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Utilizing the Design Science framework for Information Systems, this Master’s Thesis cre-
ates a framework for the validation of analytical artificial intelligence agents. The main goal
is to enable organizations using analytical agentic systems to verify the production readiness
of their agents.

The content within this thesis is structured according to the Design Science framework and
the structure abides by the Design Science process. The work begins with a literature review,
after which using the findings from the literature review it develops a designed artifact, the
validity of which validity is demonstrated through a demonstration phase, where the frame-
work is subjected to a simulated validation scenario

The created framework seeks to introduce measurable and repeatable steps for agent vali-
dation, which anyone adhering to the framework can perform regardless of the analytical
purpose of the agent. The purpose of the framework is to ensure that the agent’s connection
to data is sound, that the agent correctly interprets the data it is linked to, and that the agent
returns only those values derived directly from the data, thereby avoiding hallucination.
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Hyodyntdmalld tietojirjestelmien suunnittelutieteellisen tutkimuksen (DSR) -viitekehysti
tama Diplomityo luo lopputuloksena analyyttisten tekoidlyagenttien validoinnin viitekehyk-
sen, jonka avulla samankaltaisia jdrjestelmid kédyttdvit toimijat voivat varmentaa omien agent-
tiensa tuotantokelpoisuutta.

Diplomityon siséltd on rakennettu suunnittelutieteellisen tutkimuksen-viitekehyksen mukaan
ja pyrkii noudattamana sitd myos rakenteensa puolesta. Tyo alkaa kirjallisuuskatsauksella,
jonka jilkeen ty0 kirjallisuuskatsausta hyodyntdmaélld luo artefaktin - viitekehyksen, jonka
oikeellisuus todistetaan kokeellisessa kiytossa.

Luotu viitekehys pyrkii tuomaan agenttien validointiin mitattavia ja toistettavia askeleita,
jotka jokainen viitekehystd noudattava voi suorittaa riippumatta agentin analyyttisesta kayt-
totarkoituksesta. Viitekehyksen tarkoitus on varmentaa se, ettd agentin yhteys dataan on
kunnollinen, agentti ymmartdid dataa johon se on kiinnitettynd, sekd sen, ettd agentti ym-
mirtidd palauttaa vain niitd numeroita, jotka se saa vasteena datasta, eli vilttdmiin tilanteita,
jossa malli ennustaa tuloksia, eiki kédytd odotettuja arvoja.
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1 Introduction

The topic of Artificial Intelligence (A7) has been been of keen interest to humans since the
dawn of computing. The base idea of what could be a new form of intelligent thought can
be traced back to the initial thoughts from Turing, which discusses the idea of a “learning
machine” (Turing, 1950). In his paper, Turing provides an outline and some ideas for this
“learning maching”, that has acted as the base idea for modern computing, while also being
a base for some basic machine learning concepts (Turing, 1950). While these basic ideas
have been dived into more depth later on, and computing has evolved potentially to heights
that Turing himself might have never imagined, the initial ideas of what has been called the

Al-revolution can be seen then.

The renewed interest in Al can be attributed to the emergence of a new wave of machine
learning. Large Language Models (LLM) started gaining popularity during the 2021-2022
time frame after the release of gpt models, though the large idea of these models can be
traced back to the paper by Vaswani et al. (Vaswani et al., 2017) from 2017. The next
logical step after figuring out a new technology has been to find business benefits or real
world use cases for this new form of predictive technology. One implementation has been
the re-emergence of Agents and Al-Agents (AIA) with the goal of computers defined as
agents acting and helping with tasks in an autonomous manner. These assistants try to help
the users find results to their prompts from pre-learned datasets, one such implementation is
OpenAl’s ChatGPT which allows its users to interact with an LLM in order to obtain answers
and ideas on how to approach tasks they might be performing (OpenAl, 2024). An example
of an AIA could be an agent acting in a company reclamation process, where the agent can
handle reclamation cases independently from receiving an reclamation to a point where the

reclamation can be considered handled in a successful manner.

One specific implementation of this from this model could be an Analytical Artifical Intel-
ligence Agent (AnAIA), This could allow for improved data accessibility, and improve the
insights provided from complex source system data to business users, that aren’t necessarily
data literate (ThoughtSpot, 2024). These agents would be working fully autonomously or in
tandem with a human producing data-based results and reasoning for either the human or the

next agent in such a chain to act upon.

1.1 Previous research

Previous research into trust transference and trust building models have not taken into ac-
count the rapid adoption of AIA that has happened. The frameworks to adopt models to

larger organizations and data analytics seem to be nonexistent, so this research aims to fill
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that gap by providing a solution to how trust between actors and the AIA could be transferred

to a point where a satisfactory result in trust-based metrics could potentially be achieved.

As the use of models in this fashion becomes more prevalent, the difference in producing
results between the different models should be compared. The study attempts to find out if
there is a noticeable difference in performing these analytical tasks using different models

and how an evaluation framework could aid in establishing user trust in agents.

1.2 Thesis Objective

This Thesis will aim to create a structured framework that can objectively evaluate AIA
performance when it is given analytical tasks in natural language. This agent is seen as an
independent actor that aims to provide results of the analysis to the querying party. The
analytical tasks will be defined further in Chapter 2. The current rise of A/ and how most
companies are in the early stages of Al adoption as can be seen in the study by McKinsey
& Company (2025) where most companies have set up teams and communication channels
for Al-based work and discussion, but the metrics for Al based KPI’s, approaches to trust

transference and feedback loops are lower which can be seen in Figure 1.

34
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improve them over employees in customers in
time gen Al's use gen Al's use

Figure 1: Study conducted by Mckinsey on Al Adoption between large and small companies
(McKinsey & Company, 2025)

Using the statements mentioned earlier on strategy transfer by Hevner et al. (2004) and the
low values in investments into trust and KPI’s this Thesis sees the Information Systems De-
sign System Research (/T DSR) as a good tool to design an artifact to help with transferring
Al-strategy into good Al-design by abiding by the /T DSR process. ITDSR allows for ar-
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tifacts to be designed based off other related theories, and overall knowledge base with a
combination of system or implementation understanding (Hevner et al., 2004, p. 79). As
the field of Al and A/A is currently evolving, this Thesis sees the /T DSR as an excellent ap-
proach to use to design a framework for an analytical agent comparison model as Analytical
software, Al and other information systems lie at the crossroads of different organizational
structures (Hevner et al., 2004, pp. 77-78).

Peffers et al. (2007, p. 54) describe the process for Design System Research (DSR) as a 4-
6 step process. This process can be seen in Figure 2. The process model provided gives
step-by-step instructions on how to use the methodology while designing a new artifact or

solution in a problem or objective centered approach to creating the artifact.

Define objectives of Design

Define Problem Demonstration

solution Solution/Artifact

Y L 4 v v
Problem centered Objective centered Design and _ B
initiation solution development centere Client/Contex Initiated
initiation

Possible research entry points

Figure 2: IT DSR Process model (Peffers et al., 2007, p. 54)

Figure 2 visualizes the IT DSR framework of creating a useful artifact through four initial
steps. The first step is to identify or define a problem to justify the value of a solution to
this problem (Peffers et al., 2007, p. 53). After this solution objectives are defined, these
objectives should be aware of current solutions and can be qualitative, or quantitative in
nature to allow for comparisons to these previous solutions to the defined problem (Peffers
et al., 2007, p. 55).

The artifact is then designed and demonstrated in the final two process steps, the final demon-
stration is to prove the effectiveness of the solution, this demonstration can be in the context
of a case study or a simulation (Peffers et al., 2007, p. 55). Hevner et al. (2004, pp. 85-87)
also cites that the evaluation of the designed artifact can be done by two experimental design
research evaluation methods, simulation and controlled experiment of which this Thesis will

use the controlled experiment as its approach.

Each step in this process can be entered independently, and the design process can be started

from the selected entry point as the /T DSR model does not expect the research to work
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sequentially (Peffers et al., 2007, p. 56). These entry points can be seen in the circled section
in Figure 2. Each of these entry points has a different approach to what is required from
the research problem to be started. This Thesis will be entering the /7 DSR process via. the
Problem Centered Initiation entry point. This motivation will be gone into more depth in the

next section.

1.3 Thesis Structure

This Thesis will abide by the ITDSR process, and as the ITDSR process sets a definite
standard on how to proceed with the research it sets a good base for how this Thesis should
be structured. The ITDSR process framework will be entered from the first point of entry
called - “Problem Centered Intiation”. This problem statement has been defined in the prior
section, but the topic will be expanded upon during the next chapter along with the required

objectives of the designed solution to this problem.

The problem definition will be expanded upon by conducting an initial literature review to
see what is missing in the current field of research and what tools exist to provide us with a

solution to the problem statement.

The third chapter will provide the design process for the artifact and the final result of this
design process. During this chapter, components from the second chapter will be used to
design an artifact that aims to provide a solution to the problem. The end result will be a
comparison framework for AnAIA to prove the effectiveness of their analytical results. The
chapter will take a look at Al as a whole, agency as a general concept, view the process/val-
idation frameworks that exist currently for similar solutions and also discuss the concept of

trust in regards to Al and Agents.

