuracy was good, with a range
between 80% - 93.3%. The test case that failed every iteration was testing ambiguity. It was
"Show me information on Viktor Eriksson” and the issue was that the chatbot found one Vikcor
Eriksson and proceeded to give information about that person. Without giving information
on the fact that there are multiple people with the same name in the system.

32



43 ITERATION 3 - VECTORIZATION EXPERIMENT

Table 4.1: Evaluation for Iteration 2

Metric 1 2 3 4 5 Min Max Mean
Accuracy (%) 86.7 86.7 933 86.7 80.0 80.0 933 86.7
Latency (s) 309 295 315 319 285 285 319 304.6
Token Usage 492,160 446,299 493,688 500,523 425,630 425,630 500,523 471,660
Tools Called 62 56 58 61 54 54 62 58.2

Regarding latency, the response time for an average test question was around 20 s. This
response time allowed room for improvement and will be further investigated in future ex-

eriments.
P

Tableshows that the average tool usage was 3.8 calls per test case, a number driven by the

minimum of two required calls needed to understand the structure of the database.

At this stage there are few conclusions to be drawn from the token consumption. When we
compare token usage with the chatbot at the starting point, illustrated in Figure Tests on
the chatbot from the starting point had 970,000 tokens used for the same test suite. In that
context, we could conclude that Tteration 2 had a 50% improvement from the starting point.

There was also a perceived correlation between the token usage, latency, and the number of
tools called. For example, the fifth test run had the lowest number of tool calls (54), and it
also used the fewest tokens and achieved the fastest latency. Overall, the data show a trend
that as the number of tool calls increases, both token usage and latency tend to increase as
well. However, this relationship is not entirely consistent across all runs. Notably, the fourth
test run made fewer tool calls than the first run, yet it consumed more tokens and had higher
latency.

[t is important to note that there are several factors that can impact token usage and latency
besides tool calls. Therefore, it is interesting to conduct further research on the impact tool
calls have on token usage and latency.

From this experiment, we concluded that we have explored the potential of this technique.
An interesting finding from this iteration is a perceived correlation between the number
of tool calls and the latency, as well as token usage. This motivates further experiments on
techniques that can reduce the number of tool calls and improve overall performance.

4.3 Iteration 3 - Vectorization Experiment

From the previous experiment, we found that there may be a correlation between the number
of tool calls and the overall performance in regards to latency and token usage. Therefore,
we explored whether reducing the number of tool calls would improve the performance ac-
cording to the evaluation parameters. Vectorization was a method of validating this theory,
as it allowed for direct data retrieval without requiring the model to navigate the database
structure through multiple exploratory steps. Furthermore, this technique also offered the
possibility to address a use case identified in Phase 1, the ability to retrieve information from
unstructured data sources, such as PDFs and images.
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Therefore, this section is divided into two parts. First, we present the node vectorization
experiment for existing graph nodes to evaluate our previous finding about the correlation
between token usage, latency, and token calls. Secondly, we apply vectorization on unstruc-
tured data to explore one of the identified use cases from Phase 1.

4.3.1 \Vectorization of Database Nodes

One of the conclusions of Iteration 2 was the perceived correlation between the number of
tool calls and the performance in the context of latency and token usage. Although the cor-
rectness of the answers was promising in Iteration 2, many prompts required several tool calls
before a correct answer was presented. Therefore, we investigated whether vectorization of
database nodes could reduce the number of tool calls for some of the prompts and if that con-
sequently would decrease their token usage and latency. This technique was chosen because
it connected both our interest in methods for reducing tool calls and was a primary area of
interest from the Lime Al engineers for us to research.

Use Case Scenario and Test Data

In addition to the potential tool call reduction, vectorization enables an interesting use case
for a CRM chatbot. When working inside a CRM system you might need to find objects
that are contextually similar in different ways. This is possible with similarity search, which
allows for the comparison of vectorized data and can be used to return one or more objects
similar to the given input. This specific use case is most valuable for objects that carry a
significant amount of semantic data, since that data can have different content, but carry a
similar meaning. One promising object within the Lime CRM system to conduct similarity
search on was the lead objects, since they have a description field that can contain semanti-
cally rich data. The descriptions of most lead objects in the database consisted of one to two
sentences detailing the customer’s intent. These texts portrayed various individuals reaching
out to a fictive company that sold coffee-related products. Consequently, the leads varied in
perceived urgency, intent, and overall seriousness, creating objects that were different but
also possible to group into different categories depending on the given description. The dis-
crepancy between objects allowed for more or less similar objects, which would allow the
similarity search to work against a wide variety of vectors.

Vector Embeddings

The lead descriptions were represented as vector embeddings in order to capture their se-
mantic meaning. For this process, we used all-MiniLM-L6-v2 [10], a model from the Sen-
tence Transformers framework [18]. This choice was motivated by the model being balanced
in both speed and qua]ity and would be sufficient to start experimenting with. To create
the vector embeddings for the leads we used a script that combined the name, company, and
description into a single string. We chose these fields because they provided information of
the lead object for the similarity search and carried a sufficient amount of semantic mean-
ing. Leads that lacked or had too short descriptions were not given embeddings, since they
would not benefit from simi]arity search to the extent that we strived for. The strings were
then passed through the Sentence Transformer model and processed to obtain their vector
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43 ITERATION 3 - VECTORIZATION EXPERIMENT

representation. Each embedding was then stored as a property in their respective lead in the
Aura database from the previous experiment. This was a one time setup that was based on
the current data we had in the database, but would require to be executed again with any
change to the processed data of the leads.

Vector Search Tool

Once the vector embeddings were stored in the database the focus shifted to experiment-
ing with the MCP tool which would conduct the similarity search. The new tool, vec-
tor_search_leads would take a promprt and convert it into a vector embedding with the same
model previously used for the leads. The tool would then search through the vector index in
our Aura database for its most similar embedding using cosine similarity as its distance met-
ric. Since more than one lead may be of interest the vector search tool retrieves a set amount
of leads. The retrieval was conducted with similarity score, where a high score suggests that
two leads are similar based on the prompt. The LLM can then process this information and
present the findings to the user. The tool was given a description that details its usage and
performance rules similar to descriptions of tools from previous experiments. Few-shot ex-
periments with the description were conducted to analyze the behavior of when the tool did
and did not have examples on which to base its reasoning. Without any examples, the LLM
struggled to understand whether or not a prompt required the vector search tool or if another
tool was more appropriate. Prompts with the goal of conducting exact property matches did
not require similarity search as they did not need any comparison between objects, instead
make_query would be a faster and more efficient way for those types of prompts. Adding
this information, as well as examples where similarity search with the vector search tool was
the right approach, improved overall performance.

