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A B S T R A C T

Recent advancements in Large Language Models (LLMs) and Generative Artificial Intelligence (GenAI) have 
revolutionised software engineering (SE), augmenting practitioners across the SE lifecycle. In this paper, we 
focus on the application of GenAI within data analytics—considered a subdomain of SE—to address the growing 
need for reliable, user-friendly tools that bridge the gap between human expertise and automated analytical 
processes. In our work, we transform a conventional API-based analytics platform into a set of tools that can be 
used by AI agents and formulate a process to facilitate the communication between the data analyst, the agents 
and the platform. The result is a chat-based interface that allows analysts to query and execute analytical 
workflows using natural language, thereby reducing cognitive overhead and technical barriers. To validate our 
approach, we instantiated the proposed framework with open-source models and achieved a mean overall score 
increase of 7.2 % compared to other baselines. Complementary user-study data demonstrate that the chat-based 
analytics interface yielded superior task efficiency and higher user preference scores compared to the traditional 
form-based baseline.

1. Introduction

Artificial General Intelligence (AGI) is a controversial and yet not 
fully defined term that aims to describe artificial intelligence systems 
that have capabilities equal to the level of humans (Morris et al., 2023). 
Even though this term is loosely defined and can be dated years ago 
(Goertzel and Pennachin, 2007), research breakthroughs in recent years 
have raised its popularity. Advances in Generative Artificial Intelligence 
(GenAI), which is a subset of AI, and specifically innovation in the field 
of large language models (LLMs), significantly increased the interest in 
AI, as LLMs indicate vital signs of AGI (Bubeck et al., 2023). Since the 
introduction of GPT-3 (Brown et al., 2020), the usage of LLMs in areas 
such as education (Kasneci et al., 2023) and medicine (Thirunavukarasu 
et al., 2023) has increased, due to the opportunities that the models can 
offer. The field where the technologies of GenAI had the biggest impact 
was in software engineering, where LLMs have been extended to support 
a variety of software engineering tasks (Hou et al., 2023) by both per
forming specific tasks autonomously, such as unit testing (Schäfer et al., 

2023), or acting as an intelligent assistant and supervisor, empowering 
software engineers and enhancing the efficiency of software engineering 
tasks. In contrast, the introduction of such models in applications also 
comes with challenges that are constantly increasing and evolving 
alongside the technology, creating limitations. The main challenges 
affect the reliability and accuracy of the models (Kaddour et al., 2023, 
Zhang et al. 2025), where their capabilities must be formed and guided 
to follow specific processes (Moncada-Ramirez et al., 2025), especially 
when their impact is critical, and work with sensitive data.

Our work focuses on automating data science software engineering 
tasks. Data Science can be formally defined as the process of extracting 
knowledge from data by collecting, analysing, interpreting, and gaining 
insights using scientific methods, algorithms, and systems to make data 
more understandable and valuable (Cao, 2018). Given the complexity of 
data science projects and related demand for human expertise, auto
mation has the potential to transform data science software engineering 
tasks (De Bie et al., 2021). Our broader goal is to design, develop, and 
implement a framework that incorporates AI, for automating or 
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supervising and assisting data science software engineering tasks, such 
as: developing software systems for organizing and storing data so that 
they can be accessed and used when needed; software tools for pro
cessing and visualizing data; as well as creating and testing applications 
that extract, process, visualize and analyze insights from data.

Existing approaches primarily focus on integrating AI within plat
forms as copilots or addressing specific stages of the analytics lifecycle. 
Most of these methods leverage AI to automate technical and software 
engineering aspects of data science (or analytics). In contrast, our work 
differentiates as it (1) considers the whole lifecycle of analytics, (2) in
vestigates the exposure of platform functionalities as tools accessible to 
external systems and (3) presents a systematic framework to design 
agentic workflows related to analytics. In this sense, our approach fo
cuses on transforming the interaction of a traditional API-based ana
lytics platform into a conversational interface that employs multiple 
LLM-based agents. The platform’s services are converted into tools for 
the agents, which grant them access to several entities, algorithms, and 
functionalities related to analytics. We propose a framework to imple
ment agentic workflows for the analytics lifecycle, composed of states, 
tasks, agents and tools, in order to enable a humane communication 
with the analytics platform. Specifically, our research aims to augment 
users’ interactions in multiple analytics lifecycle steps, allowing them to 
request results, retrieve platform entities, build analyses and get algo
rithm explanations in natural language. The main contributions of our 
work are: 

• A methodology to systematically design agentic workflows to 
augment data analytics

• Enhanced analytics platform with function-calling capabilities based 
on existing protocols that enable the integration with external GenAI 
systems

• Experiments that compare three architectures across different cases
• Feedback from users in the context of a real-world use case

The rest of the paper is structured as follows: Section 2 presents an 
overview of related work, introduces the analytics platform, and pro
vides a detailed analysis of the challenges and enablers associated with 
LLMs. Section 3 describes the proposed framework, outlining its key 
components and the adaptations made to the analytics platform. In 
Section 4, experiments are conducted to evaluate an instantiation of the 
proposed framework against two baselines, highlighting some key 
findings as well as a study to receive feedback from users. Section 5
discusses the outcomes, limitations and future research directions. 
Finally, Section 6 concludes with a summary of our work and 
contributions.

2. Background

2.1. Related work

As mentioned earlier, there is a huge effort to combine GenAI and 
specifically LLMs with the fields of Computer Science and Software 
Engineering, with the ultimate goal of automating procedures and 
making autonomous systems. Researchers have already started assessing 
and exploring the usage of AI-powered systems in the field of data sci
ence in general. For example, Diaz-de-Arcaya et al. (2024), performed 
an extensive systematic survey about MLOps and AIOps, highlighting 
the challenges and opportunities of those fields while also mentioning 
the field of Data Science. From their findings, several limitations and 
solution directions arise, especially in the field of data science, which to 
some extent we try to address and approach with our work. Another 
similar study examined challenges in data science assisted by LLMs, 
focusing on the conversational aspects, and evaluating the performance 
of data analysts in executing 4 Tasks while using ChatGPT (Chopra et al., 
2023). The authors, based on their experiments found obstacles in the 
communication between the subjects and the model and tried to suggest 

possible solutions by providing some recommendations.
Despite the plethora of related work in the field of AI and data sci

ence, proposed approaches specifically incorporating LLMs in the ana
lytics lifecycle are quite limited and usually only address a small section 
of the procedure. Starting from the first step of the analytics lifecycle, 
which is Data Preprocessing, Zhang et al. (2023), tried to use LLMs and 
experiment with them on different data preprocessing tasks. By 
combining different methods such as Few-shot and batch prompting, 
they tested several models on different datasets and examined their 
scores. Hollmann et al. (2023), proposed a pipeline where the LMM can 
be tasked with the feature engineering part of the data, where it itera
tively applies data manipulation actions and tests the performance of ML 
models. Li et al. (2023), introduced a framework of a multi-agent system 
empowered by an LLM delegating the process of training an ML model to 
the various agents needed. Additionally, researchers proposed frame
works that cover data science processes close to the analytics lifecycle, 
covering common steps. For example, Kotaru (2023), proposes a copilot 
that helps with tasks such as retrieval and analytics tasks on operator 
data while also executing code. John et al. (2023), proposed DataChat, 
which is an intuitive and interactive platform for data analytics. Its main 
goal is to remove the necessity to use code in data analytics and provide 
an architecture that handles data processing and machine learning 
through natural language. Finally, it is important to mention that 
already a lot of software solutions related to analytics have included in 
their features tools and assistants powered by AI which help the user 
with tasks related to the available tools. Despite their numerous func
tionalities and features those solutions are mostly focused on data sci
ence and their scope is limited to a subset of the analytics lifecycle, 
usually either to the technical and coding parts (Microsoft, 2023; 
OpenAI, 2023; Project Jupyter, 2025) of the process or at the visuali
zations and descriptive analytics (Databricks, 2023; DataChat Inc, 2025; 
Polymer Search, 2024; Qlik, 2025; Salesforce, 2025).

2.2. Challenges

LLMs have shown promising results in areas such as SE, but they 
carry some limitations regarding their usage. Research has already been 
conducted to identify such problems as the impact of LLM-based systems 
and their ethical challenges, such as bias, privacy and security, over
reliance, explainability, reliability, and many more, with some scientists 
focusing primarily on the field of education (Hadi et al., 2023; Kasneci 
et al., 2023; Ray, 2023). In this work, we focus on technical challenges 
that impact their performance and capabilities as described by Kaddour 
et al. (2023). Specifically, the challenges of interest are around the areas 
of (1) Context length, (2) Prompting, (3) Hallucinations and misalign
ment, and (4) Outdated or Limited Knowledge, which hinder their usage 
in specific applications. The first two areas are somewhat correlated, as 
the prompting capabilities are mainly limited by the size of the model’s 
input, in the case of LLMs, the context window. The size of the context 
window limits the amount of input and information the model can 
accept, restricting its ability to get external information and be guided 
with instruction prompting. The latter two areas are also related, as the 
limited and outdated training datasets on which the model was trained 
might lead to hallucinations and misinformation. Although the lack of 
updated knowledge can be a factor for hallucinations, it is not the only 
one, as LLMs can also have faulty reasoning and misunderstanding of the 
input data and instructions (Maynez et al., 2020) and even perform 
worse depending on the location of information inside the context 
window (Sun et al., 2023).