The fourth and fifth chapters will then provide a demonstration for the framework proposed
by this Thesis and prove its effectiveness in a controlled experiment scenario. The fourth
chapter will provide an outlook on the environment and choices made for the experiment to
allow for repeatability for the experiment and the fifth chapter will then discuss the results
of this experiment and the effectiveness of the designed artifact. Later chapters will be

dedicated to conclusions and ideas for further research on the topic.
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2 Literature review

To provide the reader of this Thesis with context on what the field of AIA has been, is
and is potentially heading towards this chapter will dive into the past, present and future
of AIA. At the end of this chapter using this literature review as a base this Thesis will also
motivate the /T DSR process entry point stated previously, and also define the objectives of
the solution/artifact that will be designed in the design phase of this Thesis.

2.1 Data Analytics and Business Intelligence

While the definition of what analytics is to one organization might vary even within the com-
pany itself and the way of obtaining information from the data produced by the organization
has evolved over time, from setting the standard for Extract-Transform-Load processes and
Data Marts to predictive analytics (Kasten, 2020, pp. 1-2) (Chen, Chiang & Storey, 2012,
pp- 1169, 1172-1173). The end goal of all Business Intelligence (BI), Business Intelligence
Systems (BIS) and Business Analytics (BA) is to provide organizations with the ability to
make decisions about their operations based off quantifiable metrics provided by their oper-
ations (Chen, Chiang & Storey, 2012, p. 1166) (Popovic et al., 2012, p. 729).

As established previously, deriving insight from these analytical storage’s such as Data Ware-
houses or Data Marts etc. can provide valuable insight into how the business is running or
what actions need to be taken next to produce more value out of operations (Chen, Chiang
& Storey, 2012, pp. 1169, 1172-1173), but just reading data in and producing results is not
everything there is to it the systems that produce, store and provide access to the data need
to be used by someone to provide this valuable insight. Popovic et al. (2012, p. 737) found
that one significant issue that affected user adoption for BIS was information with low data
quality that ended up leading to poor decision-making and thusly resulting in lower adoption

of such systems.

2.2 Data Analytics and Trust

A simplistic definition of trust could be given as Meriam-Webster (n.d.) defines trust as
the “reliance, on the character, ability, strength, or truth of something”. With the increase
in systems providing data insight for decision making processes data analytics has slowly
become a household name within more and more organizations looking to take advantage of

different metrics gathered within their organization (Kasten, 2020, pp. 22-23).

Trust as a whole is viewed as a key component in system adoption (Sollner, Hoffmann &
Leimeister, 2016, pp. 284-285). Schweitzer, Hershey & Bradlow (2006, p. 15) found in their
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study, that after an initial bad interaction with a potentially faulty actor, trust can be hard to
gain back. Schweitzer, Hershey & Bradlow (2006) also state that trust recovery can be a

tricky process, with a multitude of factors affecting the ways trust can potentially be rebuilt.

The European commission in their 2019 guideline for ethical ai set seven points on which
to judge Al systems in relation to their trustworthiness, one of which is accountability (Eu-
ropean Commission, 2019). This is supported by the risk management framework set by
Tabassi (2023, pp. 12-19), which sets the validity and reliability of such systems at the fore-
front of Al risk management. Providing accountability and transparency through a frame-
work setting a standardized method on how to provide members of an organization a look
into the ability of insight production of an AnAIA is in the opinion of this Thesis similar
to what Schweitzer, Hershey & Bradlow (2006) states how promises help build initial trust
and help rebuild this trust as it is lost due to faulty actions. As Kasten (2020, p. 24) states:
“Trust in data is often tied to the user’s trust, or lack thereof, in the technology providing
the information”. To be able to succeed in establishing trust with AnAIA users, a method to

communicate the agents ability to perform needs to be established.

2.3 Artificial Intelligence

While AIA can be defined in multiple ways, Simmons & Chappell (1988, pp. 1-2) define AIA
as machine behavior where, if the action or behavior was done by a human, the action/be-

havior would be considered intelligent.

This definition does not quite capture the full scale of A/, as the definition only take into ac-
count human-like intelligence as intelligent behavior can be seen in other lifeforms. Despite
that this Thesis will not go into more depth on the debate on what can be viewed or de-
fined as intelligence, and will mainly focus on the mimicking or reproducing of human-like

intelligence and actions in an analytical setting.

2.3.1 History of Artificial Intelligence

The initial drafts for what could be constituted as AIA can be traced all the way back to the
concepts of computing. One decent definition can be found from the works of Turing, who
defines some outlines on how a computer could interact with a human in a manner where
the human might not be capable of distinguishing between the conversation being between
a computer or a human actor (Turing, 1950). This statement is mirrored by the definition
given by Simmons & Chappell (1988, p. 1) mentioned earlier where if an action was done
by a human it would be viewed as intelligent. These definitions can act as a baseline on
what can be expected or produced by Al based system. Using these definitions Al based

systems can be viewed as creating machines to mimic human behaviour, human actions and
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intelligence to a point, where the party using this machine can not distinguish the resulting

action between results provided by human actor and a machine actor.

2.3.2 Current state

What has led to the rise of Al currently has been what can be described as rapid development
of multiple computing fronts (Sevilla et al., 2022, p. 6). The rapid scaled development of all
these computing powers and the rise of Al can also be seen in the increased need for energy
consumption used by data storage solutions, compute usage for model training, and cloud
service use (Shankar & Reuther, 2022). While the term A/ itself can be seen as a marketing
term or is being applied to systems that don’t necessarily deserve the title, the technology
behind the rise of LLM’s has been interesting (Simmons & Chappell, 1988, p. 1). The rise of
Transformers as a new trend in how natural language is produced has been quite the shift in
technologies. Traditional Neural Networks became obsolete in producing natural language

and images almost overnight.

2.3.3 Transformer architectures

What can be seen as the base background for LLM’s is the development of the Transformer
architecture from Vaswani et al. (2017) in their article “Attention is all you need”. The
architecture suggests division of data processing the into two separate base layers (encoder-
decoder-architecture). The first layer, the encoder receives and maps the the sequential data
received as an input into a sequence of representations(Vaswani et al., 2017) for the data. The
decoder layer, then produces output using the encoded dataset. The encoder and the decoder
contain attention functions, which calculate weights for either inputs-or-outputs (Vaswani et
al., 2017, p. 2) based on how they occur in the data. These attention functions can be seen as
what the prediction model is giving more attention to and how to map them in a sequence. In
its core the transformer architecture is a powerful neural network with a different approach
in how the weights of each layer is calculated and how the data is processed (Vaswani et al.,
2017).

This has led to a large scale development in natural language processing, and given us a
powerful tool in capturing the complex relationships between words in language. The basic
function of the architecture uses words processed through the encoder and the decoder pre-
dicting the next potential word in the given sequence. This architecture model is then used
by different LLM’s to provide prompt based tools, that can use user prompts to predict the
following sequence to the user-based question in an attempt to produce a satisfactory result

to the user.

This method has its drawbacks, while the tool itself is as stated previously powerful. It is still



17

predicting the sequence based off what it has been trained on and the weights it has within
the model. As all predictions, there is a chance for the model to produce output that isn’t

valid or true.

2.4 Al Agents and Agency

Using the weak notion of agency provided Wooldridge & Jennings (1995, p. 4) an agent
can be defined as an independent actor in a sequence with both, the ability to act, and react
within their environment with either other agents or humans. Agentic autonomy defines the
as having a set of tasks being excecuted independently at a time, when the agent deems
the proper time for task execution(Zambonelli, Jennings & Wooldridge, 2003). These two
generic definitions provided contain a base for what an agent should be seen as, an actor

capable of independent actions through a reaction or action.

Floridi & Sanders (2004, pp. 188—-189) also suggests defining agents through levels of ab-
straction using the use case of the agent and the environment it is in to provide the definition

of agency, rather than attempting to create a single definition outright.

Using these definitions and methods of defining an agent this Thesis will define its agent
through its use case and look at it through the definitions provided by Wooldridge & Jennings
(1995) and Zambonelli, Jennings & Wooldridge (2003) as an independent actor able to act

and react in a sequence in a manner and time the agent deems proper for the task.

Using the statement above this Thesis will view the Analytical AI Agent as a tool using
assistant for a business analyst. The agents autonomy will be in executing code towards a
file in an attempt to streamline the analysts work process and reduce the need to write code.
The agent will act as a mediatory independent actor providing the insight from the data to

the business user.

2.4.1 Aurtificial Intelligence Agents and Trust

As stated previously according to the study by University of Melbourne and KPMG (2025)
overall trust in Al systems is quite low due to a variety of factors. Another study shows trust
in Al systems being low as of 2025 at 46% due to users of Al systems currently trusting
results produced by the systems blindly, and potentially making mistakes at work due to this
(University of Melbourne and KPMG, 2025).

Saffarizadeh, Keil & Maruping (2024, p. 657) introduce two Al Agent steerability concepts,
Creator-Based steerability, which is defined as the ability of the agent to act in the man-

ner with it’s creators goals and User-Based Steerability, which is the perceived ability of
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the agent to behave in the way its user wants it to. To achieve lower loss in user trust
Saffarizadeh, Keil & Maruping (2024) suggest lower creator-based steerability, heightening
user-based steerability, and increasing the agents autonomy, while also suggesting that in-
creased trust metrics can be achieved via documentation, prompt guides, and aligning the
the agents goals with the users.Looking at this one can see that the matter of trusting an
agent is very delicate matter and there is a call to show how the agent was developed to the

end users.