Evaluation Methodology

The vector search tool was tested with a new test suite that included five tests that targeted
the vector search tool and lead objects. The prompts tested a few scenarios for which similar-
ity search could be useful. Such as its ability to find leads with synonyms to the given prompt
and variations of the prompe, as well as intent-based prompts that conveyed a perceived in-
terest. The test suite was limited to five prompts since it was difficult to find examples of
questions where we could validate the expected output. We based the accuracy on whether
the output exactly matched with the expected results, but since similarity search generates
a ranked set of possible candidates, it proved difficult to evaluate. Generating prompts that
produced consistent results is therefore more difficult than in previous test suites. Spending
additional time generating a larger test suite could provide more detailed insight into the
vector search tool, but our goals of this experiment could still be achieved with a smaller test
suite, since we could gather sufficient data on its behavior.

An example of a prompt was "Find leads who requests immediate purchases” which would test
the tools ability to properly rank leads which showed this specific intent despite not expres-
sively using the words immediate or purchase. This allowed testing to focus on semantic
understanding rather than retrieval with strict matching of the words in the prompe, which
demonstrates the strongest use case for similarity search. The entire test suite can be found

in Appendix
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Results and Conclusions
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Figure 4.4: Overview of the architecture for Iteration 3.1

Figureshow the architecture for this experiment and highlighted in green are the changes

made compared to the previous experiment. Most 0{: the ieads in the grapb database were

updated with embeddings which were stored as properties in their respective node in the

graph database. The MCP server was consequently updated with the vector search tool that

enables similarity search for the lead objects.

For the vectorization experiment, we wanted to gather insights into whether vectorization

would work in the Lime CRM context for a certain object, which if possible, could motivate

vectorization of‘iarger parts of the system in the future. We also wanrted to investigate the

finding from Iteration 2 and the effects that the vector search tool had on reducing tool calls

and how that shaped the performance.

Table 4.2: Evaluation results of vectorization on leads

Metric 1 2 3 4 5 Min Max Mean
Accuracy (%) 80.0 100.0 100.0 100.0 80.0 80.0 100.0 92.0
Latency (s) 65 66 64 61 67 61 67 64.8
Token Usage 33,740 33,120 33,660 33,661 34,279 33,120 34,279 33,692
Tools Called 5 5 5 5 5 5 5 5.0

Table 4.2] presents the result of the vectorization experiment on the similarity search test
suite, whilst Table presents the results of the graphDB experiment on the Similarity search
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Table 4.3: Evaluation results of vectorization experiment on Itera-

tion 2
Metric 1 2 3 4 5 Min Max  Mean
Accuracy (%) 60.0 60.0 60.0 60.0 40.0 40.0 60.0 56.0
Latency (s) 142 119 140 115 162 115 162 135.8
Token Usage 170,767 137,892 179,252 140,812 191,032 137,892 191,032 163,951
Tools Called 22 19 23 18 24 18 24 21.2

test suite. These results present how the different experiments perform against the same
test suite consisting of prompts that target the similarity search. The tables indicate a clear
performance gain in both the latency and token usage across all test runs. The discrepancy in
tool calls between the experiments is substantial, where the vector search tool is only called
once for each of the prompts and still delivers a high level of accuracy. When comparing the
mean values for the tables we can see that the vectorization experiment is close to twice as
fast, uses around five times fewer tokens, and four times as few tool calls. These numbers
continue to strengthen the correlation between the number of tool calls and the latency and
token usage.

The difference in accuracy between iterations was most significant when the prompes lacked
specificity. The vector search excelled at looking for synonyms and intent from the prompes,
which Iteration 2 struggled with. This demonstrates the power of similarity search when it
comes to prompts that require a semantic interpretation. It further strengthens our finding
that reducing the number of tool calls has a substantial impact on latency and token usage.

It is important to note that the results contain bias, as the vector search tool was specifically
built to answer questions similar to those in the test suite. The tool is limited in its capa-
bilities and the performance might not be as impressive if a generic vector search tool was
used instead covering all objects and a larger variety of test cases. This was not tested in this
iteration, but is a clear next step for Validating vector search on a broader level. There are
some considerations as to whether you can limit the generic tool to not include objects which
have little to none semantic data, as they might not benefit from similarity search to the same
extent. Another consideration could be to create vector search tools for each object type in
the database instead of a generic vector search tool. However, this would introduce dozens
of similar tools that will increase the context window, risk improper usage by the LLM, and
violate code principles.

The goal of the experiment was to show the feasibility of vector search and implementing a
tool that works for one object was sufficient to prove it. The results show that vectorization
of nodes is possible given the Lime CRM context since the vector search tool is called and
acts as intended and achieves a high level of accuracy. However, the benefits of a full scale
vectorization of the nodes remain uncertain.

It is also important to note that objects in the CRM system do not include the same amount
of semantic data as the lead objects which makes them less suitable, but not unthinkable
candidates for vectorization. This is because titles, company names, and personal names can
contain enough semantic meaning to motivate vectorization in some cases. The vectorization
experiment is therefore a success in that it works as intended given the limitations and further
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strengthens our finding from Iteration 2. However, it does not provide any certainty as to
whether vectorization of nodes would perform well with a generic vector search tool.

4.3.2 Vectorization of Documents

A use case identified in Phase 1 was the ability to retrieve information from unstructured
files. Using the context found in documents, such as PDFs and images, could enable new
retrieval possibilities. To explore this use case, this section experiments with the application
of vectorization of unstructured data.

Consequently, the section details the selection of the database and the specific documents
used. This is followed by a description of the data pipeline covering the entire process from
ingestion to retrieval. Finally, the testing methodology, results, and brief conclusions are
presented.

Database

To eH‘ﬂectiveiy store text segments with their respective embedding, a new type of database
had to be introduced. This type of database is a vector database that is specialized in storing
vectorization. For the selection of the database provider, we choose Pinecone. The reason for
this was that the surrounding architecture is similar to Aura with a cloud-hosted solution.
Pinecone is also integrated with the embedding model that was used for this experiment.

Selection of data

The data set used for the first part of Iteration 3 was created from demonstrations by stake-
holders at Lime and therefore lacked unstructured data types that a production database
would have. To enable the possibility of this experiment, synthetic unstructured data was
introduced into the system in the form of PDF documents and images.

PDF documents were generated using an LLM. These documents were linked to existing com-
panies in the database to ensure cohesion, but the semantic content was not aligned with the
data in the SQL database. To generate fully aligned and accurate documents, a large part of
the experiment resources would be spent on that. The discrepancies between the unstruc-
tured and structured data do not undermine the technical Vaiidity of the experiment. Because
this experiment is motivated primarily by the mechanics of retrieving unstructured context,
the specific semantics of the documents remain secondary to the retrieval performance.

A set of images ranging from marketing materials (campaigns, events) and product photos
was included in the solution. In total 49 documents were included in this experiment. Al-
though this document count was sufficient to establish the feasibility of the retrieval process,
evaluating performance at scale was outside the scope of this experiment.

Data Processing

The pre-processing pipeline differs between PDFs and images because images lack extractable
text, they require additional steps to enable vectorization.
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43 ITERATION 3 - VECTORIZATION EXPERIMENT

This section explains the data processing method for PDF documents, followed by the data
processing for images.