As previously discussed, the main functionality of LLMs is the pre
diction of the next token or word of a sequence, which is rather simple 
and shallow considering their emerging capabilities. Researchers in the 
field saw great opportunities to leverage that simplistic – at the start - 
functionality of LLMs; thus, a vast number of methodologies and tech
niques have already been developed to shape and extend their func
tionality. In our work, we refer to all those techniques as “enablers” as 
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they enable the technology of LLMs to be integrated and adjusted to the 
proposed framework. The rest of this section focuses on those enablers, 
which are categories of methodologies relevant to our work grouped: (1) 
Prompt engineering (how to instruct the model), (2) Knowledge injec
tion (providing the model with specific information), (3) Memory 
expansion (how to manage the memory limitations), (4) Tool usage / 
Function calling (allowing the model to interact with external tools), (5) 
Fine-tuning (adjusting the model through training), and (6) AI Agents 
(having multiple AI agents, covering different aspects). Even though 
there is some overlap and correlation between the enablers, we try to 
group them based on their main contribution and how they are 
implemented.

2.3. Enablers

Prompt engineering: One of the first methodologies that re
searchers experimented with was under the umbrella of the term 
“Prompt engineering” which is used to describe how to create and 
manage the input text that is given to the LLM to be programmed (White 
et al., 2023). Before diving into prompt engineering, it is important to 
note that this enabler is mainly performing better to a category of LLMs 
called Instruction fine-tuned, which are fine-tuned to follow instructions 
of the user and are going to be analyzed in more detail in the Fine-tuning 
section. With prompt engineering, the models are given specific prompts 
(inputs) that are, in a sense, instructions on how to proceed. Thus, the 
instruction fine-tuned models are better suited for this. The main prin
ciple of prompt engineering is to format and shape the input given to the 
LLM to improve its performance and alignment with the user’s request. 
The final prompt given to the model does not have to be the same as the 
one given initially by the user, but rather an expanded prompt that in
jects instructions or relevant information for the LLM and incorporates 
the user's input. This is quite handy when the model has to fulfil the 
user's request but also has to follow a specific system approach or 
consider any limitations and boundaries. In addition, prompt engi
neering can be used to guide the model on how to “think” and reason, 
pushing it to work closer to what a human would think and act. Several 
general prompt engineering methodologies have been created that help 
the model reply and think with a structured flow, resulting in 
better-performing results (Wei et al., 2022; Yao et al., 2023a). Moreover, 
the construction of prompts can also help minimise the risk of challenges 
such as hallucinations and is also used by other enablers such as 
knowledge injection and AI agents that are further analysed in the 
following subsections.

Knowledge injection: One of the key downsides of LLMs is the 
limited or outdated data that they were trained on, which can drive 
them to produce hallucinations or outdated information. As mentioned 
earlier, LLMs are trained on a huge corpus of data, which makes their 
training expensive in terms of both time and computational power. This 
means that their re-training to incorporate updated or specific knowl
edge is not a viable option. One of the abilities of LLMs is to adapt their 
output based on information given through their context window. With 
the help of prompt engineering, requests can be enhanced to include 
specific information that provides context to the LLM and helps it pro
duce reasonable and more accurate answers. One of the first approaches 
for providing knowledge to LLMs was the method of Retrieval- 
Augmented Generation (RAG) proposed by Lewis et al. (2020). The 
authors argue that utilising hybrid models with parametric and 
non-parametric memory can solve some of the problems of Pre-trained 
Language Models (PLM), by retrieving relevant information from 
external documents based on a similarity search on the input tokens. A 
similar approach that will be covered in depth later in this section is the 
utilisation of function calling, where models can use code to execute 
functions and retrieve external information. Similarly, with RAQ, the 
models can get external information but are not limited to documents or 
the similarity search, as they can also get the information from other 
sources like databases, the internet, etc. Another approach that tries to 

diminish the problems of LLMs related to knowledge is to connect them 
with Knowledge Graphs (KG). Researchers have already developed 
novel methods for connecting the two components, with different views 
on how they are connected or how one supplements the other. Based on 
this paper (Pan et al., 2023), LLMs and KGs should complement each 
other in a way that is synergised to cover each other’s weaknesses.

Memory expansion: The two previous enablers contribute to 
guiding the model and providing specific information aiming to increase 
its performance on a task, but unfortunately, both inherit and also 
contribute to another limitation of LLMs, which is the limited context 
window. Custom prompts and external knowledge can work well with 
the LLMs, but what happens when there is insufficient space? The 
context window is the input and what the mode can “see” and has a 
finite size that cannot be changed, contributing as a constraint factor on 
the available space that the prompts and knowledge can be applied. One 
logical assumption is to increase the context window size and thus the 
model size, which is rather tricky as the transformer architecture doesn’t 
scale linearly in terms of needed memory, making its continuing 
expansion not feasible or reasonable after a certain point. Larger models 
are appearing gradually in terms of size and context window at a point 
where from a few hundred tokens' sizes, there are now models with more 
than a hundred thousand tokens, but this is still a considerable 
constraint. Even though some researchers tried to optimize and enlarge 
significantly the size of the context window (Ding et al., 2023), just 
scaling up the input size of the models is not always the solution, as 
based on recent studies models struggle to utilize and properly 
comprehend information which is located in the middle of the context 
window (Liu et al., 2023). Another approach proposed by Packer et al. 
(2023), which also leverages the function-calling ability of LLMs, is to 
use the model as an OS. Packer et al., inspired by how computers work 
and how their memory is managed, also tried to utilise LLMs as an OS. In 
this case, the OS's random-access memory (RAM) is the context window 
of the model. Despite the limited size, information can be added or 
removed on the fly, providing the model with only the needed infor
mation. In addition, the model can store, access, and retrieve informa
tion from storage (e.g., database or file storage), which can be received 
or provided through the context window. With this method, limitations 
of the actual context window can be avoided and give the perception of 
an infinite-size context window. Another indirect enabler that can also 
contribute to this memory management is through AI Agents, as it could 
divide the context window requirements into several roles of the same 
model that in the end require less memory, utilising their conversation 
abilities.

Tool usage / Function calling: One of the signs of higher intelli
gence is considered to be the creation and usage of tools to successfully 
complete tasks. Fortunately, LLMs have already achieved enough in
telligence to not only use but also create tools that can test and keep 
track for later use (Cai et al., 2023). In the literature, LLMs have dis
played impressive programming skills (Chowdhery et al., 2022) and can 
be paired with programming runtime to create and execute code during 
inference (Gao et al., 2023), while others used existing tools such as APIs 
to help the model reason and perform specific tasks such as information 
retrieval and basic mathematical calculations (Yang et al., 2023; Yao 
et al., 2023b). Tool usage leverages prompt engineering mentioned 
earlier, where through the prompt models are given few-shot examples 
or even zero-shot examples with documentation (Hsieh et al., 2023) that 
enables the models to use such tools. Usually, this procedure is referred 
to as function calling (OpenAI, 2024), giving the models instructions on 
how to use functions and providing the necessary input variables in a 
structured format as JSON. Then, through some mechanisms that can 
differ, the model can perform tasks such as knowledge retrieval and 
provide accurate and external information to the user.

Fine-tuning: Apart from using enablers to enhance the performance 
of a pre-trained language model for downstream tasks during inference, 
another straightforward approach is to train a model for a specific 
domain. Due to the huge cost of computation, time, and effort needed to 
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train an LLM from scratch, the best solution in this case is fine-tuning the 
model. This means that a PLM will be fine-tuned by training on a 
smaller, narrower dataset, which also incorporates specific domain in
formation related to the downstream task that will be used. So far, this 
evolving field of LMMs has seen much interest from researchers as it can 
yield many benefits while reducing the limitations of training models 
from scratch. First of all, via fine-tuning the needed size of a model can 
be significantly reduced if it is trained for a specific task. Reducing the 
size of the model while preserving its performance for a certain task can 
reduce the cost of inference and the needed computation resources.