2.5 Data Analytics and Artificial Intelligence

Al incorporation in Information Systems can be seen as the next trend in what people are
expecting from a variety of systems such as CRM, ERP or Analytical Systems as analytical
systems can require domain or system specific knowledge not always at the disposal of in-
terested parties (Li & Xu, 2025). One solution to this problem could be an agent working
in tandem with an analyst or business person to query data from such systems or produce
light analytics as an independent actor (ThoughtSpot, 2024). This Thesis sees the AnAIA as
an extension to the traditional analyst or an independent analytical actor providing analyti-
cal insight to a user. Eisenhardt (1989, pp. 830, 833) emphasizes that successful companies
can make quality decisions, fast and in a structured manner this Thesis sees the AnAIA as
an addition to this process in the modern data-driven business that is looking to derive fast

analytics and decisions from its data to provide success.

As stated previously, most LLM Al implementations work off a prompt to which the model
then generates what can be considered an answer or extended text in the context of the prompt
(Vaswani et al., 2017). Wei et al. (2022) argue that this logic in itself isn’t the best to answer
arithmetic or prompts that require more reasoning from the model, and propose a method
called “Chain-of-Thought” (CoT) to improve the performance of language models in such
task. This method has the LLM perform complex tasks by dividing them into substeps and
executing them one step at a time (Wei et al., 2022, pp. 2-3). The argument by Wei et al.
(2022, p. 2) is that the human brain functions in a similar manner while executing complex

tasks. Giving this in the context of data analytics example of this could be something like:

Question: How many did we sell of Product A this month and how much revenue did

they generate?
Step 1: What is the current month?
Step 2: Get the total count of Product A sold in current month

Step 3: To get the revenue for this month for Product A i need to multiply the price of
Product A by the total amount of units sold this month
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Answer: We sold 1000 units of Product A this month and the total revenue was 1000
* 77 =7000 euros

The example above demonstrates a manner in which one could divide an analytical task into

steps that are executed independently before obtaining the final result.

This method is taken further and into a more generalized setting by ReAct prompting, which
combines the steps of reasoning in a similar manner to how the CoT model proposed and
acting on this reasoned thought (Yao et al., 2022, p. 2). Yao et al. (2022, pp. 2-9) state that
not only does the ReAct model outperform CoT it also can improve trustworthiness in both
reasoning and decision making tasks through allowing the decisions done by the model to
be traced. The model produces results through a Thought-Action-Observation (7' —A — O)
loop that it repeats until the Observation answers the original prompt/question the model
was posed (Yao et al., 2022, p. 2). An example of this can be seen below. All actions given
in the example below represent executed code in a pseudo-code format for the purposes of

demonstrating the 7 — A — O process that the ReAct format executes.

Question: How many did we sell of Product A this month and how much revenue did

they generate?

Thought 1: What is the current month?

Action 1: get-current-month()

Observation 1: This month is April

Thought 2: I need to find out the amount of Product A sold in April
Action 2: get-count-of-products(where month = April)

Observation 2: The amount of products sold in April was 1000
Thought 3: I need to find out the price of Product A

Action 3: get-price-of-product(Product A)

Observation 3: The price of Product A is 7 euros

Thought 3: I need to multiply the results of Observation 2 and Observation 3 to get the

result
Action 3: 1000 * 7
Observation 3: The revenue amount was 7000
Comparing the ReAct method and the CoT method ways of obtaining the result, this Thesis

agrees with the statement that the ReAct loop produces much more trustworthy results by

providing output on the reasoning it is performing while producing a result to the original
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prompt.

This Thesis will use an AnAIA working with the ReAct format due to the improved trustwor-
thiness, the heightened capabilities in complex tasks, such as decision making and reasoning,
which can be seen as directly linked to the type of contexts data analytics are used in (Yao
et al., 2022, p. 9). This Thesis will also adapt elements of the CoT prompting method as the
experiment done by Yao et al. (2022, p. 6) indicated that a hybrid approach with CoT and
ReAct led to the best responses in tasks related to reasoning as the model is fed both external

and internal knowledge on how to approach the task.

2.6 Frameworks

Quality results require quality work. As the world of Al and Agentic Al keeps evolving,
some baselines or guides on how to evaluate the performance Agents should be in place.
Frameworks attempt to provide a reusable template on how to perform a certain task to
produce expected results (Johnson, 1997, pp. 1-2). While the article by Johnson (1997)
mostly refers to Software and Code, for the majority of the article the principles can be
generalized outside of pure software development and also be applied to product testing in
the opinion of this Thesis. The sentiments on framework applications and design being a
way to produce reusable design are mirrored by Blevis (2012) who states that frameworks
allow developers to navigate intricate solutions via. reuse of principles. I'd argue that Al
Agents represent an extremely complex combination of software as they combine complex
machine learning patterns to a user prompt, or learning based action - reaction pattern that is

expected to produce reliable results.

Blevis (2012, pp. 1-2) also states that creating repeatable ways to repeat validation steps one
can help software reliability having this method of repeatable validation methodology and
open ways of developing has potential in enhancing user trust in Al based solutions as Saf-
farizadeh, Keil & Maruping (2024, p. 674) state that user trust in Agentic Al-systems can be
enhanced via lowered autonomy, user-based steerability, and high creator based steerability.

This Thesis suggest that this could be done by a validation framework that provide decent
insight into how the performance of the AI-Agent was validated before production use. Two
metrics that can be used to ensure that the A/ solutions are performing as intended before pro-
duction use are its accuracy and reliability (Tabassi, 2023, p. 13). ISO 9000:2015 — Quality
management systems — Fundamentals and vocabulary (2015, p. 24) defines validation as
the gathering of objective evidence that a specific requirement for a system or solution has
been met. Tabassi (2023, pp. 13—15) states that A/ systems should be periodically monitored

for their reliability and accuracy to ensure that they are operating as intended. A validation
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framework would intend to do just that. A validation framework ensures a consistent re-
peatable methodology that can be implemented to all AnAIA systems to periodically ensure
that they are operating as intended, while allowing for transparent communication about the

performance of the systems in question.

2.6.1 Analytical frameworks

There is a variety of frameworks that provide instructions on how to evaluate the validity or

the success of an analytics implementation.

In Figure 3 is a minimalist version of the Cross-Industry Standard Process for Data Mining
provided by IBM (2020).

1g =" Daia preparation [~ Modeling —

» . v - v e » . v

Figure 3: The IBM crisp DM Process (IBM, 2020)

The IBM (2020) model describes a fairly straightforward process from having enough busi-
ness understanding to initiate the process and then finally ending with an evaluation phase at
the end.

The IBM (2020, p. 31) model states the following steps as key to the evaluation

process:

1. Are your results stated clearly and in a form that can be easily presented?
2. Are there particularly novel or unique findings that should be highlighted?

3. Can you rank the models and findings in order of their applicability to the
business goals?

4. In general, how well do these results answer your organization’s business

goals?

5.  What additional questions have your results raised? How might you phrase

these questions in business terms?

These given evaluation steps provide a solid baseline to stand on on how to evaluate the
analysis results given by a potential Al model, as they provide a method on how to analyze
the results of work done for basic analytics.
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Another similar framework for analytical result analysis is BADIR, an acronym and method
created by Jain & Sharma (2014). The division of the steps is a bit different, but as can
be seen in the example below there are similarities in both of the analytical process models
provided. The framework splits the analytical process into 5 actionable steps that have some
similarities to the CRISP-DM framework.

1. Business question
Analysis Plan

Data Collection

Derive Insights

A

Recommendations

Both the CRISP-DM framework and the BADIR-Framework define the initial starting point
for successful analytical work via a similar approach. Business understanding or a business
question is at the heart of the analytical process. The paths in the process then vary a bit, with
the IBM (2020) process approaching the task at hand in a more inquisitive way in comparison
to the BADIR model, which attempts to simplify the process into a few easy to remember
terms (Jain & Sharma, 2014). At the end of both processes a similar point is raised, did the
results answer business questions asked in the begining, and are there next steps from this
insight gained (IBM, 2020) (Jain & Sharma, 2014). This Thesis will combine the methods
provided by both of these templates and use them as a general outlook on how the main

analytical process works and look to build the framework around this process.

2.6.2 Artificial Intelligence and Al Agent frameworks

In their review Myllyaho et al. (2021, pp. 8-9) do a literature review on methods and ap-
proaches to validating Al implementation, the article ranks methods based off popularity
and according to the paper, trial-methods seemed to be the most popular, besting other vali-

dation methods such as simulation, model-centered validation and expert opinion.

Myllyaho et al. (2021) state that there has been a large problem in validating Al-systems
and cite Kumeno (2019) who through a literature review point out validation as one of the
key issues regarding Al software. Kumeno (2019) also lists parallels between the software
development process and the Machine Learning development process, by listing the key

components of the ML-development process

1. Requirements Elicitation

2. Requirement Specifications
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3. Validation

These three items in the opinion of this Thesis draw parallels to both the Crisp-DM frame-
work and the BADIR-framework by starting the process by understanding the problem through
a form of requirements/business understanding and finally validating the output of produced
results (Jain & Sharma, 2014) (IBM, 2020). All three of these form an outline that can be
used to create a framework for a full validation framework for Analytical Al-solutions. This

Thesis will base it’s main work on this approach.