+ PDF Documents We utilized a fixed-size chunking strategy, segmenting text into blocks
0f 1000 characters with a 200-character overlap. The fixed size chunking was selected
because of its simplicity, the issue with fixed-size is that context might be lost in the
division between chunks. That is why the overlap is critical to preserving semantic
context, ensuring that sentences split between chunks remain understandable in a min-
imum of one the text chunks. Metadata were also attached to each chunk and included
the source filename and page number, which enabled the chatbot to provide precise
citations for the retrieved information.

+ Images Image processing required an intermediate step to convert visual data into se-
mantic text. This was achieved using image captioning, where an LLM was tasked
with generating a detailed textual description of the image content within a limit of
1000 characters. This limit was set to ensure that the description of the image would
be stored in one text segment. This method was chosen because it converts the data
within the image to text that can be processed in the same way as PDF documents. The
possibility of having a unified method for processing images and PDF reduces the com-
plexity of the experiment and the architecture. The description was then segmented
and vectorized identical]y to the PDF text. The metadata for the images included a
unique database ID, which is required to display the image file to the user upon suc-
cessful match.

Retrieval of Data

The retrieval mechanism is consistent for both PDF and images, the difference lies in how
the retrieved data was utilized. The process began by generating a vector embedding for the
user’s query. Within this framework, the LLM performed an automated sanitation step by
transforming the raw user input into a structured tool call input. This produced a refined
search query, which was then embedded and used for a cosine similarity search. Results were
ranked on a scale of -1 to 1, with 1 representing an exact match.

Retrieval was conducted using a new MCP server that contains tools exclusively for the
Pinecone database. The reason for the new MCP server was to isolate this experiment and
therefore improve the quality of test data from the experiment. Two distinct retrieval tools
were implemented: one for PDF documents and one for images. Additionally, a tool was in-
troduced to display retrieved images directly in the browser. The output of these tools were

handled as follows:

« For PDFs, the text chunk and metadata were fed directly into the LLM context window
to generate an answer, the reason for that is that they are the most likely text chunks
to be related to the question and therefore will give context to the LLM that assists in
answering the question.

« For Images, the system uses the retrieved ID to open the image in a new browser tab,
allowing the user to view the visual information directly. The reason for this was that
the stored text chunk was generated by an LLM and therefore it got a limited impor-
tance to the user, and for requesting an image the location in the system and the visual
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was the expected use case.

Evaluation Methodology

The evaluation of this experiment was performed with the test framework. A new test suite
with ten test cases was produced. Five for PDF documents and five for images. The reason for
this smaller test suite was that there is only one tool for each of the document types, which
does not require a large number of test cases to evaluate. Since this experiment examines
a new use case, there will be no relevant data to compare it with, and the accuracy of the
responses will be the most important aspect for evaluation. The entire test suite can be found

in Appendix

Results and Conclusions
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Figure 4.5: Overview of the architecture for Iteration 3.2

Figure 4.5/ illustrate the changes compared to Iteration 2. As displayed in the figure the Or-
chestrator and test framework are intact, but the MCP server was new and only included
the needed tools, also a new Pinecone database was connected to that server. Lastly, the
connection to Lime CRM is introduced to be able to open the images retrieved.

As shown in Table 4.4] the evaluation was conducted five times, this was performed to lower
the variance. As shown in the results, the variance for this experiment was low and had a
consistent result.

For accuracy, from the evaluation it was consistent at 90%, the test suite included ten test
cases, so one failed each test iteration. From analyses of the test data, it was concluded that the
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Table 4.4: Evaluation results from experiment with unstructured
data

Metric 1 2 3 4 5 Min Max Mean

Accuracy (%) 90.0 900 90.0 90.0 90.0 90.0 90.0  90.0
Latency (s) 14588 134.65 129.64 129.98 11377 11377 14588 130.78
Token Usage 56,410 57,521 51,066 53,166 43,929 43,929 57,521 52,418
Tools Called 19 19 18 18 16 16 19  18.0

same test case failed for all iterations. That test case was id: D_4 from further investigation it
was found that the reason for this failure is that the fixed sized chunking, created a short text
segment that included the information required for the test. The semantics of that segment
did not have enough information for the embedding to match with the question embedding,
and therefore, the data were not retrieved correctly.

The latency displayed in Table had a mean time of 131 s for the entire test suite. The test
suite included ten test cases, resulting in the mean time for each test case being 13 s. That is
an improvement compared to the experiment in Iteration 2. That had around 20 s per test
case, but there is not enough to draw any conclusions from this because multiple components
changed between these experiments.

The token usage found in the evaluation shows that the experiment was efficient in token
usage with an average of 52,418 for ten test cases. This was expected due to the low number
of tool calls for recrieval.

The total tool call varied between 16-19 for the five test iterations. This discrepancy was due
to the LLM producing the query that was matched with the text segments and that an LLM is
not deterministic. Depending on the exact wording, one or more attempts might be needed
to retrieve the text segments that contain the required context. Also, to open the images in
the browser for the test suite, four tool calls were used. That means that 12-15 tool calls were
used for data retrieval.

The failed test case indicates that there might be other segmentation techniques that would
further improve retrieval. Despite these potential improvements, this experiment demon-
strated that document retrieval effectively increases the chatbot’s knowledge base by enabling
retrieval from unstructured data that was not retrievable before.

However, despite these promising initial results, questions about sca]abi]ity remain. As
the volume of documents in the vector database increases, the risk of retrieving irrelevant
matches may increase, potentially challenging the system’s ability to retrieve the correct
chunk among similar candidates. We expect that this experiments accuracy would decrease
if the dacabase size increased, the reason for this is that the embedding size remains constant
and that spectrum will be filled with more text segments, therefore the retrieval has a higher
risk of wrong retrievals.
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4.4 lteration 4 - Final Experiment

While previous iterations successfully provided insights and data into the performance of
specific techniques in isolation, they failed to capture the synergy of a multi-source system
functions when these components operate simultaneously. This was because we first wanted
to validate the feasibility of the different experiments before merging them. Without this
integrated evaluation, it is impossible to assess how the combined complexity of the retrieval
from multiple databases affects performance according to the evaluation parameters from
Phase 1.

Consequently, we integrate all previous iterations into a single, unified experiment. We then
explore and analyze how performance evolves when multiple database techniques are com-
bined and draw brief conclusions.

4.4.1 Merging the Experiments

The framework design allowed us to easily add more sources for gathering information, which
was performed with a new MCP server for this experiment that combined all previous tools.
It included all the tools from the experiment in Iteration 2, Iteration 3, and the Elasticsearch
tool from the starting point. Some minor changes were made to the tool descriptions to align
them with the new structure. This experiment had no new features because the focus was on
how a multi-sourced system affects the recrieval.

4.4.2 Evaluation Methodology

The evaluation was the largest part of this iteration because only components from previous
experiments were combined into one ]arger system. This iteration was evaluated on three test
suites and compared with the experiment in Iteration 2, and both experiments from Iteration
3. By conducting this evaluation we were able to draw a well-founded conclusion about the
impact of the combined MCP server.