Furthermore, fine-tuning also advocates the creation and adoption of 
open-source models, which are vital to privacy and security-intensive 
tasks. Also, as this field evolves, more efficient practices are created 
which accelerate the usage of LLMs, thus democratising their power. For 
example, so far researchers have already tried different methods to 
efficiently fine-tune models under the Parameter-Efficient Fine-Tuning 
(PEFT) paradigm, such as LoRa (Hu et al., 2021), QLoRa (Dettmers et al., 
2023), and (IA)3 (Liu et al., 2022) where the fine-tuning process is 
optimised and the training cost is reduced. The aforementioned methods 
focus on the technical aspects of fine-tuning models on datasets, but 
efforts are also made to introduce fine-tuning with different mecha
nisms. Approaches such as utilising bigger models during training as 
teachers that a smaller model can mimic (Mukherjee et al., 2023) show 
promising results. Another alternative approach is to put humans in the 
loop during fine-tuning, a method called Reinforcement Learning from 
Human Feedback (RLHF), which helps the model adapt to human 
preferences (Ouyang et al., 2022). Finally, a category of fine-tuned LLMs 
that are mostly related to our work is the instruction-tuned models that 
are specifically fine-tuned to follow instructions by the users (Chung 
et al., 2024; Peng et al., 2023), which can improve the model's responses 
when prompted by the user to follow certain instructions. In the context 
of this paper, fine-tuning was not directly implemented due to the 
aforementioned challenges and the fact that our work is still in the 
preliminary stages. Instead, we leveraged the capabilities of a model that 
was fine-tuned to follow instructions, enabling it to be guided and in
tegrated with the framework.

AI Agents: Drawing inspiration from this survey (Xi et al., 2023), the 
last enabler introduced is called “AI Agents” and refers to the usage of 
LLMs as “autonomous” agents to perform various tasks. This enabler has 
only recently attracted attention as it is heavily dependent on and 
constrained by the previous enablers described in this section. In gen
eral, LLM-based agents are formulated by providing the model with 
attributes such as personality, tasks, capabilities, and responsibilities, 
which influence the way it perceives its environment and acts accord
ingly. There are diverse frameworks of such agents that focus on specific 
tasks and have different capabilities such as AutoGPT (Significant 
Gravitas, 2023), LangChain Agents (LangChain, 2025), CrewAI (CrewAI 
Inc., 2025) and Transformers Agent (Hugging Face, 2024). Furthermore, 
researchers have also introduced multi-agent scenarios where the same 
model is used to instantiate multiple agents that can also interact, 
converse, and cooperate with each other and be assigned specific tasks 
to fulfil (Wu et al., 2023) and even created dynamically based on the 
given task (Chen et al., 2023). This field is relatively new and rapidly 
evolving but has shown promising results on how LLM models operate 
when used as Agents, shaping the behaviour of the model as a single or 
multiple agents provides a structured yet flexible flow of operation that 
can follow a specific procedure and be aligned with task-specific 
requirements.

3. Proposed framework

The paper extends the Analytics-as-a-service platform, referred to as 
A4A, introduced in our previous work (Lepenioti et al., n.d), which aims 
to support autonomous analytics throughout their lifecycle: design, 
build, and deploy. The platform can be accessible to both data analysts 
who can design analytics and end users, who retrieve their results, 

through a GraphQL interface that exposes the platform’s functionalities 
via Application Programming Interface (API) requests. In essence, the 
analytics platform seeks to streamline and define all the necessary 
processes and entities of the analytics lifecycle, automating creation, 
configuration, and deployment of analytics services. Although the 
platform is capable of managing the analysis lifecycle, it does not 
inherently guarantee effective usability among its users. A critical lim
itation arises from its reliance on an API-based query interface, which 
requires users to formulate code-like requests and possess deep knowl
edge of configuration parameters, creating barriers for non-technical 
users. Moreover, the integration of advanced analyses and algorithms 
may introduce significant technical barriers, particularly for 
non-technical users, while overloading them with excessive functional
ities can lead to overwhelming user experiences.

To address these challenges the proposed framework, as depicted in 
Fig. 1, follows modern GenAI application patterns where the agents are 
instructed by users and interact with their environment to fulfil tasks 
and respond to the user. The objective is to enhance communication 
between the user and the analytics platform by utilising a GenAI system 
as an intermediary step. In this setup, the GenAI system processes users’ 
requests formulated in natural language, which prompts GenAI agents 
designed to respond effectively. The agents communicate with the an
alytics platform via a defined protocol, providing them with the neces
sary context to accurately address to the user’s request. Upon processing 
the information, the agents generate a concise answer which includes 
relevant details from the analytics platform along with supplementary 
comments.

3.1. Building blocks

Firstly, the functionalities of the analytics platform must be properly 
integrated with the GenAI system in a standardised manner. Secondly, 
the management of the agents plays a crucial role in limiting their 
inherent limitations, such as hallucinations and limited knowledge. To 
systematically ensure that a proper workflow is followed and relevant 
information is available, a well-structured process must be defined. The 
creation, configuration, and execution of the process require some 
essential building blocks, as shown in the conceptual architecture of the 
framework (Fig. 2). Starting from the right-hand side, all the building 
blocks are instantiated based on three categories: (1) Agents (entities 
that can converse), (2) Process (configuration attributes of the process), 
and (3) Connectors (communication definitions for agents). Through the 
Process Creation section, in the middle of the figure, all the building 
blocks are combined and connected to form a unified process. Then, the 
configured process is executed through the Process Flow, where agents 
take actions within tasks and traverse through states to fulfil the user’s 
request. Finally, the user can observe and interact with all the other 
agents through a chat-based interface.

The architecture is designed as modular and discrete, enabling a 
variety of configurations that facilitate seamless communication among 
the entities. Moreover, diverse processes can be created in this way to fit 
specific requirements, while providing all the necessary attributes to 
maintain a process that can be strict and flexible at the same time.

3.1.1. Function calling
The first step of integrating any form of AI into the process of the 

analytics lifecycle is to provide access to the analytics platform func
tionalities. For this reason, a Function Calling API was created as part of 
the analytics platform, where several callable functions were exposed to 
the outside world. Even though those endpoints are static and retrieve 
information from the analytics, they play a crucial role in the agents’ 
performance. The designed functions were implemented to contain a 
short but complete description of their usage that could be provided to 
the agents as context, as well as a description of all the input parameters 
that are required. To call the function, the AI must provide two pa
rameters: (1) the name of the function and (2) the function’s input 
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parameters in JSON format if there are required inputs. A validation 
mechanism was implemented to identify potential errors in the 
incoming requests in order to ensure correct input to the functions. 
Moreover, to assist the agents in identifying and overcoming the po
tential misuse, a meaningful text description of the error with explana
tions is provided upon request failure.

To streamline the usage of the exposed analytics function calling API, 
the respective endpoints need to be wrapped as tools using a commu
nication protocol. In the literature, many standards have emerged in 
recent years (Ehtesham et al., 2025; Yan et al., 2025; Yang et al., 2025), 
such as the Model Context Protocol (MCP) standard introduced by An
thropic (Anthropic, 2024). Since its introduction, MCP has been adopted 
by the research community and industry as it provides a JSON-based 
communication standard between LLM applications and external re
sources. The protocol revolves around three main concepts: the host (the 
LLM or agent), the client (MCP adapter of the host), and the server 
(wrapped tools and resources). In our setting, the analytics platform 
incorporates an MCP server that wraps the function calling into tools, 
enabling any compatible host to use them. This approach greatly in
creases interoperability and adherence to best practices.

3.1.2. Process formulation
To ensure that the AI agents can follow a structured and confined 

procedure to answer the user request and have adequate information for 

the analytics context, a process was formulated to guide them. The 
process is broken down into discrete steps called states, which are 
connected through transitions based on their outcomes. For each state, 
agents communicate and are given a specific context and instructions to 
produce responses. Based on the responses, transitions are selected to 
move between states and navigate through the process with the end goal 
of fulfilling the user's initial request. Based on the above, the process can 
be defined as: 

P = 〈S, A,T, R〉

as a set of States (S), Agents (A), Tasks (T) and Transitions (R) that are 
combined to create the process P.

3.1.2.1. Agents. The framework provides a conversational interface as a 
chat, where multiple Agents converse and exchange information to 
perform tasks related to the analytics. Each Agent a ∈ A can be defined 
as a tuple of three parameters: 

a = 〈N,D, TL, O〉

where N is a name, D is a description or personality of the agent and is 
mainly used for the AI models as part of the system message, TL is the set 
of available tools, and O is the expected output. The human user is 
considered as an agent entity without parameters but with the ability to 

Fig. 1. Proposed framework overview.

Fig. 2. Conceptual architecture.
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provide input or comments to the GenAI agents. The human can be then 
introduced in the initial states to provide their input and to subsequent 
states to implement human-in-the-loop functionalities where approval 
or additional input is required.

3.1.2.2. State. The states can be interpreted as rooms where a single or 
multiple agents exist, and converse about a specific task while acquiring 
related information and producing a final response as the outcome of the 
conversation. The outcome is then forwarded to the next “room” as 
context, where the same or other agents follow the same procedure with 
a different task. Thus, a state s ∈ S can be defined as a tuple of 5 entities: 

s = 〈N, as, ar, t, r〉

where N represents the name of the state s, the next two entities as ∈ A,
ar ∈ A represent the sender and receiver agents respectively, t ∈ T is the 
task assigned to the agents, and r ∈ R are the transitions of the state. The 
transitions are defined in the following subsection and are embedded in 
the tasks as instructions.