2.7 Design Science Research Entry Point and Design Objectives

Using the literature review provided by the previous sections this Thesis will now provide
motivation for it’s selected entry point of “Problem Centered Initiation” into the /T DSR
framework process by defining a problem and stating the value of the solution as required by
the IT DSR framework (Peffers et al., 2007, p. 52).

This Thesis will attempt to fill the gap in a standardized validation framework for for AnAIA
stated by Kapoor et al. (2024), with an outlook on potentially building trust transference via
the suggested framework for both the users and the developers as in the opinion of this Thesis
the developed artifact can be seen as a promise of system effectiveness which according to
Schweitzer, Hershey & Bradlow (2006, p. 15) can lead to improved regaining of trust when

followed by good actions if trust is lost.

The value of such a framework could be in standardizing a method for organizations in how
the ability and coherence of the developed Al-Agent systems is communicated to the users of
such a system and as stated previously, this should lead to improved trust metrics which then
should lead to improved usage of such systems as trust is viewed as a key factor in system
adoption (Sollner, Hoffmann & Leimeister, 2016, 284-285).

2.7.1 Design objectives

The Thesis sets the following two requirements for the designed objective to fulfill.

1. The artifact must create objectively evaluatable metrics that can be communicated to

end users
2. Each step of the analytical process must be evaluated
If both requirements are met by the designed artifact and the artifact can demonstrate its

effectiveness in a successful manner, this research can be seen to have reached it’s objective

of providing a evaluation framework for Analytical A/A solutions.
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2.8  Summary

This literature review provided an outlook on what has been done in the field of Al validation.
The goal of this section was to bring the reader of this Thesis an understanding of the main
theories this Thesis will be basing the work being done on, while also building the main

theoretical base this Thesis will base it’s works on.

Most Al validation is done via experimentation and simulation (Myllyaho et al., 2021). This
gives good ground for the using the /7 DSR method of demonstrating the artifacts effective-
ness using a simulated environment in which the artifact proves it’s capability in what the set

design objectives for the artifact.

There exist some analytical development process frameworks with basic guidelines on how
to validate analytical results and also some basic frameworks on how to validate machine
learning results. Using the combination of these in the /T DSR framework this Thesis will in
the next chapter provide a framework for AnAIA development to allow developers to build

agents that through open framework design could obtain more consumer trust.
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3 Design

This chapter will go through the process of designing a framework to evaluate the pro-
duction readiness of AnAIA and a step-by-step walkthrough of each step of the suggested
framework.To allow this Thesis to reach the objectives set to it a research method has to be
selected. Design science attempts to design and analyze different artifacts to solve problems
within organizations (Hevner et al., 2004, p. 77).

Hevner et al. (2004) originally introduced a framework that set guidelines on how to con-
duct ITDSR and stated organizational strategy transfers to good IT-infrastructure via good
Information Systems design. Guiding the design process this section of the Thesis will use
combination of the eight components from Information Systems Design Theory (ISDT) that
provide a frame for specifying what the designed artifact should look like and the original
chosen research method DSR which states that the design phase should determine the arti-
facts functionality and the architecture (Gregor & Jones, 2007, pp. 322-325) (Peffers et al.,
2007, p. 55). Each component will be used within the design steps of the artifact of this

Thesis to justify the existance of the specific step of the framework.

Table 1 contains the first six components given by Gregor & Jones (2007), some of these
steps are in line with how the DSR-framework presents itself, for example the DSR process
requires a problem and the objectives of the solution to that problem to be defined (Peffers
et al., 2007, p. 54), which correlate to the first component given in the suggestion given by
Gregor & Jones (2007). While Peffers et al. (2007) gives a good overall framework on how
to approach artifact design on a higher level, the theory given by Gregor & Jones (2007)
gives a more in depth step-by-step frame for what to follow while designing the final artifact
which will also be used.
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Component Explanation

1. Purpose and Define the scope of what is being designed
Scope

2. Constructs Explain the entitities within the design

3. Principle of form Representation of the artifact in visual format

and function

4. Artifact mutability How likely is the artifact to undergo change

5. Testable proposi- Truth statements that can be tested

tions

6. Justifactory | Kernel theories, what gives a scientific justification for the design
knowledge

Table 1: Business context and data understanding evaluation

The framework will be created and designed based off the available literature from various
different software topics presented in the previous chapter. The main design of the frame-
work will aim to provide a process to enable Al-developers to have a good way to provide
users of developed Al-Agents. Each following section will act as a step from the design
process and attempt to justify the design of the artifact step by step as the ITDSR process
requires (Gregor & Jones, 2007, p. 322).

The main intention of the designed artifact is to act as a version of system testing and system
analytical capability testing for individual analytical Al based agents. Each validation phase
will adhere to good testing practice and look to provide an atomic test that tests the AnAIA
abilities within the analytical process as separate components (Kenett et al., 2018, pp. 466—
467). The framework will follow the process model suggested by (Kenett et al., 2018, pp. 33—
34), each validation step proposed by the framework will design validation metrics that can
be seen as system tests for the agent to validate its performance. As suggested by Kenett et
al. (2018, pp. 35-36) that software needs to be able to provide the expected services reliably
and that it can satisfy user expectation. The final designed validation framework, can act as
a form of system testing for analytical ai agents as system tests test the whole system and its
functionalities (Kenett et al., 2018, pp. 34-35).

The design will be presented as a visual process model and then each section will be gone
more in depth in subsequent sections of this chapter for more insight into each phase of the

framework.
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3.1 Framework architecture

Figure 4 provides a visual representation on how the different areas of the framework interact
with each other and how the substeps of the framework are. This is stated by Peffers et al.
(2007, pp. 54-55) in the IT DSR process as a key component of the step in the design phase
and in /T DSR and is a method of representing the designed artifact in a visual format as per
the requirement of Gregor & Jones (2007, p. 322) as can be seen in Table 1 that outlines the

guide for the design process.

Insight validation
Define ground truths
for validation in Pml\:\r:!:efsr:):r:d?;data Insight capability Foresight capability
business context 9

Target metrics
met

Business area validation

. . Provide proof of
Deﬂ:zrtl::?lness business context
understanding

A

Target metrics
not met

h 4

Metrics visualized to
user base

Figure 4: Visual representation of the suggested framework

The framework architecture looks to both the CRISP-DM and the BADIR-frameworks for
each step of the process represented in it. The framework splits the framework into two
main layers that are then divided into five sub-validation steps that base the steps on how the
CRISP-DM process starts from business understanding and business area comprehension

first, and moves on to result validation as the last step (IBM, 2020).

In the opinion of this Thesis, this methodology allows the different areas specified by both
of the aforementioned analytical process models to be validated separately and has the Al-
Agent present it’s capabilities in working with the data domain given to it. As required by the
IT DSR process the following sections will give justification for each step of the architecture
from Figure 6 (Gregor & Jones, 2007, p. 322).

3.2 Business area validation

As stated in both the BADIR-framework and the IBM CRISP-DM framework for how to
produce analytical results, the first step to produce reliable and good analytical results is to
obtain business understanding (Jain & Sharma, 2014) (IBM, 2020). This is represented by
the intial first steps of the architecture presented in Figure 6. The main reasoning here is to

see if the agent understands the context it is working with.
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3.2.1 Proof of understanding

To have an AIA provide proof of such an understanding, the first step for evaluating the
validity of the results provided by the agent would be to ask it simple questions about the

data which it could provide answers to.

This Thesis suggests that the first step for the evaluation process would be to define the
business area the agent is operating in. Within the context of the presented framework this
would be creating a definition of the dataset or datasets into which the Agent is connected
to and form quantitative prompts for the agent to have a conversation about. This process

should begin with a question on whether the agent is connected to the correct data.

The overall sentiment here is to see if the developer and the agent are on the same page on

what the environment the agent is acting in.

Table 2 defines the steps of evaluation that the agent should be subjected to provide metrics

and a base level of understanding of the data it is connected to.

Evaluation step Reasoning

Explain agent objective What is the objective of the agent
Describe the data being used Validate understanding of context
Describe columns of data being used Validate connection to available data
Describe column data types from data Validate and gain insight into data

Table 2: Evaluation steps and reasoning

Here the framework sets out to provide both the developer and the future users of the agent
proof that the agent understands the environment it is acting in. The validation here is done
within the context of operation, similar to how Floridi & Sanders (2004, pp. 188-189) set
how agents should be defined based of the operational environment and the operation they

are expected to perform.

3.3 Insight validation

As these types of AIA would be working hand in hand with either analysts or less analytically
savvy business personnel, some method of measuring how they perform with the data given
to them should be set. This section will look into how the insight provided by the agent to
the agent user would be validated and the methodology behind it.

To provide some outlook on how the model performs on data insight the model should be
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made to run some basic level analytical tasks and the output from them measured against
what can be called “truth values”. These objective values should be set by the agent developer
and the models performance in a similar manner to how the Kenett et al. (2018) describes
that a key component of a test-engineers job is to determine whether a test is passed or not

and to do that there needs to be an “expected result”.