4.4.3 Results and Conclusions

Figure |4.6| illustrate that the only new component in this experiment was the MCP server,
which was a combination of previous experiments.

Table 4.5: Evaluation of Tteration 4 on test suite from Iteration 2

Metric 1 2 3 4 5 Min Max Mean

Accuracy (%) 100.0 933  100.0 100.0 100.0 933  100.0 98.7
Latency (s) 22794 252.60 26221 23434 25257 22794 26221 24593
Token Usage 307,432 350,558 338,729 304,646 33,451 33451 350,558 266,963
Tools Called 34 39 38 35 39 34 39 37.0

In Table 4.5 the data from the test compared to Table |4.1|for the graphDB experiment show

that all the evaluation parameters have improved. From our analyzes the improvement in
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Figure 4.6: Overview of the architecture for Iteration 4

latency and token usage was due to how Elasticsearch can answer direct look-ups with only
one tool call. This was also largely the reason for the decrease in the number of tool calls.
The improved accuracy came from the multiple sources to retrieve data, it could confirm
and search the data with more methods.

Table 4.6: Evaluation of the final experiment with the same test suite

as node vectorization Table

Metric 1 2 3 4 5 Min Max Mean

Accuracy (%) 60.0 100.0 100.0 60.0 80.0 60.0 100.0 80.0
Latency (s) 60.89 6397 6515 6555 6251 60.89 6555 63.61
Token Usage 40,169 40,311 40,450 40,612 40,346 40,169 40,612 40,378
Tools Called 5 5 5 5 5 5 5 5.0

When Table was compared to Table which was the result for the vectorization ex-
periment. The data show that both experiments perform equally in all parameters except
token usage. The increase in token usage for the final experiment was around 7000 tokens
on average for the five test cases compared to the vectorization experiment. This may be due
to the increase in the number of tools in the final experiment that also included more and
larger descriptions that had to be included in each request to the LLM when it selects tools.

Table Was compared to Tablewhich represents the vectorization of documents exper-
iment. From this comparison the conclusion can be drawn that no improvement was shown,
rather the token usage has greatly degenerated. The reason for the increased amount of token
usage was explained by the addition of all other tools. This was due to the descriptions of
all the tools that were sent to the LLM for each tool call. The impact of the description size
becomes apparent when comparing with the token usage of the vectorization of document
experiment.
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Table 4.7: Evaluation of Iteration 4 on same test suite as Tab]e

Metric 1 2 3 4 5 Min Max Mean

Accuracy (%) 900 900 1000 900 900  90.0 1000 920
Latency (s) 14483 16099 13223 14211 15746 13223 16099 14752
Token Usage 125,602 150,935 118344 127,062 138,297 118344 150,935 132,048
Tools Called 18 21 17 18 20 17 21 188

These results show that a larger MCP server has drawbacks according to our evaluation pa-
rameters. The difference in token degradation in vectorization of nodes and vectorization of
documents can be contributed to the fact that vectorization of nodes had all the tools from
Iteration 2 already included, while the vectorization of documents only had three tools in its
MCP server.

The impact of the increased amount of description size was not shown in the comparison with
the experiment in Iteration 2, which showed that the addition of tools can also reduce token
usage. Also, in the comparison it showed that the number of tool calls for final experiment
is on average 20 lower than it was for graph database experiment. That is according to our
carlier findings the primary contributor for the improvements.

4.5 Summary

This chapter presented the outcome of four iterations that established a framework and con-
ducted experiments. They provided insights into different areas of interest and how they
compared with respect to the evaluation parameters. It can be difficult to navigate large
amounts of results. Therefore, we present the key findings from the iterations and the exper-
iments within them in a summarized form:

« Iteration 1 - Initial Framework

The establishment of the initial framework demonstrated the feasibi]ity of connect-
ing a graphDB to the Lime CRM chatbot as an external source of knowledge. It also
presented several tools that the MCP server could use to guide the LLM through the
data in the graphDB. Although not an objective at this stage, some initial tests were
conducted to gain further insight into the functionality of the chatbot.

« [teration 2 - GraphDB Experiment

The graphDB experiment gave deeper insights of the graphDB Capabi]ities and the
MCP tool was extended and improved as performance metrics were analyzed more
thoroughly. Another notable step for this iteration was the replacement of the previous
graphDB with a new graphDB that contained larger amounts of test data to produce
more realistic working conditions for the chatbot. A finding from this iteration was
the perceived correlation between tool calls and overall performance.

« Iteration 3 - Vectorization of Nodes

The vectorization of nodes experiment provided insight into the feasibility of vector-
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ization that enable similarity search. The results concluded that it provided a better
performance for certain types of questions, but generalization still remained uncertain.
The number of tool calls reduced drastically, which in turn improved performance and
further strengthened our finding between tool calls and performance.

Iteration 3 - Vectorization of Documents

The vectorization of documents experiment introduced the use case of retrieving doc-
uments from the solution. This was possible with the integration of a vector database
in which the context of each document was stored. New tools were also introduced
that enabled this functionality. The results demonstrated the feasibility of document
retrieval, a use case that performed well given the scale of the database.

Iteration 4 - Final Experiment

The final experiment consisted of merging all iterations into a large architecture in
order to investigate the impact this had on performance. The results concluded that
the final experiment was faster or as fast as previous iterations for the same combined
test prompts, except for the document tests that performed worse. This was due to the
additional token usage for descriptions that the combined architecture introduced.
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Chapter 5

Discussion and Related Work

Although the preceding chapters detailed the methodology and the results of the experi-
ments, these results alone do not provide a complete understanding of the reliability and
limitations of this thesis. Without critical reflection on potential methodological shortcom-
ings, the threats to the validity, generalization, and scalability of the findings remain un-
certain. Consequently, by evaluating the findings in relation to the chosen methodology, the
experiment results, and contextua]izing the ﬁndings we can p]ace them in a broader scientific
landscape.

In this chapter, we first reflect on our chosen methodology and put it in the context of our
research questions. Secondly, we discuss different aspects of our results. Furthermore, we
discuss related work and place our findings within the broader scientific landscape. Finally,
we propose avenues for future work based on the insights and limitations identified in this

S tudy.

5.1 Reflection on Methodology

During our thesis, several methodological decisions were made that impacted the results ei-
ther positively or negatively. Therefore, by looking back, reflecting and learning from these
decisions we hope to contribute insights, as well as propose alternative methods. This allows
us to ground our research better in academia and continue improving future work processes.

