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This thesis examines the retail investors’ adoption of generative artificial intelligence
(GenAl) in investment-related tasks. The rapid development and availability of GenAl tools
have opened new possibilities for processing financial information. Limited research has
focused on how individual investors actually use them in their own investment-related tasks.
This thesis aims to examine the gap in how retail investors use GenAl for these tasks. In
addition, the study explores what motivates the use of GenAl, what prevents its adoption,
and what alternative tools investors use instead. The thesis focuses on retail investors and
approaches the topic from their point of view. The study was conducted using quantitative
research methods, and the data were collected through an online survey. In total, 114
responses were received. The survey data were analysed descriptively to identify general
patterns in reported behavior.

The results indicate that most respondents do not use GenAl in their investment-related
tasks. Among those who use it, the use is occasional rather than continuous. GenAl is mainly
used to compare investment options, generate ideas, explain financial concepts, and
summarise financial reports or market information. The most often mentioned reason for
using GenAl was that it allows information processing to be more efficient and reduces the
effort required for analysis. Among non-users, many reported that their current methods
already work well for them. Concerns about the reliability and accuracy of Al-generated
outputs were also raised, especially in relation to financial decision-making. Instead of
GenAl, respondents most often rely on financial news websites and stock market platforms.
Although some retail investors have started to experiment with GenAl, traditional
information sources continue to dominate investment practices.
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Taméd tutkielma tarkastelee yksityissijoittajien generatiivisen tekodlyn (GenAl) kiyttod
sijoittamiseen liittyvissd tehtdvissd. Generatiivisten tekodlytyokalujen nopea kehitys ja
yleistyminen ovat avanneet uusia mahdollisuuksia taloudellisen informaation késittelyyn.
Aikaisempi tutkimus on kuitenkin keskittynyt vain rajallisesti sithen, miten yksityissijoittajat
hyodyntdvdat nditd tyokaluja omissa sijoittamiseen liittyvissd tehtdvissd. Tutkielman
tavoitteena on selvittdd, miten yksityissijoittajat kéyttavit GenAl-tyokaluja tdhdn
tarkoitukseen. Lisdksi mitkd tekijdt edistdvét tai estdvdt niiden kayttod sekd mitd
vaihtoehtoisia tydkaluja kéytetddn GenAl:n sijaan. Tutkimus toteutettiin kvantitatiivisena
verkkokyselyni, johon saatiin 114 vastausta. Aineisto analysoitiin kuvailevin menetelmin
yleisten kayttdytymismallien tunnistamiseksi.

Tulosten mukaan suurin osa vastaajista ei kdytd GenAl-tydkaluja sijoittamiseen liittyvissa
tehtavissd. Kayttdjien keskuudessa kdyttd on satunnaista eikd jatkuvaa. GenAl:ta
hyodynnetddn pédasiassa sijoitusvaihtoehtojen vertailuun, sijoitusideoiden tuottamiseen,
taloudellisten  késitteiden selittdmiseen sekd talousraporttien ja markkinatiedon
titvistamiseen. Yleisin syy kdyttoon on tehokkaampi tiedonkésittely ja analyysiin tarvittavan
tyomédrdn vdheneminen. GenAl:ta kiyttdméittomét kokevat nykyisten menetelmiensa
toimivan riittdvdn hyvin, ja huolta aiheuttavat erityisesti tekoédlyn tuottaman tiedon
luotettavuus ja tarkkuus sijoituspéditoksissd. GenAl:n sijaan vastaajat tukeutuvat useimmiten
talousuutissivustoihin ja osakekauppaa tarjoaviin alustoihin. Vaikka osa yksityissijoittajista
on alkanut kokeilla GenAl-tyokaluja, perinteiset tiedonldhteet hallitsevat edelleen
sijoituskaytantdja.
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1 Introduction

In 2022, analytics entered a new era. Generative Artificial Intelligence (GenAl) and Large
Language Models (LLMs) were made public and accessible to everyone. This new era began
to form already in 2017, when Google released a paper titled “Attention Is All You Need”
(Vaswani et al. 2017). In that paper, they introduced a new network architecture called the
Transformer. This architecture uses self-attention to look at multiple words in a sentence at
once and learn how they relate to one another. This laid the foundation for today’s GenAl
tools, which can perform multiple tasks using this technology. It is trained on large datasets
and learns patterns in the data. Then it uses generative modelling and deep learning to create

new content (Jovanovi¢ & Campbell 2022).