Providing results in this manner from the analytical process is in the opinion of this Thesis
in line with how the trust in Al systems can be increased, as stated by the study conducted
by (Saffarizadeh, Keil & Maruping, 2024, pp. 664, 674) which showed, that by Al systems
that are clearly aligned with the users goals with high user-based steerability tend to be
more trustworthy from the point of view of the user. This would also be in line on how
1SO 9000:2015 — Quality management systems — Fundamentals and vocabulary (2015,
pp. 1-15) defines the way Al systems are expected to be monitored and managed in terms of
operative risk as the “expected result” can act as a validation metric of what is expected of

the system.

3.3.1 Ground truth definitions

In regards to system design and system evaluation ground truth values are regarded as the
correct or expected answers to which answers retrieved from a system are evaluated against
(Krantz & Jonker, 2024) (Alves-Foss & Venugopal, 2022, pp. 1-2). As certain values within
the Analytical process can be viewed as absolute or ground truths, such as sums, amounts,
singular row values etc. the designed framework suggest defining and setting such ground
truth values as performance evaluation metrics for the analytical ai-agent. As the LLM be-
hind the agent works off predictions of the next token within its answer back to the user,
there is a theoretical margin for error for wrongful generation of the correct answers and said

models can generate wrongful outputs (Vaswani et al., 2017) (Chelli et al., 2024).

The first step of this process would be to define business context related questions that a
human actor is able to find ground truth values for. Examples of such questions can be
seen in Table 3. While not in the scope for the validation framework of this Thesis, if the
AnAlIA is expected to be able to perform predictions or foresight from the data given to it, the
prediction questions would be posed in a similar manner, an example of this is also given in
Table 3, separated by the question type column. Yet, validating these results should be done
in a different manner, as while predictions can be validated against ground truths, machine
learning model results are evaluated by different metrics (Krantz & Jonker, 2024). Due to
the variety of different validation metrics and what in the opinion of this Thesis can be seen
as non-deterministic validation metrics available for machine learning models, this Thesis

will consider prediction validation out of scope.
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Question Question type Sample question

1 Quantifiable values | Amount of occurrance of X in month Y
2 Quantifiable values Sum of X total

3 Quantifiable values Highest performance of X

Table 3: Insight evaluation and generation

These questions and the form of these questions above in Table 3 are in line with how the
CRISP-DM framework suggests on how results of models should be evaluated based off the
ability to draw new meaningful conclusions, new insight or unusual occurrences from the
data (IBM, 2020, pp. 28-29).

3.3.2 Proof of data readiness

To allow users to abide by the basic analytical process and analyze potential issues with data
quality, the AITA should be able to provide users with aid in recording such values from the
data as data quality issues can lead to bad analyses from the given data (IBM, 2020, pp. 16,
20) and prove that the data is ready, the AI-Agent should be able to present basic metrics
from the data such as Data quality issues can be split into a few different categories. Rahm
& Do (2000, p. 3) suggests a division into two major categories that then are divided into

two subcategories that can be seen in Figure 5.

Data source types

Single source Multi source

—

Quality issues

Instance level Schema level Instance level Schema level

+ Input errors Uniqueness
+ Duplicates Referential

integrity
Poor schema

+ Input errors + Higher level

+ [nconsistencies conflicts

design

Figure 5: Data quality issues - high level (Rahm & Do, 2000, pp. 3—4)

Data readiness for analytical purposes can be provided in multiple ways, but a simple initial
way can be done by doing initial exploratory analysis into said data (Rahm & Do, 2000,
pp.- 5-6). This analysis should start by identifying quality issues defined in 4. After the

identification phase of the issues within the data, the data will need to be cleaned up, or
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transformed to allow the analytical results to be accurate. The ways to handle the transfor-
mations vary depending on the use case of the data and the type of problem in the data (Kotu
& Deshpande, 2014, pp. 42-44). The table below will provide some common techniques

and examples on how to handle said errors in the dataset.

Error type Solution Schema Level

Missing values | Removal, Value derived from data | Structural issues, naming conflicts

Outliers Removal, Value derived from data Uniqueness
Transformation | Normalization, Standardization Uniqueness
Data types Data type conversions Uniqueness

Table 4: Data problem handling and solutions

Using Figure 4 and Table 4 as guides, we can see how an analytical agent could aid and
provide proof of data readiness, by running the initial analysis on the dataset, and pointing
out missing values, outliers or other issues within a dataset listed above. The agent can then
either suggest to clean up the data, or provide code that can clean up the data as needed. The

analysis can then be rerun after this step to provide proof that the data is ready for use.

3.3.3 Capability to produce insight

This section simply looks at the ability of the agent on how it performs with the dataset
given to it. The outlook of this section of the framework isn’t to validate the results yet,
but to subject the agent to natural language questions it needs to dig answers to from the
data it has proven a connection to. This is in reference to the steps from both BADIR and
IBM-CRISPDM models which state that the analytical process should be able to produce
insight or answer business related questions to be considered successful (Jain & Sharma,
2014) (IBM, 2020, p. 31). These results should be quantifiable absolute and objective truths
from the data. The results of this step will be then validated in the validation phase against

the previously set ground truth values of which an example can be seen in Table 3.

3.3.4 Validation phase

Now adhering to the CRISP-DM framework, the next step in the basic analytics process
would be to validate the analysis results (IBM, 2020, p. 28). This Thesis proposes that this
step could be done against an initial human produced baseline to give a ground truth/guide-
line the agent results can be compared against. This step could be done in the development
cycle of an Al-agent each time before a new production version is released for use. In the

case of prediction based agents a similar approach could be used. Prediction results are less
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quantifiable than just basic results from the data, but machine learning models do produce

metrics that could and can be potentially used in this manner.

The final result of the validation phase would be a visual representation of pass-fail mark-
ers with representative values of how the agent performed during testing acting as a visual

promise that aims to build trust for end users.

Step Question asked | Agent performance | Result expected | Result
Proof of under- | What is the 90 100 % Pass
standing objective of the

agent
Insight capabili- | Sum values of X 87 % 85 % Pass
ties
Foresight capa- | Expected amount R2-score 0.93 0.88 % Pass
bilities of X

Table 5: Result presentation example



33

4 Demonstration Setup

Peffers et al. (2007, p. 55) state that the main focus for the demonstration should be to solve
instances of the defined problem, and to do that one should have enough knowledge on how
the artifact is used and how it aims to solve the problem. The following subchapters in this
section of the Thesis will aim to provide the reader some context into the environment that the
demonstration phase of the design process will be run in. The aim here is to allow the reader
to potentially replicate the same conditions that the AnAIA in this Thesis was subjected to,

and also to build the AnAIA in a similar manner.

4.1 Data and environment description

The dataset being used for this simulation, is a set of sales data which contains a single
month of daily sales for an example company (Pigment, 2023). The data is fairly simplistic
but provides a dataset large enough for the context of demonstration for this Thesis and does
not introduce unnecessary complexity. The data is rich enough with variety and data errors,
to demonstrate the framework. This will be dived into deeper in following sections of the

demonstration.

4.2 Demonstration compute environment

The models were run in one computing environment that will be referred to as Machine 1
(M1) if referenced in the demonstration. The relevant specifications of the machine can be
found below in Table 6.

Value Machine 2
Operating System Xubuntu

CpPU Intel 17

GPU NVIDIA GeForce RTX 4070
RAM 16GB

Table 6: Computing environment

4.3 Agent build

4.3.1 Agent Large Language Model

All developed agent code was developed by the writer of this Thesis using a python notebook
setup (Pitkédniemi, 2025). The code provides the notebook and a method to run the notebook

using the same model as was used in this Thesis. While the performance of the agent can
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vary depending on the hardware used, the AnAIA performance should be similar to how it

performed analytically here.

This Thesis will be using quantized models due to hardware restrictions with the assumption
that if the framework can work on quantized models, it would work on regular LLM’s as
well. Quantization attempts to reduce LLM size using various algorithms and compressing
the parameters in an LLM to less bits (Frantar et al., 2023, pp. 1-2). LLM’s tend to be large
in size due to these parameters as they are necessary for the models to provide accurate
responses, this loss of accuracy has been a consistent problem in research looking to reduce
the compute resources needed to run accurate LLM’s, quantization methods attempt to bring
a change to that allowing models to be run on smaller hardware while still achieving accurate
results from the quantized models (Frantar et al., 2023, pp. 1, 7-8). An overview of the model

can be seen in Table 7

Model name Model short | License | Model reference
TheBloke/zephyr-7B-beta-GGUF Z MIT (TheBloke, 2024)

Table 7: LLM’s used for framework effectiveness demonstration

As can be seen in the name of the model in Table 7 the name of the model suffix contains
the shorthand for GPT-Generated Unified Format (gguf) referring to a quantized model.
The quantized model in question is a quantized version of the main zephyr-7 model which is
trained to be a helpful assistant (Tunstall et al., 2023). While the produced values for code for
zephyr aren’t up to par with e.g. the results produced by GPT-models (Tunstall et al., 2023),
this Thesis doesn’t see this as a hindrance, but more of an opportunity for the framework to
show that even less tuned models can perform the tasks set to them. The hyperparameters
given the language model uses can be found from Table 8. The hyperparameters here can

be found in the source-code of the model and are given here to allow for repeatability of the

demonstration.
Parameter Parameter value Description
Max New To- 200 Max amount of new tokens generated by the LLM
kens
Context  to- 4064 How many tokens are given to use for LLM context
kens
Temperature 0.2 How creative the LLM is allowed to be

Table 8: LLM hyperparameters for model performance tuning
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Hyperparameters control the performance of the Agent and can have an influence in the
outcome of the results produced by the Agent. As an example having more new tokes being
generated can lead to more verbose outputs, or having the context tokens provided to the

LLM be to small, might leave the agent with lower ability to generate insight accurately.