This chapter will start by discussing the overall reflections of the methodology. That is fol-
lowed by more specific reflections on our methodology approach for Phase 1 and Phase 2.
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5.1.1 Overall Reflections

Our thesis consisted of two research questions that received a drastically different amount of
time. Defining the system requirements was a short process that did not allow a particularly
deep analysis of the system requirements. However, its purpose of providing valuable input
for us to experiment on in Phase 2 was successful. We were able to gain insight from our
interviews and analyze them to conclude use cases. We were also able to discuss the influ-
ence of the CRM structure on the system requirements with the technical stakeholders in a
sufficient way. In hindsighe, this limited approach was valuable as it gave us a fixed set of
requirements upon which we could ground the experiments. If we had instead decided to
iterative]y reshape the system requirements throughout our work, we think it would have
made the evaluation more difficult. In particular, comparing the experiments to each other
would no longer yield the same insight since they adhered to different requirements.

The second phase of our research was structured without clear time frames or predetermined
areas for experimentation. We believe that this proved advantageous, since the iterative na-
ture of our experiments allowed us to pivot towards new areas when we encountered obsta-
cles. Also, not deciding which areas to research beforehand, allowed us to decide on arcas
later in the thesis when we had more domain knowledge and results from earlier experiments
to guide the process.

5.1.2 Phase 1

Phase 1 strived to determine the system requirements for the chatbot based on use case scenar-
ios concluded from our interviews. The interviews gave us several insights into how employ-
ces at Lime viewed the chatbot from their roles at the company. We interviewed a wide range
of stakeholders within the company, but did not ground these findings with real customers
of Lime. By not investigating this, we potentially missed out on finding highly requested use
cases that might need technical exploration. Although, since we interviewed stakeholders
that continuously conducted a lot of customer probing and meetings in regards to Lime’s Al
development, a sufficient congested and filtered version of customer thoughts was conveyed
to us. These ideas proposed by the stakeholders laid the foundation for the areas of interest
that we later experimented on. Therefore, we likely covered the most requested ideas from
customers but may have missed more niche ideas. Further research could therefore have been
beneficial, but would likely provide only marginal improvements to our areas of interest and
was therefore not investigated further in this thesis.

5.1.3 Phase 2

Our iterative process for Phase 2 was successful, since we could conduct experiments that
were built on each other. Our choice to perform a broad exp]oration with mu]tiple iterations
was well suited for this thesis since the domain knowledge at the start was low, the risk of
going into depth on a technique that would prove to not be suitable was substantial. There-
fore, utilizing iterations that were built on knowledge from previous experiments allowed us
to decide when sufficient knowledge was acquired.

The method used to create new databases was time-consuming, meaning that a significant
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portion of the iterations was spent setting up the required environments. While the exact
design of these databases is not the focus of this thesis, the time required to migrate the data
was initially underestimated. When we decided not to attempt to create a fully automatic
process for the migration, we expected the diligence required to ensure accurate migration
for manual migration to be a lesser task, than it proved to be. We did not analyze methods
for automatic migration, Lime’s modular design provides an additional challenge because
solutions can have different dacabase structures. This is something that has to be furcher
investigated by Lime to understand the possibilities of a production ready infrastructure.

In hindsight, it would be interesting to conduct a further investigation of how the retriever
for the SQL database could be improved, which would create a more fair comparison with the
current database structure of the solution. We expected the SQL database to underperform
against the graph database, but without an experiment optimizing the retrieval mechanism
for the SQL database, a definitive conclusion cannot be drawn.

The method used to evaluate our experiments included human evaluation of accuracy. This
raises the question whether it would have been a better method to use LLM-as-a-judge instead
to reduce the manual time needed for evaluation which would give more time for further
experimentation. Existing studies suggest benefits of LLM-as-a-judge, especially in regards
to scalability, adaptability and cost-effectiveness [6]. However, the importance of accuracy
for our experiments may dissuade this use, since we specuiate that our human evaluation is
prone to less accuracy errors than an LLM-as-a-judge method. If human evaluation becomes
unsustainable, due to more rigorous test, LLM-as-a-judge would be increasingly suitable.

5.2 Discussion of Results

There are several factors that affected the results of this thesis that may have been overlooked
in the thesis. Therefore, to ensure that there is transparency with what may have contributed
to any bias, we will critically discuss the results.

In this section, we start by discussing potential threats to the validity of the results. This
is followed by an examination of their generalizability. Lastly, we analyze the scalability of
the findings, specifically addressing how they would be impacted by larger, more realistic
datasets.

5.2.1 Threats to Validity

The datasets used for this project were not from production databases, but datasets created
to demonstrate functions and features. That could result in that the data structures we con-
ducted our evaluation on are not representative of production databases. Data sanitation
of the database was performed manually and should have increased its similarity to a pro-
duction database by removing clear test data, but data sanitation also risks removing real
connections and data resulting in decreased complexity of the database.

The accuracy evaluation of the experiments was conducted solely with human evaluation.
That ensured that it was consistent and fair evaluation, but in less coverage of the database
was tested since the time consuming process of evaluating correct results. This leads to the
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fact that some parts of the database that were not tested could have performed worse or
better, but was never evaluated by our test suite.

There is a potential issue with the questions in the test suite that they include a hidden bias
towards questions that the system could answer. This was something that was known when
designing the test suites, but no alternative methods were found. To be able to create the test
questions required knowledge about the data in the database, therefore we manually created
the test suites.

The test questions also risk not including the scenarios that real users would ask from the
system. From the interviews we analyzed what type of questions stakeholders expected users
to prompt, but that information might not cover all question types. There are many ways to
ask a question, and our test questions might have a tone or semantic structure that users do
not use with real questions. All of the reasons stated are factors that might affect the results
of our evaluation.

5.2.2 Generalizability

The resules of this thesis are not directly affected by the environment in which the study was
conducted. Our designed framework creates a layer of independence from the Lime solution,
the only part that was Lime specific was the exact database structure. That means that the
same results should be achieved in another context.

The component that is needed for this technique is an SQL database with a large number
of relations. Without the high number of relations, the benefit of graph database is reduced.
For Lime, the modular design of the solutions introduces additional challenges with a specific
migration required for each solution. This is something that other systems can automate in
a more efficient procedure.

5.2.3 Scalability

In this thesis, we were unable to experiment and investigate the effects of scale as initially
planned in the research questions. The reason for that was the lack of possible databases that
provided the required scale. Our largest database had 5,500 nodes and 13,500 edges. There
was no practical or time-efficient method for populating the database with synthetic data, as
simply duplicating existing records or adding arbitrary filler data would have compromised
the retrieval mechanisms rather than accurately testing the database at scale.

The research question about scalability can be divided into two sub meanings that we will
discuss in this section. Firstly, we will discuss how the performance of database types are
affected by size. After that we will discuss how scalable the databases are for Lime, if its
feasible to introduce these techniques to all their customers.

Effect of Database Size

This section will discuss the effects of increasing the database size for the two database types
used in this project. The discussion will be theoretical, since no experiments were conducted
on a sufficient size to get results on how scale affects the performance.
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All dacabases are affected by an increase in data but are affected differently. For an SQL
database a costly operation is the join operation that is performed multiple times when re-
trieving complex data for a chatbot. That is a cheap operation for a graph database since they
are built around relations [19].