3.1.2.3. Transition. The transitions form the connection between the 
states where the outcome of a state is forwarded to the next one. Based 
on the outcome of the state a decision is made on what transition has to 
take place. Some transitions are static and are forced to happen while 
others are dynamically executed based on the state outcome. Specif
ically, the dynamic transitions are happening from the agents or when 
the human is kept in the loop and needs to take action. A transition rsi ∈

R of state si is defined as a tuple of 4 entities: 

rs = 〈DMts , Kts , Fts , OMts 〉

where: 

• DMts is a decision message as text which is used as context and in
structions to the agents to make a decision and produce a response 
that indicates which decision is made.

• Kts is the keyword as short text that identifies which decision is made 
by the agent.

• Fts is a function that produces a Boolean representation of the deci
sion based on the response Re of the agent: Fts × Re→T /F .

• OM is the output map which defines the mapping of the function 
output to the next state ś ∈ S: (Fts × Re) × OMts → ś .

3.1.2.4. Context window. The context window, which represents the AI 
agent's environment and what they can “see”, plays a vital role in how 
the models respond. It is crucial to provide them with all the needed 
information while minimising quantity, maximising quality, and 
defining the instruction to properly respond. To achieve this, the prompt 
(context window) is dynamically constructed based on the state, the 
task, the agent, and the accumulated information gathered so far. Thus, 
the context window cwi of the receiver agent arat state s is defined as: 

cw = 〈Sys, C, PI, I〉

Where: 

• Sys represents the system message which is the description Dar of the 
agent and the task instructions.

• C is the provided context, which consists of the response Re already 
produced by as, and information related to the analytics from the 
analytics platform.

• PI are the instructions from the decision message DMts of the tran
sition rs.

• I is a set of prompt engineering methods, such as Chain-of-Thought.

3.1.3. Process execution
After all the building blocks of the process are created, the frame

work moves on to the process flow phase where the process is executed 
as shown in Table 1. At the start, the current state S is initialised and 
then the process moves to a loop that runs as long as the user is using the 
framework. Then, for each iteration, all the parameters are initialised 
based on the current state and are used to form the context window that 
is given to the receiver agent of the state. Following, based on the agent’s 
generated response and the transition of the state, the next state Sʹ is 
calculated. Before the transition is made, the process checks if the 
mechanisms of self-reflect and human in the loop are enabled and the 
appropriate corrections are made. The first mechanism can be used 
when an agent has to self-reflect and generate a response with a speci
fied format and the second one can be used to enable communication 
with the analytics platform after human approval. In the case where 
checks were successful, the messages are displayed to the user, the pa
rameters of the next state are updated and finally, the process transitions 
to the next state.

3.2. Process instantiation

We instantiated an analytics process with a total of 6 states and 5 
agents, as depicted in Fig. 3, and refer to it as the Flow. The process 
begins with the User Input state, where the human provides their request. 
Their input is forwarded to the Manager state, where the manager agent 
determines which subsequent states must be executed and provides in
structions to the next agent on how to proceed. The Coder, Analyst, and 
Result Expert states are derived from the available functionalities of the 
analytics platform, as shown in Table 2. The Code state includes a 
technical agent equipped with tools related to models and algorithms 
used in analyses. The Analyst state incorporates a data analyst agent 
responsible for managing and executing the different analyses. The 
Result Expert state handles the retrieval of descriptive results and the 
generation of predictive analytics. For descriptive results, the respective 
tool includes a filtering mechanism to aggregate specific results based on 
attributes and timestamps. Most of the tools require certain inputs; 
among these, the “analytics goal” which serves as the identifier of the 
analyses. For this reason, all agents have access to the Intents tool that 
provides a list of all the available analytics goals. This categorisation of 
tools into respective states and agents enables a more granular approach 

Table 1 
Process execution algorithm.

Algorithm 1 Process Execution

1: S← Sstarting

2: while true do
3: ​ ar← ar

S
4: ​ as← as

S
5: ​ Sys← Dar

6: ​ C← Reas + Analytics Platform Information
8: ​ PI← DMtS
9: ​ I← Prompt engineering Instructions
10: ​ cw← Sys+ C+ PI+ I
11: ​ Get response from agent Rear ← ar(cw)

12: ​ Find next state based on transition Sʹ←(Fts × Rear ) × OMts
13: ​ if self-reflect then
14: ​ Reas ← Rear

15: ​ Jump to line 6
16: ​ end if
17: ​ if human in the loop then
18: ​ Ask for user permission
19: ​ if User Message is NOT “yes” then
20: ​ Reas ← User Message
21: ​ Jump to line 6
22: ​ end if
23: ​ end if
24: ​ Display messages (S,Dar , Ras )

25: ​ as
Sʹ ← ar

S
26: ​ Reas

Ś
← Rear

27: ​ Update state S← Ś
28: end while
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to utilise analytics functionalities and allows for better configuration of 
agents with targeted descriptions, tasks, and a limited subset of tools. 
Based on the manager’s decision, the respective agent receives the initial 
user input and instructions on how to proceed. After using the tools and 
retrieving the necessary information, the three states transition to the 
final state, Fulfilment. In this state, the Task Fulfilment expert compares 
the initial user input with the output of the previous agent to determine 
whether the response adequately answers the user’s input. If the 
response is deemed sufficient, it is formatted appropriately and dis
played to the user. If not, the process transitions back to the Manager 
state, repeating the process cycle until the request is fulfilled. This 
feedback loop ensures refinement of outputs and correction of potential 
errors during the process. In addition, we note that each agent uses the 
self-reflect mechanism and is able to iterate multiple times to use various 
tools and reason.

4. Experiments

4.1. Experimental setup

The analytics platform is instantiated with data, analyses and models 
to support an industrial use case that evaluates and validates Electric 
Vehicle (EV) Li-Ion batteries. Technicians employ specialised equi
pment—referred to as chambers and battery testers—to conduct as
sessments of EV battery components. Each chamber transmits different 
sensor data including temperature, humidity, and electric power con
sumption. This data is used to create tests for the customers as well as 
several safety mechanisms that prevent dangerous situations to be 
occurred (e.g. fire hazards). The battery testers are devices that provide 
sink and source for high voltage battery packs. The output of these 
testers is forwarded into the test volume of the chambers, where the 
Device Under Test (DUT) undergo evaluation. They are managed via 
Programmable Logic Controllers (PLCs). The readings from various 
buttons and sensors (maintenance and emergency button, CO2/H2/O2 
concentration, and others) are constantly available to the PLC, that uses 
them to perform certain actions and ensure safety.

Each machine at any moment has a status or “defconlevel” (e.g. 
Ready, Run, Alarm, Maintenance) that defines its state. These statuses 
persist over long periods and have a direct impact on machine man
agement and personnel safety. For instance, Maintenance indicates that 
the machine door is open and a human presence inside or nearby, 
restricting usage, while an Alarm status signals a malfunction that can 
compromise personnel safety. For this reason, timely access to insights 
regarding machines is essential for technicians to efficiently manage 
machine usage, prevent accidents, and detect recurrent patterns. In 
addition to the defconlevel, the platform ingests a variety of sensor 
measurements (e.g. machine names, temperature, humidity) recorded 
periodically and timestamped. In this setting, the analytics platform 
supports technicians in the shop floor, delivering five descriptive ana
lyses that group and aggregate the status durations of instruments and 
one predictive analysis that forecasts the chamber status, given their 
name. A detailed description of these analyses is provided in Table 3.

Fig. 3. Instantiation process.

Table 2 
Available agent tools.

Tool Description Agent

Result 
Attributes

Provides information about the attributes 
names and types of the analysis results. 
Input: analysis goal

Analyst, Result 
Expert

Build Analysis Executes an analysis. Input: analysis goal Analyst
Algorithm Code Provides the code used to generate the 

results of an analysis. Input: analysis goal
Coder

Algorithm 
Description

Provides a text description (docstring) of the 
algorithm used to generate the results of an 
analysis. Input: analysis goal

Coder

All analysis Provides the information of all the analysis 
entities created.

Analyst

Intents Provides a list of all the available analysis 
goals (intents).

Analyst, Coder, 
Result Expert

Analysis Provides the details for a specific analysis 
entity. Input: analysis goal

Analyst

Model Provides the details for a specific model 
entity. Input: analysis goal

Coder

Results Provides the generated results of the 
analysis. It includes two filter functionalities 
based their attributes and dates. Input: 
analysis goal, attribute filters, date filters.

Result Expert

Prediction Generates results for predictive analyses. 
Input: analysis goal, prediction specific 
inputs.

Result Expert

Table 3 
Configured analyses for the use case. The name shortly describes the analysis. 
The intent (equivalent to the analysis goal) is used as a unique human-readable 
identifier, describing its goal.