The values provided in Table 8 are what were used to produce all validation metrics, and

were not tweaked during the demonstration phase.

4.3.2 Agent build process

The agent was built with the Python programming language using the LangChain library.
LangChain is a Python based open-source framework that enables simple development of
Agents that can run different LLM’s (LangChain, 2025). The models used to develop the
agent were downloaded from HuggingFace (2025). HuggingFace (2025) is a model hosting
platform that allows different LLM-developers to store and provide their models for user
consumption, most models provided on the platform are open-source. The actual models

used for the demonstration can be found in in the Demonstration Environment Section.

As stated previously in Chapter 2 LLM’s function off prompts usually intiated through user
input. This input can vary in sentence format and the LLM can produce different results
from each prompt. To mitigate this issue and produce more reliable results from LLM’s the
Agentic model from LangChain allows for developers to input prefixes or suffixes to the user
prompts and allow for more expected LLM performance. During a development process this
would need to be set initially to a certain state beforehand, but potentially altered during
the Agent development process. The instructions for the agent are split into the prefix that
instructs the agent to act in a certain manner and a suffix, that follows and guides the agent

to act in a certain manner. The prefix and suffix used in the agent can be seen below.
prefix

You are a tool-using data analyst for sales. You work with CSV files using

Python and pandas.
Follow these steps exactly:
1. ALWAYS preview the file before getting an answer.

2. Determine if the answer requires code: - If yes, generate it in one line and
execute it using the appropriate tool. - If no, do not generate code, just return

the answer.
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3. Use only the outputs from tools; do not invent numbers or data.

4. Return a concise human-readable result in 1-2 sentences. 5. Never include

intermediate reasoning in the final output.

suffix

When you have the Final Answer:

- Include only the final result from the tool outputs.

- Add at most one short sentence of context or observation.

- Do NOT include code or reasoning steps unless specifically requested.
Question: {question} {agent_scratchpad}

Tweaking the prefix and suffix instructions will lead to different results as they act as guide-
lines for the agent to produce the results it is expected. These two can be seen as the main
point of development by an A/A engineer during the development process of tuning a gener-
alized LLM and Agent towards a certain task. The prefix and suffix are given as context to

the agent to use while producing inference.



37

4.3.3 Environment architecture and Agent usage process

The architecture in which the agent will connect to the data is fairly simple. The AnAIA will
be connected to both the raw dataset and preprocessed datasets, that the AnAIA can use for
result generation. The overall goal is to demonstrate the effectiveness in both scenarios and
have a result in how trustworthy each approach could be. The actor using the AnAIA, will be
interacting with the agent via a medium, which in this case will be a python based notebook
into which the actor will be submitting the queries about the data. The formatted prompt
used to query the data will be stored for further and recorded into the Thesis demonstration
phase.

( Medium for
interaction

O

A

Actor

Y
—

Processed Data Storage

Order_Id
Product
Quantity ordered
Frice Each
Order Date

Purchase Address

Figure 6: High-level solution architecture
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5 Demonstration

In the DSR framework, the final step of the artifact design process is to demonstrate the
effectiveness of the designed artifact (Peffers et al., 2007). This Thesis will now provide a

use case for the designed framework and simulate its usage in a mock environment.

First this section will devise analytical questions using the designed framework for the agent
to be validated against. Then truth values/a baseline will be set up that the agent results will
be compared against. The baseline values will be used in the validation sections to generate

pass/fail values for each metric for the agent to pass.

5.1 Demonstration phases

As required by the DSR-framework, to prove the validity of the designed artifact, this section
will provide a demonstration of the designed artifact, the AI-Agent validation framework.
The following subsections will demonstrate the phases and the high level concepts of what
the AnAIA will be subjected to. For each category a prompt will be devised and posed to the
AnAIA. The subsections aim to provide the reader a high level understanding of what the
general type of question to the AnAIA should be like, as the prompts themselves are the an
important engineering method on getting good results from the AnAIA and should be context
specific (Chelli et al., 2024).

5.1.1 Provide and define understanding of business context

Using the framework the following questions were devised to provide the model to produce

business context understanding.

1. Describe the data that is under analysis

2.  What types of data is there in the provided dataset

5.1.2 Provide evidence of data readiness

Using the framework the following questions were devised to have the agent provide under-

standing of problematic values in the data.

1. What values in the dataset might need handling

2. Are there definite outliers in the data
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5.1.3 Insight demonstration

Using the methodology set in section 3.3 the Table ?? below provides answers that were

given to the agent in this demonstration to find answers to.

1. Top 5 products with highest amount of units sold
Top 5 products highest revenue products
Total revenue

Day with most total sales

A

Day with most total revenue

The end result of this study, will be to provide a basic framework on how to compare agent
analytics performance and trustworthiness in an analytical set-up, where the main user of the
Agent, might not be an Analyst themselves. The main user for this framework is someone

responsible for Agent maintenance.

5.2 Ground truth values

To provide a user the ability to have a reference point into how the model comprehends the
data it is supposed to interpret, one must first set up some hard truths to compare performance
against. All questions being answered are questions that have verifiable truths and produce

a singular result if queried from the data.

Before producing these answers the data was initially cleaned up using the observations
given by the Agent. and set to a stable state for use. Code used to clean up the data can be

found from the Appendix section.

Tables 9 and 10 below show the ground truth values for two of the questions that will be

presented to the AIA. to the questions posed to the data from the dataset.

Product Quantity ordered
AAA Batteries (4-pack) 2936
AA Batteries (4-pack) 2822
Lightning Charging Cable 2371
USB-C Charging Cable 2270
Wired Headphones 2066

Table 9: Ground Truth values for products ordered in April
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Product Total revenue
Macbook Pro Laptop 773500.00
iPhone 486500.00
ThinkPad Laptop 391996.08
Google Phone 348600.00
34in Ultrawide Monitor 248133.47

Table 10: Ground Truth revenue values for products ordered in April

Table 11 represents the ground truth values to the final three questions that will be presented
to the AIA to fetch. Figure 7 provides visual confirmation for the set ground truth value
for the days that contained either the most product units moved or total revenues for all
products combined. Figure 7 then provides visual evidence on what dates contained what

sales amounts.

Business question Value

Total revenue 3396059.11
Day with most total sales 2019-04-20
Day with most total revenue 2019-04-23

Table 11: Single value ground truth values
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Total Units Sold in April
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Figure 7: Sales truth values

This subsection provided the ground truth values for all basic analytical questions defined
by the validation process. In the validation phase of the framework presented by this The-
sis, these values will be compared against the results from the AIA and seen if the results
provided by match to them.

5.3 Framework implementation

This section will go through the process of running the agent through the framework using
prompts. This will be done in subsections of the chapter step by step to provide the reader
of this Thesis a clear understanding of how the evaluation process works in a simulated
scenario. The response and result provided by the AnAIA will be attached below the prompt
as the Final Answer. For the quantifiable results visual proof will also be added in the form

of screenshots as Figures.



42

5.3.1 Provide and define understanding of business context

First, the agent is required to provide proof of context understanding. The selected methods
or questions that should be posed to the agent to provide this proof were to describe the data

that is under analysis, and what types of data there are in the dataset.
Question prompt: Shortly describe the file sales042019.csv

Final Answer: sales042019.csv is a CSV file containing 18,289 rows with eight
columns named Order ID, Product, Quantity Ordered, Price Each, Order Date,
Purchase Address, OrderDt, and DateOfOrder

The answer seen above demonstrates that the agent understands how to connect to the data
that is under querying and can retrieve relevant extra context to itself via the tooling it is

provided.

Question prompt: Using the file sales042019.csv. What are the datatypes of

each column in the file.

Final Answer: The datatypes of the columns in sales042019.csv are as fol-
lows: - Order ID: object (string) - Product: object (string) - Quantity Ordered:
int64 (integer) - Price Each: float64 (floating point number) - Order Date: date-
time64[ns] (date and time with nanoseconds) - Purchase Address: object (string)
- OrderDt: datetime64[ns] (date and time with nanoseconds) - DateOfOrder:

datetime64[ns] (date and time with nanoseconds)

Question prompt: Give me three ideas for analytics using the preview of sales042019.csv.

Only provide the ideas for analytics. No reasoning.

Final Answer: Three ideas for analytics using the preview of sales042019.csv
are analyzing sales data by product, by region/time period, and order history

patterns.

Agent answer to this question shows, that it is able to understand the relevant context the

data is in. Answer provided contains analytical ideas that could be relevant to sales data.