For a vector database, it suffers from semantic crowding when more entries are added. This
reduces the accuracy when the database size increases [26]. These examples show that archi-
tectures are affected by size in different ways.

Scaling of Customers

To scale the integration of the chatbot towards customers, there are two important factors
to consider. First, there are the setup costs associated with integrating the chatbot with the
modular design that Lime offers. Since every Lime customer has their own unique solution,
requiring custom integrations and database migration of every solution could be costly and
something that may not scale well in production.

Another aspect is the infrastructure that is needed for the traffic load of a large number
of customers. When discussing with the Lime engineers there was a concern surrounding
architectural constraints and whether graph or vector databases could lower these as opposed
to traditional SQL databases is difficult to say. Our results point towards that our solutions
could lower the number of tool calls as opposed to Lime existing SQL solution, but if it
lowers them to a point where it would scale signiﬁcant]y better for customers have not been
evaluated.

5.3 Related Work

To understand what insights this thesis contribute to the academic field it is important to
place and compare it to other work that interconnect with ours. Without this foundation
in academia, it is difficult to establish whether our work strengthens, weakens or completes
related work. This section presents four papers from our research field that will be introduced
and discussed in relation to our work.

5.3.1 Retrieval-Augmented Generation for Large Lan-
guage Models: A Survey

This paper provides a comprehensive overview of the current landscape surrounding RAG
[5]. Techniques discussed in the paper have been used in our study, though our investiga-
tion evaluates them in a real world scenario and, therefore provides further insight into the
techniques.

Summary

The primary problem addressed in this paper is the overwhelming volume of distinct tech-
nologies and concepts that surround the new research context of retrieval for LLMs. Addi-
tionally, it secks to address the lack of clarity regarding the way RAG systems are evaluated.
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The purpose of this paper is to provide a necessary overview of the current RAG environ-

ment.

This paper provides a detailed description of techniques across the multiple steps of the
retrieval process. The contributions can be categorized into three main areas. Firstly, it
classifies RAG systems into three levels: Naive RAG (minimal/traditional setup), Advanced
RAG (includes pre/post-retrieval strategies), and Modular RAG (supports dynamic patterns,
loops, and query rewriting). Secondly, it provides a deep dive into the retrieval component,
highlighting how data structure (structured vs. unstructured) affects retrieval and introduc-
ing query processing techniques to enhance LLM understanding. It also covers generation
techniques, such as re-ranking to highlight pertinent documents and context compression
to reduce noise. Third, the paper outlines evaluation techniques, specifically focusing on
quality scores (context relevance, answer faithfulness) and required RAG abilities like noise
robustness and negative rejection.

The paper conducts a comprehensive survey and an overview of the retrieval component
responsible for collecting contextual information

The paper concludes that RAG systems have evolved beyond linear approaches to Modular
RAG, where the model can generate context before searching or loop between steps. Re-
garding generation, it highlights that noise reduction is critical because, like humans, models
may forget information in the middle of long texts. Ultimately, the paper serves as a strong
starting point for technical professionals new to this specific area.

Discussion

The authors of this paper have provided an overview on how techniques can be used in iso-
lation and in terms of accuracy. This study evaluates one of our evaluation parameters on
multiple methods for the same strategy. The lack of information surrounding other factors,
such as 1ater1cy, is something our study turther investigates. According to our interviews, an
accurate system that is too slow will not be sufficient for many use cases.

5.3.2 Model Context Protocol (MCP): Landscape,
Security Threats, and Future Research Direc-
tions.

Since our work utilizes MCP servers as a contemporary solution for integrating tools with
an LLM, one naturally reflects on whether such technology will continue to be an alternative
in the future. One has to reflect on the security aspects of MCP when considering deploying
their solution to customers in the future. This article [9] provides perspective on how these
aspects may affect our solution and Lime as a future MCP integrator.

Summary

The Model Context Protocol (MCP) is a relatively new open source tool for Al integration.
Prior to MCP, Al applications relied on manual API wiring that required custom authenti-
cation and error handling for each APL This has led to a large interest in MCP servers from
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Al stakeholders. Prior to this paper there were little overviews given to MCP servers and
industry stakeholders lacked knowledge in the key phases of MCP. There were also no pa-
pers on its future development and sustainability in enterprise software that prompted the
authors to write their paper.

This paper makes four significant contributions. It provides a comprehensive analysis of
MCP’s architecture, detailing three core components: MCP host, client, and server. Secondly,
it defines the MCP server lifecycle across creation, operation, and update phases, identifying
security vulnerabilities for each phase including name collision, tool conflicts, and privilege
persistence. Third, it examines MCP’s adoption landscape, documenting integration by Ope-
nAl, Anthropic, Cloudflare, and the community ecosystem. Fourth, it proposes mitigation
strategies and outlines future research directions for scalability and governance.

The authors used architectural analysis, lifecycle-based threat modeling, and ecosystem sur-
veys. They investigated MCP components and map communication workflows through the
transport 1ayer. The security analysis systematically examines vulnerabilities at each life cy-
cle phase (creation risks, operation risks and update risks). Ecosystem analysis involved data
collection as of March 2025, surveying platforms such as MCP.so and Glama while also doc-
umenting industry adoption patterns.

The paper concludes that the field of unifying LLMs and KGs is a field that has actracted
a lot of attention and that their research might provide guidelines that can advance future
research. They envision multiple milestones on the road map of unification and present the
three stages in which they view increased research.

Discussion

The authors identify security vulnerabilities in MCP implementations, particularly regard-
ing information disclosure through lengthy tool descriptions. Our development experience
at Lime provides some support for these concerns. During implementation, we observed in-
stances where the chatbot exposed detailed information about database patterns and system
architecture, potentia] ]y creating attack surfaces for malicious actors. However, we acknowl-
edge that these observations were informal and did not rely on systematic security evaluation.

The novelty of MCP as a protocol means that security practices remain underdeveloped com-
pared to mature alternatives. While our observations cannot quantify actual risk levels, they
suggest that the security considerations raised by the authors merit attention from MCP
users. Organizations integrating MCP-based systems, such as Lime, should conduct thorough
security assessment before production deployment, as the protocol’s may be vulnerable.

5.3.3 Unifying Large Language Models and Knowl-
edge Graphs: A Roadmap

This article details the benefits of unifying LLMs and knowledge graphs to reduce limitations
of LLMs such as hallucinations and lack of domain-specific knowledge [15]. Despite utilizing
knowledge graphs as opposed to graph databases, this article tackles a similar problem to our,
which is to make a LLM context aware with the help of more semantically rich graphs.
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Summary

Large Language Models (LLMs) show strong performance in many areas. However, they are
difficult to interpret for humans due to their “black box models” and their reasoning is not
always easy to grasp. This has partly been fixed with the introduction of chain of thoughts
that explain the steps an LLM takes, but this reasoning still suffers from hallucination is-
sues. The authors therefore argues that LLMs are unsuitable in their current state for high
stakes scenarios which demand correct answers. To address these issues the authors propose

a potential solution of introducing knowledge graphs (KGs) into LLMs.