Analysis 
Name

Intent Description

Group by 
Defconlevel

GROUP_BY_DEFCONLEVEL It groups and 
counts the recorded 
statuses from the 
Chambers per day.

Fault Intervals 
of 
Defconlevel

FAULT_INTERVALS_DEFCONLEVEL The duration of the 
flagged fault 
statuses are 
calculated.

Duration of 
Defconlevel

DURATION_OF_CHMABER_DEFCONLEVEL The duration of all 
the chamber 
statuses are 
calculated.

Percentages of 
Defonclevel

DEFCONLEVEL_PERCENTAGES The percentages of 
all the chamber 
statuses are 
calculated inside a 
certain time frame, 
in our case a day.

Duration of 
Emergency

DURATION_OF_TESTER_EMERGENCY The duration of the 
flagged 
emergencies are 
calculated.

Prediction of 
next 
chamber 
status

DEFONLEVEL_PREDICTOR Predictive analysis 
that forecasts the 
succeeding status 
of a given chamber.
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For the above analyses, the tools could provide their analysis entity, 
model entity, the algorithm used, and their results or predictions. The 
analysis and model entities provide details about the respective inputs, 
outputs, configurations and execution dates.

To evaluate the proposed framework, we compare our approach with 
two baseline architectures referred to as LLM and Agent. Both had access 
to all the tools and some generic instructions as prompts for the model. 
The LLM architecture implemented a single inference request by the 
model, while the Agent implemented a single agent with self-reflect and 
the ability of multiple inferences. These distinctions enable the com
parison of our approach with naive GenAI systems that either prompt an 
LLM or have a single agent. To broaden our experimentation, we used 
two different LLMs, and each case was executed three times to get more 
representative results. Moreover, we design a total of sixteen cases as 
experiments. Each case consisted of one question by the user that 
required information from the analytics platform. The questions were 
formed to cover all the available functionalities (tools) and analyses of 
the platform. They vary in terms of complexity, from requesting the 
intents to retrieving descriptive results based on specific filters. For 
evaluation purposes, each question was accompanied by an example 
response (based on the analytics) and the tool that could provide the 
answer. Combining all the above parameters, a total of 288 experiments 
were conducted.

To evaluate the outcomes of the three architectures, we defaulted to 
the LLM-as-a-judge paradigm, where a stronger model is used to judge 
the output of other models based on some rules and instructions. Using 
an LLM to evaluate provides scalability, explainability (Zheng et al., 
2023), and adaptation to content formats and domain-specific knowl
edge (Gu et al., 2025). These advantages enabled the evaluation of our 
experiments, because even though the cases included an example of the 
expected response, the final outcome of the architectures could vary in 
terms of format while preserving the details from the analytics. In total, 
we used five metrics to calculate the results of our experiments provided 
by the Deepeval2 evaluation framework, as shown in Table 4. The first 
three metrics use the G-EVAL methodology (Liu et al., 2023), while the 
rest follow a similar pattern for agent-specific tasks. The output of each 
metric is the measurement normalised between 0 and 1, with a short 
reason given by the judge why that value was chosen. Lastly, as the 
judge, we used the Deepseek-r1 model.

The implementation of the MCP server, the three architectures, and 
the evaluation were created using the Python programming language 
with the libraries of LlamaIndex, CrewAI, and Deepeval. The LLM 
models were hosted using the Ollama tool and specifically used the 
quantised version of mistral-small:24b (referred to as Mistral), 
qwen2.5:32b (referred to as Qwen), and deepseek-r1:32b (referred to as 
Deepseek-r1). The machine used to run the experiments had two RTX 
4090 graphics cards with a combined vRAM of 48GB. The models 

required approximately ~15GB, ~21GB and ~21GB of vRAM each, 
respectively, and were able to infer in near real time.

4.2. Results

Table 5 presents the aggregated results for each architecture and 
model combination. The best Overall score is achieved by the Flow ar
chitecture with the Qwen model, with a score of 0.86 and with a mean 
difference of 7.2 % compared to the other approaches. The Flow ar
chitecture has shown improvement in the Correctness and Tool Cor
rectness metrics, while performing slightly worse than the others. In the 
Coherence and Professionalism metrics, all combinations achieve high 
results with small differences. The variation between the results is pre
sented in more detail in Fig. 4 and the calculated coefficient of variation 
(CV). For the metrics of Coherence and Professionalism, all combina
tions achieve low variation in their responses. Concerning the archi
tectures, our method indicates greater consistency across the metrics for 
both models. In contrast, while the Qwen model is consistent in all ar
chitectures, the Mistral model indicates obvious variability in the LLM 
architecture.

From the spider plots in Fig. 5, we observe the differences between 
the architectures and the models. In Fig. 5a our proposed method out
performed the other two architectures in the metrics of Task Comple
tion, Correctness and Tool Correctness. For the other two metrics, 
Professionalism and Coherence, the proposed method achieved similar 
performance compared with the baselines. In Fig. 5b, the Qwen model 
outperforms the Mistral model in all metrics and especially the Cor
rectness and Tool Correctness. Comparing the differences observed be
tween the models and the scores of the proposed method in Table 4, it is 
evident that having a more sophisticated architecture (i.e. Agent, Flow) 
can overcome model limitations. This can be further observed in Fig. 6, 
which depicts the percentage improvements between the Qwen and 
Mistral models. In the LLM architecture, which is more demanding for 
the model, the large Qwen model dominates the Mistral model except in 
the metric of Coherence. Moreover, in the other two architectures, the 
relative improvement percentage decreases from 23.7 % to less than 4 
%.

In addition to performance metrics, we recorded the execution times, 
agent executions and tool calls, for each experiment to compare time 
and resource costs across the architectures and models. Table 6 presents 
the details of execution times, agent execution and tool calls per 
architecture-model combination. As expected, the LMM architecture 
exhibits the lowest mean execution times and variability, since the 
model is inferred once. For the Qwen model, mean and median execu
tion times for the LLM and Agent architectures are nearly identical, with 
the Agent variant showing a slight smaller median deviation. The Flow 
architecture however shows a noticeable increase in execution time 
compared to other architectures, which aligns with the expected scaling 
cost as architecture complexity increases. Specifically, for the Qwen 
model, this increase was approximately 2.5 times for the mean and 2 
times for the median execution times. For the Mistral model the increase 
is around 3 and 1.5 times, respectively. These findings indicate a trade- 
off between computational costs across architectures, and between 
robustness and speed across models. When comparing execution times 
between models, Mistral is faster for the LLM architecture but has higher 
mean execution times for the two others, particularly for the Flow. 
Although median values suggest that, on average, the architectures 
deliver comparable execution times, the discrepancy between means 
and medians—alongside substantial standard deviations—indicates the 
presence of outliers and performance instability across the tested 
scenarios.

To identify potential outliers in the Flow architecture, we applied the 
Iner Quartile Range (IQR) method. The IQR is computed as: 

IQR = Q3 − Q1 

Table 4 
Metrics used for the evaluation.

Metric Description

Correctness Correctness of generated response. Measures how closely the 
actual output aligns with the expected output.

Coherence Examines the consistency and clarity of the output, measuring if 
the style is uniform and if it can be easily understood.

Professionalism Assesses the level of professionalism and expertise conveyed
Task 

Completion
Evaluates the effectiveness of an agent to accomplish a task.

Tool 
Correctness

Measures if the expected tools were called. The metrics values are 
calculated as the division between the correctly used tools and 
the total number of tools used.

2 https://deepeval.com
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Where Q3 is the 75th percentile (upper quartile) and Q1 is the 25th 

percentile (lower quartile). An execution time was flagged as an outlier 
if it fell outside the interval [Q1 − 1.5 ×IQR, Q3+1.5 × IQR]. Using this 
criterion, six case-model combinations were identified as outliers: two 

Table 5 
Results per architecture and model types as aggregated values for the cases. Data are presented as mean ± standard deviation. The Overall score is calculated as the 
mean ± standard deviation across all metrics. Bold values indicate the best-performing combination for each metric.

Architecture Model Correctness Coherence Professionalism Task Completion Tool Correctness Overall

LLM Mistral 0.27 ± 0.34 0.95 ± 0.06 0.96 ± 0.07 0.59 ± 0.32 0.52 ± 0.44 0.66 ± 0.25
LLM Qwen 0.61 ± 0.33 0.90 ± 0.1 0.98 ± 0.04 0.80 ± 0.22 0.79 ± 0.38 0.82 ± 0.22
Agent Mistral 0.61 ± 0.36 0.86 ± 0.12 0.94 ± 0.13 0.80 ± 0.18 0.79 ± 0.36 0.80 ± 0.23
Agent Qwen 0.68 ± 0.28 0.91 ± 0.08 0.98 ± 0.05 0.78 ± 0.19 0.79 ± 0.38 0.83 ± 0.20
Flow Mistral 0.70 ± 0.37 0.88 ± 0.08 0.95 ± 0.17 0.75 ± 0.24 0.88 ± 0.30 0.83 ± 0.23
Flow Qwen 0.73 ± 0.28 0.90 ± 0.09 0.98 ± 0.06 0.78 ± 0.24 0.92 ± 0.15 0.86 ± 0.16

Fig. 4. Heatmap of the coefficient variant between architecture and model pairs per metric.