The topic is interesting because GenAl has likely already become part of many professional
and personal tasks. It has gained popularity since its launch in 2022. The company behind
ChatGPT, OpenAl, became the world’s most valuable private company in October 2025
(Yahoo Finance 2025). This might indicate demand for the product, or simply reflect hype
around the topic. However, there is little research on how individual investors use these tools
in practice, which motivated the author to investigate whether it is based on hype or an actual
change in behavior. This technology is still new, so it faces challenges that are related to
reliability and trust. However, the story of GenAl is only beginning, and its long-term role

in decision-making remains unknown.

1.1 Study goal and positioning

The primary goal of this thesis is to study how retail investors use generative artificial
intelligence (GenAl) for investment-related tasks. Specifically, within GenAl, this thesis
studies large language models (LLMs) such as ChatGPT, Copilot, and Gemini. These tools
are well-equipped to read data and provide data as an output. For investment purposes, it
can, for example, summarize company reports or explain complex financial terms.

Summarizing is very similar to conducting an actual analysis and thus adds value.



Investment-related tasks can be time-consuming, as a single company report could be tens
or hundreds of pages long. This might drive retail investors to use GenAl as an assistant and

save time or to be more efficient.

Atrtificial Adoption
Intelligence Investors Models
Generative Retail Technology

Artificial Investors Adoption
Intelligence Models

Retail investors’ adoption of generative Al
for investment-related tasks

Figure 1. The focus of the study

Figure 1 illustrates the overall focus of this study, showing how the topics narrow to the
specific perspective of retail investors’ adoption of GenAl. That being said, the objective of
this research is to understand why and how investors use or avoid using GenAl tools in
investment-related tasks. It also aims to find out which factors encourage or prevent
adoption. The scope is limited to retail investors only. For the purposes of this research, we
define retail investors as individuals who make investments for their own benefit. They are
seen as non-professional investors who invest only their own money. This thesis also
focuses on the behavioral aspects of adoption and does not evaluate the models' technical
performance. The results of this study could be valuable information for financial service
providers. These results shed light on retail investors’ opinions and what could be done to

attract more users to the platform by using GenAl.
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1.2 Research Questions

As discussed above, this study focuses on retail investors and their use of GenAl in
investment-related tasks. The aim is to understand how investors use GenAl, what drives or
discourages their use, and what alternatives they choose instead. To approach this topic
systematically, one main research question and three supporting sub-questions were

developed.

The main research question is:

e How do retail investors report using Generative Al tools in investment-related tasks,

and what factors may influence their use?

Three further sub-questions supporting the main research question:

1. For which specific investment-related tasks do retail investors report using
Generative AI?

2. What reasons do investors report driving or preventing the use of Generative Al for
investment-related tasks?

3. What alternative tools and selection criteria do investors report using when
performing investment-related tasks?

These questions were designed for this study. They were inspired by existing theories of
technology adoption. No existing research found by the author has specifically studied how
retail investors use GenAl. Therefore, the questions are exploratory, but some are also

supported by earlier theoretical and empirical studies.

The first sub-question focuses on how investors report using GenAl. It identifies the specific
investment-related tasks where these tools are used. This question is descriptive and aims to
provide a clear picture of how retail investors apply GenAl in practice. As the main research
question examines how investors use or avoid GenAl, this sub-question supports it by

finding the actual tasks.
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The second sub-question explores why investors decide to use or avoid GenAl. This sub-
question focuses directly on adoption behavior. It comes from the Technology Acceptance
Model by Davis (1989) and the Unified Theory of Acceptance and Use of Technology by
Venkatesh et al. (2003). These theories explain technology adoption through perceived
usefulness, perceived ease of use, and social influence. More recent studies have also shown
that these factors influence technology adoption (Pathak and Bansal 2024). Thus, this sub-

question connects directly to established theory and earlier findings.