The paper makes four main contributions. First a roadmap covering the integration of LLMs
and KGs that include three general frameworks for their unification. Secondly, they present
detailed categorizations of integration strategies for each framework of the roadmap. Thirdly,
they present emerging techniques for both LLMs and KGs. Lastly, a summary of challenges
and future work is presented for further research possibilities.

The paper is primarily structured as a licerature review. The authors analyze recent research
on LLM-KG integration and organize their findings. The roadmap is developed by examin-
ing architectural designs, integration strategies, and application domains across many stud-
ies.The methodology is analytical and qualitative with the focus on providing insights and
direction to the field of LLM and KG integration.

The paper concludes that the field of unifying LLMs and KGs is a field that has attracted
a lot of attention and that their research might provide guidelines that can advance future
research. They envision there being multiple milestones in the roadmap of the unification.
And present the three stages they view increased research in.

Discussion

The difference in database structures limits the extent to which findings that the authors
found to also be applicable on our work. However, there are several findings of the authors
that strengthen our work. For example, our graph database is used for knowledge injection
at inference-time. The authors claim that this is preferable when you have knowledge that is
subject to change, which is certainly the case with CRM data.

The authors also present future work that strengthens our suspicions of scalability issues for
large graphs. They claim that they foresee challenges with scaling knowledge graphs while
maintaining real-time streaming efficiency and overall performance. This is something that
we suspects as an important issue for Lime to consider if they decide to migrate towards

graph or knowledge graphs.

5.3.4 Comparing RAG and GraphRAG for Page-Level
Retrieval Question Answering on Math Text-
book

This paper has conducted an experiment on how graphRAG and RAG compare when creat-
ing a QA bot [3]. The experiment conducted uses a similar database to ours, but in another
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domain and use case. This makes it interesting to compare the findings to understand how
generaiizab]e tiiey are.

Summary

With the development in LLM technologies there is a question of how it can be utilized in
modern learning and as an Al tutor. This study specifically analyses how Al enhanced with
RAG would perform as a QA application connected to a math textbook at undergraduate
level. With both question answering and reference providing the correct page in the book.

This paper’s contribution is to answer the question of how traditional RAG compares to
graphRAG for retrieval in this educational environment. It analyses the process to convert
the book into retrievable data, how different embedding models and re-ranking affects RAG
and how LLM models and embedding models affect the findings.

From the paper it is clear that RAG with re-ranking is the retrieval method that performs
best. In all 3 types of score that is presented in the paper, RAG is the best option. For
context size the graphRAG consumes 10x the tokens of a RAG system, and in both accuracy
and precision Rag with re-ranking performs better. But the authors of the paper argue that
even RAG does not perform at a sufficient level for usages reaching an accuracy level of 70%
which they argue would be too low to be trusted as a tutor.

Discussion

The authors of this paper provide results on how RAG and grathAG compares that aiigns
with other studies, that RAG outperform graphRAG for QA bots on unstructured data with
single-hop and detailed answers [8]. Our thesis uses similar database types but structure it
from structured data, and use another method for retrieval, graph traversal. In our experi-
ment with vector embedding of nodes we experimented with a more similar method. This
paper Clarify, that the increased compiexity graphs introduce does not result in perfbrmance
improvements.

5.4 Future Work

During our thesis there was work that we did not have the time or means to investigate
furcher, there were also ideas that arose from our experiments that could benefit from furcher
work. To make sure that our research can be further improved and expanded we present some
areas of interest which could be a basis for future work.

Large scale evaluation with a production database

Since we did not have the possibility to conduct our experiments on a 1arger database or a
production database, there is no conclusive answer to how the different database types would
perform on a larger scale for a CRM system. As stated in the related work [15], there is also a
general need for further evaluation of scalability when graph or knowledge databases are used
with LLMs. The performance metrics proposed in this thesis could serve as benchmarks for
this research and an analysis of architectural constraints that appear as demand grow could
also be of interest.
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Rights management system

The security of the chatbort is something that this thesis did not investigate. All users had
access to all information through the chatbot, but in an enterprise environment that is not
the case. Future work could therefore be to analyze how a secure and efficient solution for
this could be designed and implemented. This could also involve securing the MCP servers
as brought up in the related work [9].

Streaming 0{" data between databases

For the experiments, we created new databases from snapshots, but in production, databases
constantly update and change. In the case of chatbots that can alter data in the database,
the streaming has to be bidirectional between the databases. This was something that was
outside of the scope of this thesis, but needs further investigation for effective methods to
stream data between databases.

How LLM choice affects the result

This thesis did not focus on how different LLMs impact the retrieval logic for the MCP
server as we used the same model throughout our work. We suspect that the model can
impact the evaluation parameters in multiple ways. Our strongest suspicion is that LLMs
with weaker logical reasoning might struggle with correct tool usage, since tool descriptions
can be difficult to interpret correctly. The exact differences between models and their impact
must be further analyzed in future research to determine best practices.
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Conclusion

This thesis explored the use cases for a chatbot within a CRM solution and identified system
requirements and critical evaluation parameters for this context. Based on these ﬁndings, we
conducted an experimental phase to evaluate how different database types performed given
our context.

User interviews highlighted primary needs, with the focus on retrieving data from both scruc-
tured databases and unstructured documents. The interviews also identified accuracy and
latency as the most important evaluation parameters, while token usage emerged as an eco-

nomic constraint.

The experimental resules demonstrate that while graph databases provide high accuracy for
data traversal, they suffer from latency and token usage issues due to multiple tool calls for
each retrieval. However, later experiments suggest that incorporating vectorization in the
graph can reduce latency and token costs. Furthermore, the inclusion of a vector database
for unstructured documents proved to be highly efficient, requiring only a single tool call
and achieving low latency and token usage while maintaining high accuracy.

This study contributes to the field by evaluating alternative database types for chatbots for
the CRM field. We conclude that a system combining a graph database for structured re-
lationships and a vector database for unstructured content provides a reliable and effective
architecture. These conclusions provide guidance and will assist future decisions on which
database and belonging techniques a chatbot should utilize. Future work should focus on
implementing this approach in large-scale production environments to furcher validate these

findings.
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Appendix A

Test Data

A.1 Ilteration 2
A.1.1 Test Suite

Test cases configuration for automatic testing of the MCP server.
Each test case can include:

+ id: Unique identifier for the test

« prompt: The message to send to the Al

+ expected_output: Description of expected result

TEST_CASES = [

# --- DIRECT LOOKUPS ---
{
"id": "DIRECT_LOOKUP_1",
"prompt": "Show me the details for the account Malmé FF",
"expected_output": "Active customer, Martin Fredlund (
responsible), Erik Perssons vag 30, support@malmoff.se, etc.",
},
{
"id": "DIRECT_LOOKUP_2",
"prompt": "List the contact methods for Bosse Larsson",
"expected_output": "+460564959, bosse.larsson@guden.se",
3,
{
"id": "DIRECT_LOOKUP_3",
"prompt": "How much value is associated with the deal Lime