Fig. 5. Spider plots across the evaluation metrics for the (a) architectures and (b) models. Values are calculated as the mean score of the models per architecture and 
the mean score of the architectures per model, respectively.
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for the Qwen model and four for the Mistral model, with a single case 
flagged for both models. The majority of the outliers were caused due to 
one seed requiring significantly longer time to execute than the other 
seeds. A systematic review of the experiment logs did not reveal a 
definitive root cause. Our hypothesis is that the non‑deterministic 
behavior of the agents contributed to the extended runtimes, possibly 
due to: 1) case difficulty - certain cases required complex query con
struction resulting tool usage with missing or wrong parameters and 2) 
tool overuse - agents occasionally used multiple tools causing them to 
retrieved a large quantity of excessive context that increased their pro
cessing time. After excluding the identified outliers the recalculated 
mean scores for the Flow architecture were 30.72 ± 0.51 s for the 
Mistral and 32.76 ± 0.55 s for the Qwen. The updated values contradict 
our initial observation that the Qwen model was faster than Mistral for 
the Flow architecture by a slight margin.

Aligned with the observations in previous metrics, we can confirm 
the superiority of Qwen in terms of agent executions and tool usage. 
Across all architectures it makes fewer tool calls than Mistral and with 
less variability, especially for the flow architecture which also make 
fewer agent executions. It is evident that the Flow architecture requires 
more tool calls than the other architectures, because of its increased 

complexity and agent participation. If we exclude the identified outliers 
for the Flow architecture the agent execution and tool call counts for the 
Qwen model are 3.36 ± 0.98 and 1.75 ± 1.04, while for the Mistral are 
3.50 ± 2.09 and 3.94 ± 5.93. Even though both improved significantly, 
again the Qwen model outperforms Mistral.

4.3. User study

To strengthen our evaluation, we conducted a comprehensive user 
study designed to gather feedback from human participants. Adhering to 
the experimental design outlined by Inkpen et al. (2023) and He et al. 
(2025), we implemented a dual-condition experiment involving two 
distinct tools: a manual Form-based and an agent-augmented chat, 
across various tasks. Furthermore, we consulted similar studies from 
Farhi et. al. (2023), Siregar et al. (2023), and Awasthi et. al. (2023) to 
guide the information to be collected from users. Before the trial, we 
collected demographic data such as gender, age, education and experi
ence adjusted from (Farhi et. al. 2023) while during the experimental 
trial, quantitative and qualitative metrics were collected in each con
dition. To obtain quantitative metrics, we logged user actions to derive 
task execution time, task completion, and task output accuracy. For the 
qualitative metrics, we focused on usability, satisfaction, and confidence 
by adapting questions from Siregar et al. (2023) and Awasthi et al. 
(2023). Participants in the study were selected to include individuals 
unfamiliar with the specific use case but possessing either relevant ac
ademic qualifications or data analytics experience across varying levels 
of technical expertise.

4.3.1. Survey procedure
The experiment began with an introduction page that presented a 

short video tutorial, an overview of the use case, a description of the two 
tools, detailed step‑by‑step instructions, and a mandatory consent form 
that needed to be accepted by all participants. After the introduction, 
users were required to provide demographic information, including 
their age range, gender, educational qualifications, professional field or 
occupation, experience level, technical proficiency, familiarity with 
similar tools, and confidence in executing analytical tasks. Participants 
had the option of providing additional personal details, such as a name 
and email address.

Following this preparatory phase, participants were instructed to 
complete three tasks by addressing corresponding questions utilising 
both tools. For each question, they first used the form‑based 
tool—implemented with drop‑down lists and text inputs that 

Fig. 6. Heatmap of the improvement percentage between the two models, for the different architectures and metrics. Improvement percentages show the relative 
performance gain when upgrading from Mistral to Qwen, calculated as ((Qwen_Score - Mistral_Score) / Mistral_Score) × 100.

Table 6 
Execution times, agents executed and tool calls per architecture and model. For 
the execution times, data are presented as the mean and median calculation 
across the experiment cases and seeds ± standard deviation in seconds. For the 
number of agent executions and tool calls are presented as the mean ± standard 
deviation.

Architecture Model Mean 
Execution 
time 
(seconds)

Median 
Execution 
time 
(seconds)

Agents 
Executed

Tool 
calls

LLM Mistral 10.63 ± 5.00 8.64 ± 5.84 - 1.81 ±
0.64

LLM Qwen 18.16 ± 8.71 14.79 ± 9.40 - 1.35 ±
0.70

Agent Mistral 22.64 ±
21.16

19,19 ± 3.08 - 2.56 ±
1.43

Agent Qwen 18.90 ±
11.67

14.68 ± 3.68 - 1.92 ±
1.22

Flow Mistral 65.79 ±
84.51

28.50 ±
12.00

6.44 ±
7.19

9.00 ±
14.37

Flow Qwen 46.35 ±
68.81

28.00 ±
14.00

4.63 ±
7.11

3.27 ±
7.07

M. Fikardos et al.                                                                                                                                                                                                                               Intelligent Systems with Applications 29 (2026) 200626 

10 



corresponded to the platform’s available request parameters—to 
generate an answer. They subsequently used the chat interface, imple
menting the Flow architecture with the Qwen model, to obtain the same 
answer. Both tool interfaces are presented in Figure 7. The use of a 
structured form was intentional; offering a raw text input would have 
increased task difficulty by requiring participants to construct low‑level 
requests manually. The questions required analyses result retrieval from 
the analytics platform. After each tool submission, a brief questionnaire 
captured usability, satisfaction, and confidence ratings. Upon 
completing all questions, users were required to fill out a final ques
tionnaire capturing their overall impressions and feedback.

Quantitative metrics were derived from the logged actions, including 
task execution time, task completion status, and output accuracy. 
Qualitative data were collected through the post‑task and final ques
tionnaires, which assessed usability, satisfaction, confidence, and over
all preference. All the questionnaires featured Likert scale statements (1 
Strongly disagree – 5 Strongly agree), and the users completed a total of 
seven questionnaires. A complete list of all questionnaires’ statements 
can be found in Table 7. The collected data enabled analysis of 

demographic distributions, completion rates per question and interface, 
questionnaire responses, user answers, session metrics (duration, num
ber of actions, interaction patterns), and comparative preference 
analysis.

4.3.2. Survey results
This subsection presents the findings from the user study (N=11). 

Statistical significance was evaluated using the Mann-Whitney U test, 
suitable for the non-parametric nature and sample size of the survey. 
Statistically significant values are denoted with “*” where p < 0.01. As 
intended, participants possessed a high degree of technical and aca
demic competence. The group was highly educated, with 9 individuals 
holding postgraduate degrees (4 Master’s, 4 PhDs, 1 Professor) and 2 
with a bachelor’s degree. Additionally, the majority of the group was 
technically experienced, with four proficient coders and two advanced 
users working with APIs/scripts. Similarly, regarding data analysis 
experience, seven participants were classified as advanced or experts 
who perform analytical work regularly.

The quantitative results presented in Table 8 indicate that the Chat 

Fig. 7. Interface screenshots presented to users. (a) Form-based interface displaying input fields and the presentation of executed queries. (b) Chat-based interface 
showing user messages and agent responses alongside the queries executed by the agents.
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interface reduced cognitive load and execution time compared to the 
Form baseline. Across all tasks, the mean duration dropped from 6.71 ±
6.53 min in the Form to 2.70 ± 5.25 min in the Chat. For the three 
questions, the chat interface execution was approximately 5, 2, and 3 
times faster, respectively. In addition, we tracked the actions executed 
for each interface. Actions were considered any inputs (clicks) from the 
participants and displayed results. For the Chat, the mean number of 
actions per question was 3.30 ± 0.85, while for the Form was 14.48 ±
9.93, indicating a 77.20 % reduction.

Regarding the participants’ answers, high accuracy was achieved in 
both interfaces. Through the Chat, all responses were correct, while four 
incorrect responses were given through the Form interface and specif
ically to Question 2, which required more complex configurations. 
Furthermore, questionnaire responses also indicate the dominance of 

the chat interface over the Form. In terms of usability, ease of use, 
satisfaction and timeliness, the Chat interface was better by at least one 
point. One of the study’s most important findings is the reduction of the 
“Familiarity Barrier”. Questions in the overall questionnaire measured 
how the lack of knowledge about the Use Case or the Analytics Platform 
contributed to the task difficulty. The participants’ responses showcase a 
considerable difference between the interfaces and particularly for the 
Use case, suggesting that the chat interface enacts as an abstraction 
layer, decoupling the ability to extract analyses results from requiring 
deep use case and platform knowledge. Moreover, despite the known 
challenge of LLM hallucinations, participants reported high confidence 
in the generated results and absence of hallucinations.