5.3.2 Demonstrate capability to produce insight & Insight validation

For this section the agent is expected to provide light insight and it’s capability to show. For
the purposes of this demonstration insight validation will be done via visual confirmation and

proof of validity. For further purposes this process should be looked to be done automatically
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through the means of computing.

5.3.3 Top five products with most revenue

Question prompt: From the file sales042019.csv. multiply the value of *Quan-
tity Ordered’ and ’Price Each’ into a column named "Total’. Group and sum
the column "Total’ by "Product’ into a new dataframe and column ’Total Sales’.
Sort the *Total” column descending. Print out the dataframe. and tell the five

most sold products

Final Answer: The five most sold products are Macbook Pro Laptop, iPhone,
ThinkPad Laptop, Google Phone, and 34in Ultrawide Monitor.

Here, the answer is correct, and the observation the agent received after execut-

ing the code verifies that the result is correct.

Action: GetPreview
Action Input: sales042019.csv18289

Observation:

Thought:

1lama_perf_context_print: load time = 16370.91 ms

1lama_perf_context_print: prompt eval time = 4118.46 ms / 125 tokens ( 32.95 ms per token, 30.35 tokens per second)
1lama_perf_context_print: eval time = 13231.69 ms / 109 runs ( 121.39 ms per token, 8.24 tokens per second)
1lama_perf_context_print: total time = 17412.71 ms / 234 tokens

Llama.generate: 573 prefix-match hit, remaining 220 prompt tokens to eval

Action: Python_REPL

Action Input: import pandas as pd; df = pd.read_csv('sales042019.csv'); df['Total'] = df['Quantity Ordered'] x df['Price Each']; df_grouped = df.{
Observation: Product Total

13 Macbook Pro Laptop 773500.00

18 iPhone 486500.00

14 ThinkPad Laptop 391996.08

9 Google Phone 348600.00

3 34in Ultrawide Monitor 248133.47

The five most sold products are:

Thought:

1lama_perf_context_print: load time = 16370.91 ms

1lama_perf_context_print: prompt eval time = 7277.47 ms / 220 tokens ( 33.08 ms per token, 30.23 tokens per second)
1lama_perf_context_print: eval time = 4774.92 ms / 38 runs ( 125.66 ms per token, 7.96 tokens per second)

1lama_perf_context_print: total time = 12073.80 ms / 258 tokens
Final Answer: The five most sold products are Macbook Pro Laptop, iPhone, ThinkPad Laptop, Google Phone, and 34in Ultrawide Monitor.

> Finished chain.
The five most sold products are Macbook Pro Laptop, iPhone, ThinkPad Laptop, Google Phone, and 34in Ultrawide Monitor.

Figure 8: Z7 Agent reasoning process during top 5 product analysis

5.3.4 Top five products with most units sold

Question prompt: From the file sales042019.csv. sum up the value
of "Quantity Ordered’ grouped by *Product’. Print out the dataframe.
and tell the five largest

Final Answer: The five largest quantities ordered in April 2019,
grouped by product, were for AAA Batteries (4-pack) at 2936, AA
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Batteries (4-pack) at 2822, Lightning Charging Cable at 2371, USB-
C Charging Cable at 2270, and Wired Headphones at 2066.

> Entering new AgentExecutor chain...

Llama.generate: 393 prefix-match hit, remaining 16 prompt tokens to eval

1lama_perf_context_print: load time 14828.01 ms

1lama_perf_context_print: prompt eval time 552.62 ms /. 16 tokens ( 34.54 ms per token, 28.95 tokens per second)
1lama_perf_context_print: eval time 14537.86 ms / 119 runs ( 122.17 ms per token, 8.19 tokens per second)
1lama_perf_context_print: total time 15163.85 ms / 135 tokens

Llama.generate: 408 prefix-match hit, remaining 208 prompt tokens to eval

Thought: I'm going to use the pandas library for this task.

Action: Python_REPL

Action Input: ‘import pandas as pd; df = pd.read_csv('sales042019.csv'); df['Quantity Ordered'] = pd.to_numeric(df['Quantity Ordered'], errors='ci
Observation: Product

AAA Batteries (4-pack) 2936

AA Batteries (4-pack) 2822

Lightning Charging Cable 2371

USB-C Charging Cable 2270

Wired Headphones 2066
Name: Quantity Ordered, dtype: int64

Thought:

1lama_perf_context_print: load time 14828.01 ms

1lama_perf_context_print: prompt eval time 7738.84 ms 208 tokens ( 37.21 ms per token, 26.88 tokens per second)
1lama_perf_context_print: eval time 32201.50 ms / 255 runs ( 126.28 ms per token, 7.92 tokens per second)
1lama_perf_context_print: total time = 40155.19 ms / 463 tokens

Now I know the top 5 products ordered by quantity for sales in April 2019.

Final Answer: The five largest quantities ordered in April 2019, grouped by product, were for AAA Batteries (4-pack) at 2936, AA Batteries (4-paci

> Finished chain.
The five largest quantities ordered in April 2019, grouped by product, were for AAA Batteries (4-pack) at 2936, AA Batteries (4-pack) at 2822, Li¢

Figure 9: Z7 Agent reasoning process during top 5 product count analysis

5.3.5 Day with most units sold

Question prompt: From the file sales042019.csv. sum up the val-
ues of "Quantity Ordered’ grouped by *DateOfOrder’. Sort the val-
ues to show the largest order amounts. Print out the days with most

orders top 5

Final Answer: The top 5 days with the most orders were in April
2019, with the largest quantity ordered on April 21, 2019.
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> Entering new AgentExecutor chain...

Llama.generate: 420 prefix-match hit, remaining 1 prompt tokens to eval

1lama_perf_context_print: load time = 40028.10 ms

1lama_perf_context_print: prompt eval time = 0.00 ms / 1 tokens ( 0.00 ms per token, inf tokens per second)
1lama_perf_context_print: eval time = 17843.14 ms / 149 runs ( 119.75 ms per token, 8.35 tokens per second)
1lama_perf_context_print: total time = 17934.05 ms / 150 tokens

Llama.generate: 420 prefix-match hit, remaining 258 prompt tokens to eval

Thought: I need to group the 'Quantity Ordered' by 'DateOfOrder'. Then sum them up and sort them in descending order. Finally, print out the top !

Action: Python_REPL
Action Input: ‘import pandas as pd; df = pd.read_csv('sales042019.csv'); df_grouped = df.groupby(['Date0OfOrder'])['Quantity Ordered'].sum().reset|

Observation: Date0fOrder Quantity Ordered
2019-04-21 761
2019-04-18 737
2019-04-17 733
2019-04-13 729
2019-04-04 710

Thought:
1lama_perf_context_print: load time = 40028.10 ms
1lama_perf_context_print: prompt eval time = 8471.65 ms / 258 tokens ( 32.84 ms per token, 30.45 tokens per second)

1lama_perf_context_print: eval time = 15789.75 ms / 127 runs ( 124.33 ms per token, 8.04 tokens per second)
1lama_perf_context_print: total time = 24345.04 ms / 385 tokens
I now know the top 5 days with most orders are April 21, 2019 (761), April 18, 2019 (737), April 17, 2019 (733), April 13, 2019 (729), and April |

Final Answer: The top 5 days with the most orders were in April 2019, with the largest quantity ordered on April 21, 26019.

> Finished chain.
The top 5 days with the most orders were in April 2019, with the largest quantity ordered on April 21, 2019.

Figure 10: Z7 Agent reasoning process for days with most products sold

5.4 How the Analytical Al Agent performed

The previous section provided the metrics and results using the validation pro-
cess defined by the framework suggested by this Thesis. The results can be seen
below in Table 12.

Step Questions passed | Expected result | Result

Proof of context understanding 3/3 2/3 Pass

Proof of data readiness 12 2/2 Fail

Ability to produce insight 4/4 4/4 Pass

Insight validity 4/4 3/4 Pass

Table 12: Final results in framework for Model Z7

To validate the AnAIA it was subjected to a variety of different business context
related questions using both CoT prompting methods, simple prompting meth-
ods and the ReAct format, where the agent is able to provide itself with previous
reasoning steps and observations for context (Yao et al., 2022, p. 2). As can be
seen by Table 12 above, the Z7 based AnAIA performed in an acceptable manner
against the given dataset. Step 1 of the framework where the Agent was expected
to provide proof of understanding the context it is working in led to the agent
passing all three set questions. The second step where the agent was expected to

look into how ready the data is or if it contains values that need to be handled had




the agent performing less admirably, it failed to recognize or provide evidence
of any outliers or potential values that might need handling before performing

any analytics.

The agent was able to produce insight from the data in a reliable manner, all
questions received answers with decent prompting and guidance from the user,
and all the produced insight from the data met the ground truth values set by the

developer.

Based off the metrics provided by the framework this Agent could be released

for use for analysts to help them query the dataset it is directly connected to.
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6 DISCUSSION

The following chapter will be dedicated to the discussion portion of what this
Thesis ended up achieving. The chapter is divided into subsections for the sake
of clarity and ease of reading. The final two subsections will outline the limi-
tations that this Thesis was subject to, with the suggestions for further research

rounding out the chapter.