CRM Full Digitalization Project at panduro hobby AB?7",
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"expected_output":

},

{
"id": "DIRECT_LOOKUP_4",
"prompt":
"expected_output":

1,

# --- GRAPH TRAVERSAL ---

{
"id": "GRAPH_TRAVERSAL_1",
"prompt": "Which people work

Lund?",

"expected_output":
Tommas Davoust",

},
{
"id": "GRAPH_TRAVERSAL_2",
"prompt": "Show me the deals
Fredlund",

"expected_output": "Lime CRM
Lime CRM Automated Notifications

+,

# --- FILTERED QUERIES ---

{
"id": "FILTERED_QUERIES_1",
"prompt":

over 100 0007",
"expected_output": "5 deals",

3,

{
"id": "FILTERED_QUERIES_2",
"prompt":

of?",

"expected_output":

Engros Specialisten A/S, IKEA AS,

T-BYG, Vandelay Industries AB,
, NTA Ejendomme",
} 1)
{
"id": "FILTERED_QUERIES_3",
"prompt":

excluding duplicates?",
"expected_output":
inte utesluts)",

"9 unique

3,
# --- AGGREGATION & ANALYTICS --
{
"id": "AGGREGATION_ANALYTICS_
"prompt":

of companies?",
"expected_output":

+,

"Which department does Armand Duplantis

"Isaac Kiese Thelin,

Veidekke ASA,

"Fredrik Eriksson,

"394 000 SEK",

work at?"

"Sales Department",

at Lime Technologies AB in

Oscar Bjelvert,

associated with Martin

Unified Data Migration Bundle,
Suite",

"How many of Magnus Fagerlunds deals are valued

"Which company-names do there exist two or more

"9 companies have exact duplicates:

Lime Technologies AB, Sepa 0Y,

Vadlinge Innovation

"How many companies start with the letter N

companies (10 om dubletter

2Il’

"Which person is responsible for the most amount

40u’
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{

"id": "AGGREGATION_ANALYTICS_3",

"prompt": "Rank the top three deals won by salespersons
excluding Magnus Fagerlund",

"expected_output": "Processkonsult till chokladfabriken (

Tomas Eketorp), Lime CRM Full Digitilazation Project (Fredrik
Ekman), Lime CRM Opportunity Pipeline Redesign (Johan Dahlin)",

1,
# --- ERROR HANDLING + AMBIGUITY MANAGEMENT ---
{
"id": "ERROR_HANDLING_AMBIGUITY_1",
"prompt": "Get data for company SAAB AB",
"expected_output": "No such company exists",
},
{
"id": "ERROR_HANDLING_AMBIGUITY_2",
"prompt": "Show me information on Viktor Eriksson",
"expected_output": "There are two Viktor Eriksson. Should
spot and declare that",
1,
{
"id": "ERROR_HANDLING_AMBIGUITY_3",
"prompt": "List deals for company Malmé FF",
"expected_output": "No deals exist",
3,
{
"id": "ERROR_HANDLING_AMBIGUITY_4",
"prompt": "Is there a coworker named Sergei Bubka?",
"expected_output": "No but there is one named Sergey Bubka
3,

Listing A.1: Test Suite iteration2

A.2 Ilteration 3

A.2.1 Vectorization of Nodes

Test Suite

TEST_CASES = [
# --- EMBEDDING TESTS FOR LEADS ---

# HIGH-VALUE SEMANTIC TESTS

{
"id": "HIGH_VALUE_SEMANTIC_1",
"prompt": "Find leads who requests immediate purchases",
"expected_output": "Gubriella Fleed (Fleed Food Services),

Magnus Fagerlund (Lime Technologies), Carlito Corleone (Corleone

Cafe)",
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3,
# SYNONYM AND VARIATION TESTS
{
"id": "SYNONYM_VARIATION_1",
"prompt": "Find leads that are looking for sponsors",
"expected_output": "Johan Andersson, Erik Botheim, Torsten
Nyman",
},
{
"id": "SYNONYM_VARIATION_2",
"prompt": "Find leads looking for a couple dozen coffee
makers",
"expected_output": "Torsten Flinckman (Flinck Foundations)"
3,
# INTENT-BASED QUERIES
{
"id": "INTENT_BASED_1",
"prompt": "Find spam or low-quality leads that bring up
celebrities",
"expected_output": "Erik Botheim (Haalands polare)",
1,
# SPECIFICITY TESTS
{
"id": "SPECIFICITY_1",
"prompt": "Find leads interested in Robusta coffee beans",
"expected_output": "Corleone cafe and special offers",
},

Listing A.2: Test Suite Vectorization of Nodes

A.2.2 Vectorization of Documents

Test Suite

TEST_CASES = [
#Document retrival (PDF)

{
"id": "D_1",
"prompt": "What observations were made about maria
magdalena kyrkan from the inspection?",
"expected_output": "OBSERVATIONS: "
"1. Exterior Facade: - Condition: Good. - Notes: No visible
cracks. Stone cleaning recommended for the north side. "
"2. HVAC & Climate Control: - Condition: Action Required. -

Notes: The heating unit in the main hall is operating at 70%
efficiency. Filters need replacement immediately. "

"3. Fire Safety: - Condition: Compliant. - Notes: Fire
extinguishers were last serviced in Jan 2025. Next service due
Jan 2026.",
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1,
{
"id": "D_2",
"prompt": "Can you summarize the RFP response for Lego A/S?
n
"expected_output": "A detailed bid for a global CRM rollout
Has lots of info.",
1,
{
"id": "D_3",
"prompt": "Who wrote the final signature from the client
side when Indiana Jones signed off the PAC document?",
"expected_output": "Dr. Henry Jones jr.",
}:
{
"id": "D_4",
"prompt": "Who sent the DSAR in September 2025, requesting
all their personal data?",
"expected_output": "Tove Jansson Turku, Finland Email:
tove@moominvalley.fi",
1,
{
"id": "D_5",
"prompt": "How long was and when did the meeting of the

internal risk committee take place?",

"expected_output": "
Transcript_Internal_Risk_Meeting_Nov2025, Start 14:00 for 45 min
, 24 Nov",

},
#Images
{
"id": "I_1",
"prompt": "How many images of flowers are there in the
system?",
"expected_output": "6 from Lego",
+,
{
llidll: III 2",
"prompt": "Can you show me images of klarnas marketing?",
"expected_output": "Should list 3. Marketing, Marketing2,
Cybermonday",
+,
{
"id": "I_3",
"prompt": "Can you show me an image of a lego set that has
the dark version?",
"expected_output": "Opens image of Dark Flacon",
3,
{
"id": "I_4",
"prompt": "Are there any images special edition objects?",
"expected_output": "Yes, found atleast 2",
3,
{
"id": "I_5",
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54 "prompt": "Are there any image that is video game related?"

55 "expected_output": "Lego Star Wars: The Complete Saga",

Listing A.3: Test Suite Vectorization of documents
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