To complement the quantitative metrics, we analysed the open- 
ended feedback of participants at the end of the survey. Three primary 
themes were identified from their responses: 

• Accessibility. Consistent with the Liker scale questionnaires, par
ticipants highlighted the chat interface’s lower technical barriers. 
While the form interface was perceived as more demanding, 
requiring expertise, the chat was viewed as universally accessible. 
One participant wrote: “I strongly believe that the chat interface is su
perior as it doesn’t require any deep technical knowledge and can be used 
by everyone.”. This sentiment was expressed by others who described 
the chat interface as “crystal clear even for a user with no technical 
background”.

• Explainability and Trust. Participants responded positively to the 
survey’s decision to display the agents’ executed queries alongside 
the chat response. “I liked that the chat interface shows the sequence of 
queries used … it is easy to understand the steps …. [to] get the result.”. 
However, some users also expressed for even deeper verification 
capabilities to mitigate trust issues. They suggested linking parts of 
the answer to documentation, more verbose explanations in the 
response, or “re-run the queries dynamically to verify their content”.

• Learning curve and cognitive load. Validating the quantitative 
findings, participants also commented on the learning curve and 
cognitive load of the interfaces. One user stated that “As the survey 
went on, I was getting more familiar with the form, so I could answer the 
questions faster”. Some participants noted that they used the Chat 
first, which helped them verify the results in the Form interface

5. Conclusions and future work

The enhancement of systems with AI and the augmentation of AI 
systems with external resources derives from the ability of LLMs to 
effectively use tools via function calling. Providing tools to LLMs (and 
LLM-based agents) can yield multiple benefits such as increased accu
racy, domain-adaptation, knowledge expansion and robustness (Niketan 
and Batatia, 2025; Patil et al., n.d.; Qu et al., 2025), as well as the ca
pacity to complete and automate long and complex tasks within work
flows (Qiao et al., 2025; Shen et al., 2024). The above will play a crucial 
role towards autonomous data analytics, where AI agents are going to be 
utilised in order to automate the analytics lifecycle using relevant tools. 
With our work, we showcased how an existing analytics platform with 
traditional API functionalities can be transformed into a tool for LLMs. 
Leveraging existing standards such as the MCP, the platform can be 
integrated with compatible AI systems and gain access to analytic 
functionalities. The experiments conducted showed promising results 
between the integration of a standalone LLM and the analytics platform, 
especially for larger models such as the Qwen. More importantly, the 
proposed framework, which incorporates an agentic architecture, in
dicates superiority in terms of overall performance, consistency and 
model independence. Firstly, in the domain of analytics, the reliability of 
insights is crucial as it provides the basis of data-driven decisions, thus 
performance and consistency are desired properties. Secondly, model 
independence can allow wider adoption with the usage of smaller 
open-source models that require less computational power and limit 

Table 7 
Survey Likert-scale questionnaires. The Form and Chat questionnaires were 
presented immediately after each survey question, followed by the Overall 
questionnaire at the end of the survey.

Questionnaires Statements

Form It was easy to complete the task using the form-based input.
I was satisfied with the result produced via the form-based method.
I found it easy to navigate and perform the task using the form- 
based input.
I was able to complete the task in a reasonable amount of time 
using the form-based input.

Chat The response generated by the chat interface was accurate.
The response was helpful in completing the task.
The response did not include incorrect or irrelevant information 
(hallucinations).
The response from the chat interface was given in a timely manner.
It was easy to use the chat interface to perform the task.
I was satisfied with the result produced via the chat interface.
I was confident in using the information provided by the chat 
interface.

Overall I found the chat interface easier to use than the form-based 
method.
I would prefer to use the chat interface rather than the form-based 
method for similar tasks.
Lack of familiarity with the use case made the form-based method 
difficult to use.
Lack of familiarity with the use case made the chat interface 
difficult to use.
Lack of familiarity with the analytics platform made the form- 
based method difficult to use.
Lack of familiarity with the analytics platform made the chat 
interface difficult to use.
Overall, how would you rate the usability of the form based tool?
Overall, how would you rate the usability of the chat interface 
tool?

Table 8 
Comparison of objective performance metrics and subjective user perceptions 
(N=11). Arrows in the metric column indicate the desirable direction (↓ lower is 
better; ↑ higher is better). Values represent mean ± standard deviation (where 
available). Bold values indicate best performance with and asterisks indicate a 
statistically significant improvement over the Form interface (Mann-Whitney U 
test: p < 0.01). Note that Confidence and Hallucination absence metrics were 
only applicable to the Chat interface.

Metric Form Chat

Task duration (min) ↓ 6.71 ± 6.53 2.70 ± 5.25*
Actions (clicks/inputs) ↓ 14.48 ± 9.93 3.30 ± 0.85*
Overall Usability ↑ 3.09 ± 1.04 4.64 ± 0.67*
Ease of Use ↑ 3.06 ± 1.20 4.85 ± 0.36*
Satisfaction ↑ 3.55 ± 1.18 4.67 ± 0.69*
Perceived Timeliness ↑ 3.27 ± 1.35 4.06 ± 0.90
Use case familiarity barrier ↓ 4.10 ± 1.20 1.60 ± 0.84*
Platform familiarity barrier ↓ 3.70 ± 1.06 1.40 ± 0.70*
Confidence ↑ - 4.30 ± 1.07*
Hallucination absence ↑ - 4.76 ± 0.76*
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concerns about security and data privacy. Thirdly, the execution of the 
Flow required more execution time, agent execution and tool calls. 
Especially for the smaller model, Mistral, where its improved perfor
mance resulted in the increase of those metrics.

Another advantage of the proposed framework is the ability to split a 
monolithic workflow into several states that provide modularity and 
adaptability. It enabled us to create explicit workflows that touch ana
lytics lifecycle steps, such as retrieval of entities and algorithms during 
designing and developing, execution of analyses during deployment and 
result retrieval during interpretation. Having multiple agents and tasks 
provides fine-grained control for adjustments and configurations to 
improve the agents’ performance. Empirically, during the Flow imple
mentation, we were able to pinpoint parts that underperformed, 
enabling us to easily adjust specific agents and tasks. For example, at 
first the manager agent did not have access to the tools, which decreased 
its ability to provide concrete instructions to the other agents. Adding to 
the prompt a short description of the tools improved the instructions and 
the performance of subsequent agents. This iterative refinement 
approach was also applied to detect and mitigate hallucination patterns 
that emerged during experimentation. While the agents performed 
adequately on general tasks (e.g., tool usage, information processing, 
and generating structured outputs), their performance occasionally 
deteriorated due to platform-specific requirements or inconsistencies. 
Two prominent examples of this issue were related to the intents and the 
result filtering mechanism. Within the analytics platform, the term 
“intent” is used interchangeably with “analytics goal”. This inconsis
tency confused the agents, particularly when the user requested an 
intent, while the tools required as input the parameter of the analytics 
goal, resulting in tool usage errors. Similarly, the filtering mechanism 
posed challenges due to its complexity, as it required the specification of 
multiple attributes with distinct functionalities. For example, certain 
attributes were optional, whereas others demanded specific values 
depending on the analysis and data types. These challenges were 
addressed by enriching the agents’ prompts with relevant context and 
refining the description of the tools to include additional information.

The results from our user study provide evidence that integrating 
LLM-based agents into the analytics platform through a chat interface 
significantly enhances the operational efficiency and user accessibility. 
Quantitative analysis revealed that the chat interface, compared to the 
form interface, reduced task completion times and interaction costs. 
Crucially, the participants expressed their preference towards the chat 
interface indicating that the lack of use case and analytics platform fa
miliarity was not a barrier. These findings suggest that natural language 
interfaces do not just simplify interaction but could shift the analytics 
workflow from manual query construction to high-level question 
answering.

Lastly, both the transformation of analytics functionalities into MCP 
tools and the flexibility in agentic workflow designing contribute to the 
generalizability of the proposed framework. The former provides 
interoperability with any services that support the MCP protocol, 
allowing agents to easily access and utilise tools from other sources. For 
example, the current analytics platform could be replaced with another 
that supports MCP and exposes the same (or similar) services and still 
the Flow could run in the same manner. The latter allows the configu
ration of workflows to meet platform or case specific requirements, 
facilitating adoption. For instance, additional states and agents could be 
configured to address additional functionalities, while agents’ context 
can be adapted to incorporate specific instructions. Thus, giving the 
proposed framework the possibility to be platform and use-case- 
agnostic.