6.1 Results interpretation

As seen through the results in Chapter 5 an AnAIA can be subjected to a struc-
tured validation framework. As the root of all analytics can be seen as a look into
the numbers of a business one can then validate the results of the given analysis
using numbers (IBM, 2020).

After conducting the demonstration phase of the DSR process, it can be seen that
the validation framework produces a good set of results on providing evidence

on how the agent performs with basic level analytical tasks.

The baseline set by both the BADIR and the CRISP-DM frameworks that the
framework bases it’s major theoretical background on act as a good way to look
at the analytical process and implement testing frameworks to the analytical pro-

cess presented in them.

The combination of using Step-by-step prompting and the ReAct-loop produced
the best results. The prompts sent to the analytical agent can be seen in the pre-

vious chapter. Initial prompts were very general but the final resulting iterations.

Overall, in the opinion of this Thesis the combination of a theoretical back-
ground and through the demonstration phase of this Thesis, the framework can

be seen as useful to implement in a AI Agents development process.

The design objectives set for the artifact that was the end result of this Thesis

were as follows

1. The artifact must create objectively evaluatable metrics that can be com-

municated to end users

2. Each step of the analytical process must be evaluated

On DO the artifact has objective metrics, that are produced in a quantifiable

47



manner through ground truth values that the agent performance can be evaluated
against. Where quantifiable values don’t exist the agents performance is com-
municated to the user via clear pass/fail criteria and well defined questions of

context.

DO2 was that each step of the analytical process must be evaluated. Using the
two analytical process frameworks CRISP-DM and BADIR as guides for what
the analytical process typically looks like, the framework evaluates the perfor-
mance of the agent in each of these phases, from business context understand-
ing, to data insight generation and the evaluation of the results from this insight
(IBM, 2020) (Jain & Sharma, 2014).

The gap in methods to validate AIA solutions can be seen as a hole in the current
landscape of launching A/A solutions. Most Al system solutions were validated
with methods that can be seen as in the opinion of this Thesis as unfit to vali-
date an AnAIA (Myllyaho et al., 2021). This Thesis attempted to fill that void,
by combining step-by-step processes from the analytical process stated by both
Jain & Sharma (2014) and IBM (2020). As seen by the demonstration phase
provided previously the framework can be useful in providing useful informa-
tion on how the agent is pereforming on the dataset it is given. As no previous
methodology existed at the time of this Thesis, this Thesis sought out to use the
existing analytical process and analytical validation processes to combine them
into a singular framework that could be used to validate autonomous AnAlA

implementations.

6.2 Theoretical implications

The framework produced in this Thesis can act as a process model and validation
framework for analytical ai agent developers on how to communicate the effec-
tiveness of the agent in the analytical process. According to Kumeno (2019)
validation was one of the large problems when it came to Al-systems. This The-
sis views AnAIA as such a system. The created framework manages to fill this

void as a template on how to validate AnAIA systems.

It allows different agent developing entities to produce and visualize a reliable
development process and ensure trust in the developed system to end users, even
if the agent might not respond favorably to each user based prompt. As claimed
by Schweitzer, Hershey & Bradlow (2006) a promise of future behavior can act

as a mitigating factor when it comes to initial trust loss in the case of unexpected
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behavior. The framework acts as a promise of performance that can be used
to improve trust regain for agentic systems such as AnAIA seeking to build this

trust and transfer the development methodology to the users it can reach.

This theory also proposed that using the ITDSR model to create validation
frameworks is viable and the results provided in the previous chapter prove this,
working in an iterative fashion while setting artifact goals prior to producing the
framework seems to be an efficient method to produce the necessary results from
a value producing artifact. Adhering to the /T DSR process model, through the
problem-centered initiation allows for the initial idea to be developed into a full
value providing artifact (Peffers et al., 2007, p. 56).

Automating and providing a framework for validating AnAIA systems before
production use of such systems that have non-deterministic results, and making
sure they are up to the task expected of them, will allow for the valid analysis
of the produced results of such systems for the developers or testing responsible
personnel (Kenett et al., 2018, pp. 33-34, 448—449). Combining this with the
trust needed from analytics systems stated by Kasten (2020) and the trust regain
model from Schweitzer, Hershey & Bradlow (2006) the framework builds a tem-
plate on how to effectively build a trust base with artificial intelligence system
users that can be applied to various different Al solutions in the opinion of this
Thesis.

6.2.1 Limitations

This Thesis acknowledges that the sample dataset used was quite small and fil-
tered, so the results may vary if the dataset used is less curated. The LLM used
in the Thesis was also a quantized language model, which isn’t a full language
model, but a compressed version of one. This was selected to demonstrate the
usefulness of the framework on models that could be used in local environments
and on restricted hardware, and while this Thesis argues that the success on
restricted models can be replicated using better, larger LLM’s there is still dif-

ference in what would be used in a production environment.

Prediction models were also limited out of the scope of this Thesis. While they
can be seen as a key component of the modern analytical process, they would’ve
added complexity to the validation framework, as prediction results can be seen
as non-deterministic and not that easily validate (Myllyaho et al., 2021, p. 3)
(IBM, 2020). The validation methodology of prediction quality depends dra-
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matically on the use case and the prediction being done validation needs for
machine learning models vary from overfitting and underfitting the prediction
task, all the way to data selected being to simplistic, all of which require domain
knowledge on the data and subject matter at hand for reliable model validation
(Bro-Jgrgensen et al., 2022, pp. 6882—6883). This Thesis does not state that
ML tasks could not be applied to AIA or AnAIA, but simply that the way these

solutions are validated needs to be viewed from a different perspective.

As prompting can be seen as the most important method in reducing A/ hallu-
cination, the framework could be expanded to be more prompt agnostic (Chelli
et al., 2024). Using multiple prompts was scoped out in this Thesis, but a variety
of prompts that the AnAIA would be subjected to could be an avenue to look at

to improve upon the current design of the validation framework.

6.2.2 Further research

Validation frameworks should also be looked into with how AIA are capable of
communicating with other agents in an agentic ecosystem. Emerging in this
“agentic area” are AIA architectures, where agents communicate in a network of
agents, the work by Zambonelli, Jennings & Wooldridge (2003) is an example of
such a solution. These networks of agents would need to operate in an environ-
ment where they are truly trusted and made sure that they are reliable, especially
if working with decision making, or other similar operative processes. Having
stable metrics on how the agents are performing in the task assigned would be in
line with European Commission (2019) guidelines, and how ISO 9000:2015 —
Quality management systems — Fundamentals and vocabulary (2015) suggests
managing A/ based risk. The application of a framework would aid in commu-
nicating the reliability and trustworthiness of the AJA acting in these networks

to customers or personnel in a repeatable way.

For some interesting avenues to expand the theme of AIA validation this Thesis
suggests looking into predictive analytics and how to verify the capability of an
AIA in producing predictive insight from data. The topic of predictive analyt-
ics is much more complex, so the validation process for this can be seen as a
research topic in itself. As stated previously in this Thesis, the methodology re-
quired to validate predictive analytics is quite different and requires more nuance
(Bro-Jgrgensen et al., 2022)

Similar frameworks could be designed to validate other implementations of A/A
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as stated previously. As analytics are just one many directions of the current
landscape of AIA, the system based trust and trust transference of such systems
needs to be at the forefront of the systems development. If the general assump-
tion of bad results leading to lack of system adoption remains true in the case of
AIA, rebuilding this trust and a repeatable process to validate the effectiveness
of agents could lead to better results in the breakthrough of AJA systems within
different organizations (Kasten, 2020) (Sollner, Hoffmann & Leimeister, 2016,
pp. 284-285).
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7 CONCLUSIONS

This Thesis sought to create a framework and process to use for the validation
of AnAIA. The Thesis used the process defined by the ITDSR to guide the
design process of such a framework. Guided by the /T DSR process of reviewing
existing literature on the topic followed by a design phase the Thesis designed a

framework, with the goal of answering two main design objectives

1. The artifact must create objectively evaluatable metrics that can be com-

municated to end users

2. Each step of the analytical process must be evaluated

After the design phase the designed framework was subjected to a restricted
test case to prove the effectiveness that it can have. In this case a AnAIA was
queried a set of pre-defined analytical questions that were compared to ground
truth values. The framework proved that the AnAIA is able to be subjected to

such a method of validation and the AnAIA passed the set validation metrics.

Using the framework designed by this process, any AIA solution designed for
analytical purposes can be evaluated on its readiness to be used for true analyt-
ics. The testing carried out in this Thesis aims to provide reliable and easily
communicable metrics that can be provided to agent users with the main goal of

providing trust transference between the developer, the AIA and the AIA user.

In a broader spectrum this Thesis can act as proof that even non deterministic
solutions such as AIA when put to deterministic scenarios, can be validated and
tested in a deterministic an metric manner. Breaking down the process that the
agent is expected to act into separate steps and creating validate ground truths for

each step the end result desired can be achieved as demonstrated by this Thesis.

This should act as encouragement for further design of such frameworks for
AIA solutions, as the governance and current existing good practice on how to
validate the use of AIA is scarce. As the pressure to build more and more AIA
solutions grows, this Thesis suggests that validation frameworks are adapted at
the same rate. This should allow for a better rate of adoption of these solutions,

while providing a solid base to prove the validity of the created.
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