5.1. Limitations

Platform functionalities and process complexity. Even though 
the proposed framework could implement a variety of complex work
flows, the tested architecture can be seen as simplistic. While it shows 

some useful agentic patterns like communication between the agents, a 
manager that instructs other agents, and a final step to evaluate the 
response, it follows a straightforward execution with only three expert 
agents. The available functionalities exposed by the analytics platform 
are a significant factor for the design of such architectures. Currently, 
the platform mainly provides tools to extract information about ana
lytics (i.e. results, predictions, entities) with only one actionable func
tionality, which is to build an analysis. Expanding the exposed 
functionalities can greatly increase the agents’ abilities and enable the 
implementation of a more complex architecture.

Scalability. Our experiments showed that the execution of the 
agentic architecture came at a cost of both time and resources. This 
finding may result in noticeable drawbacks when scaling the workflow 
to more states and agents. Another aspect we did not consider in our 
current work is related to scalability and concurrent multi-user acces
sibility. Applying the proposed framework into large scale example with 
simultaneous users may result in unseen challenges. Developments in 
the field of AI, such as the MCP or improvements to the size and capa
bilities of the models (Belck et al., 2025) and routing (Ong et al., 2024) 
could be used to resolve scalability issues.

Evaluation. For the evaluation we relied to one library, Deepeval, 
which provides a limited spectrum of metrics, that mainly use the LLM- 
as-a-judge approach. Expanding the evaluation of the proposed frame
work with additional benchmarks such as WorfBench (Qiao et al., 2025) 
or TaskBench (Shen et al., 2024) can provide more comprehensive re
sults. In addition, we did not consider the evaluation of our work in 
terms of AI trustworthiness, which has become an important aspect in 
the field of AI. Previously, we noted that our approach could contribute 
to security and privacy concerns, but we did not evaluate or examine 
these aspects in our current work. While the reasoning that with our 
framework open-source models to increase security and data privacy is 
logical, it needs to be reviewed systematically. In addition, these per
spectives must also be examined through the tool wrapping and protocol 
used, as recent studies have shown safety concerns (Jing et al., 2025; 
Radosevich and Halloran, 2025).

5.2. Future work

For the future, our goal is to significantly expand and improve the 
proposed framework. Firstly, we aim to increase the functionalities of 
the analytics platform to enable the agents to contribute to the whole 
analytics lifecycle with the ability to take actions and produce analytics. 
This will also enable us to design more complex workflows to better test 
and adapt our approach. Secondly, we plan to incorporate more GenAI 
models, which are also multimodal, as we believe that with voice or 
vision the abilities of the agents will increase. Lastly, regarding evalu
ation we would like to enlarge our experiments with additional cases, AI 
models and metrics or benchmarks; and evaluate our approach to real- 
world scenarios and conduct further usability studies.
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A joint study of the challenges, opportunities, and roadmap of MLOps and AIOps: A 
systematic survey. ACM Computing Surveys, 56, 1–30. https://doi.org/10.1145/ 
3625289

Ding, J., Ma, S., Dong, L., Zhang, X., Huang, S., Wang, W., Zheng, N., Wei, F., 2023. 
LongNet: Scaling transformers to 1,000,000,000 Tokens. arXiv preprint arXiv: 
2307.02486.

Ehtesham, A., Singh, A., Gupta, G.K., Kumar, S., 2025. A survey of agent interoperability 
protocols: Model Context Protocol (MCP), Agent Communication Protocol (ACP), 
Agent-to-Agent Protocol (A2A), and Agent Network Protocol (ANP). https://doi. 
org/10.48550/arXiv.2505.02279.

Farhi, F., Jeljeli, R., Aburezeq, I., Dweikat, F. F., Al-shami, S. A., & Slamene, R. (2023). 
Analyzing the students' views, concerns, and perceived ethics about chat GPT usage. 
Computers and Education: Artificial Intelligence, 5, Article 100180.

Gao, L., Madaan, A., Zhou, S., Alon, U., Liu, P., Yang, Y., Callan, J., & Neubig, G. (2023). 
PAL: Program-aided language models. In International Conference on Machine 
Learning (pp. 10764–10799). PMLR. 

Goertzel, B., & Pennachin, C. (2007). Artificial General Intelligence, Cognitive Technologies. 
Berlin, Heidelberg: Springer Berlin Heidelberg. https://doi.org/10.1007/978-3-540- 
68677-4

Gu, J., Jiang, X., Shi, Z., Tan, H., Zhai, X., Xu, C., Li, W., Shen, Y., Ma, S., Liu, H., Wang, 
S., Zhang, K., Wang, Y., Gao, W., Ni, L., Guo, J., 2025. A survey on LLM-as-a-judge. 
arXiv preprint arXiv:2411.15594.

Hadi, M. U., Tashi, Q. A., Qureshi, R., Shah, A., Muneer, A., Irfan, M., Zafar, A., 
Shaikh, M. B., Akhtar, N., Wu, J., & Mirjalili, S. (2023). Large language models: A 
comprehensive survey of its applications, challenges, limitations, and future 
prospects. Authorea preprints, 1(3), 1–26. https://doi.org/10.36227/ 
techrxiv.23589741.v4, 2023.

He, V.F., Li, S., Puranam, P., & Lin, F. (2025). Tool or Tutor? Experimental evidence from 
AI deployment in cancer diagnosis. arXiv preprint arXiv:2502.16411.

Hollmann, N., Müller, S., & Hutter, F. (2023). Large language models for automated data 
science: Introducing CAAFE for context-aware automated feature engineering. 
Advances in Neural Information Processing Systems, 36, 44753–44775.

Hou, X., Zhao, Y., Liu, Y., Yang, Z., Wang, K., Li, L., Luo, X., Lo, D., Grundy, J., & 
Wang, H. (2023). Large language models for software engineering: A systematic 
literature review. ACM Transactions on Software Engineering and Methodology, 33(8), 
1–79.

Hsieh, C.-Y., Chen, S.-A., Li, C.-L., Fujii, Y., Ratner, A., Lee, C.-Y., Krishna, R., Pfister, T., 
2023. Tool documentation enables zero-shot tool-usage with large language models. 
arXiv preprint arXiv:2308.00675.

Hu, E. J., Shen, Y., Wallis, P., Allen-Zhu, Z., Li, Y., Wang, S., Wang, L., & Chen, W. 
(2021). LoRA: Low-Rank adaptation of large language models. ICLR, 1(2), 3.

Hugging Face, 2024. Transformers agents. URL: https://huggingface.co/blog/agents. 
Accessed July 22, 2025.

Inkpen, K., Chappidi, S., Mallari, K., Nushi, B., Ramesh, D., Michelucci, P., & Quinn, G. 
(2023). Advancing human-AI complementarity: The impact of user expertise and 
algorithmic tuning on joint decision making. ACM Transactions on Computer-Human 
Interaction, 30(5), 1–29.

Jing, H., Li, H., Hu, W., Hu, Q., Xu, H., Chu, T., Hu, P., Song, Y., 2025. MCIP: Protecting 
MCP safety via model contextual integrity protocol. arXiv preprint arXiv: 
2505.14590.

John, R. J. L., Bacon, D., Chen, J., Ramesh, U., Li, J., Das, D., Claus, R., Kendall, A., & 
Patel, J. M. (2023). DataChat: An intuitive and collaborative data analytics platform. 
In Companion of the 2023 International Conference on Management of Data. Presented at 
the SIGMOD/PODS ’23: International Conference on Management of Data (pp. 
203–215). Seattle WA USA: ACM. https://doi.org/10.1145/3555041.3589678. 

Kaddour, J., Harris, J., Mozes, M., Bradley, H., Raileanu, R., McHardy, R., 2023. 
Challenges and applications of large language models. arXiv preprint arXiv: 
2307.10169.

Kasneci, E., Sessler, K., Küchemann, S., Bannert, M., Dementieva, D., Fischer, F., 
Gasser, U., Groh, G., Günnemann, S., Hüllermeier, E., Krusche, S., Kutyniok, G., 
Michaeli, T., Nerdel, C., Pfeffer, J., Poquet, O., Sailer, M., Schmidt, A., Seidel, T., 
Stadler, M., Weller, J., Kuhn, J., & Kasneci, G. (2023). ChatGPT for good? On 
opportunities and challenges of large language models for education. Learning and 
Individual Differences, 103, Article 102274. https://doi.org/10.1016/j. 
lindif.2023.102274

Kotaru, M. (2023). Adapting foundation models for operator data analytics. In 
Proceedings of the 22nd ACM Workshop on Hot Topics in Networks. Presented at the 
HotNets ’23: The 22nd ACM Workshop on Hot Topics in Networks (pp. 172–179). 
Cambridge MA USA: ACM. https://doi.org/10.1145/3626111.3628191. 

LangChain, 2025. LangChain agents. [Computer software] https://python.langchain. 
com/docs/tutorials/agents/.

Lepenioti, K., Fikardos, M., Bousdekis, A., Apostolou, D., Mentzas, G., n.d. Autonomous 
analytics as a service: From vision to action., in: Enterprise interoperability XI: 
Enterprise interoperability through data, AI, and robotics. Proceedings, accepted.

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N., Küttler, H., 
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