The third sub-question examines what investors use instead of GenAl and how they choose
these. This question’s perspective comes from the Lazy User Model (Collan and Tétard
2009). The model suggests that users select the solution that best meets their needs with the
least effort. Also, taking into consideration their current situation and available options. In
this study, participants could rely, for example, on financial news, paid tools, or manual
analysis rather than on GenAl. This sub-question extends the adoption perspective by
focusing on substitution and effort-based decision-making. It helps to understand why

investors adopt GenAl, as well as why they choose other tools instead.

For which specific ( What alternative tools
investment-related tasks and selection criteria do
do retail investors report investors report using

using Generative Al? when performing

investment-related tasks?

How do retail investors report
using Generative Al tools in
investment-related tasks, and
what factors may influence
their use?

J

3

What reasons do investors
report driving or
preventing the use of
Generative Al for
investment-related tasks?

Figure 2. The main research question and supporting sub-questions
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Figure 2 illustrates how the three sub-questions support the main research question. Each
sub-question focuses on a different aspect of GenAl use: practical application, motivation,
and alternatives. Together, they form a structure that links investor behavior to established
theories of technology adoption. This background helps to identify the main drivers and
barriers influencing the use of GenAl in investment-related tasks. It also provides the basis

for the questionnaire design and guides the empirical analysis.

1.3 Thesis Structure

This thesis is divided into five main chapters. After the introduction, the second chapter
presents the theoretical background. This chapter includes the key concepts of artificial
intelligence and generative Al, and introduces retail investors, their investment tasks, and
the theoretical models used in this study. The third chapter reviews prior research, puts this
study within the existing literature, and identifies the research gap. The fourth chapter
explains the research methodology, including the survey design, data collection, and
processing. The fifth chapter presents and analyses the results in relation to the research
questions and theoretical background. The final chapter summarizes the findings, discusses

their implications, and provides suggestions for future research.
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2 Theoretical Background

This chapter presents the theoretical background of this thesis and introduces the main
concepts and theories. First, it explains the technological basis related to the topic. Second,
it discusses retail investors and their investment-related tasks. Finally, it presents key

theories of technology adoption that are later used to interpret the results.

2.1 Technology

Artificial intelligence (Al) is a technology that makes computers perform tasks that normally
require human intelligence. These are, for example, learning, solving problems, and making
decisions. Al can see patterns in data, make predictions, and improve. Al systems before
were simple and followed exact rules. Today, they learn and change their behavior based on
data (Russell & Norvig 2021). Al is a series of concepts that have emerged over the past 70
years. Under Al, there is machine learning, which means teaching computers to learn from
data. Inside machine learning, there is deep learning, which mimics the human brain. After
that comes generative artificial intelligence (GenAl), the technology that this thesis studies.
Overall, these sophisticated models allow Al to handle more complex information and work
more independently (Stryker & Kavlakoglu 2024). Figure 3 below visualizes the hierarchy
between Al, machine learning, deep learning, and GenAl. It shows how they build on the
previous one. GenAl is now the most advanced form that can create new content based on

learned patterns.
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Artificial

Intelligence

Machine
Learning
>| Deep Learning

Generative
Artificial

Intelligence

Figure 3. How artificial intelligence, machine learning, deep learning, and generative Al

are related (Styker & Kavlakogu 2024)

As seen from the figure 3, GenAl is one of the newest and most visible forms of Al It is
different from traditional Al because it can create new content. It can write text, draw
pictures, make videos, or even create code. GenAl does this by learning patterns from huge
amounts of data and then generating something new that sounds similar. The process
includes three stages: training, tuning, and generation. In training, the model learns from
large amounts of data. In tuning, it is adjusted for a specific task. In generation, it uses what
it has learned to create something new. This whole process requires large amounts of data,
powerful computers, and significant energy (Stryker & Scapicchio 2024). The idea behind
GenAl comes from neural networks. These are systems built to work a little like the human
brain. They include many small neurons connected to each other. Each connection helps the
model understand relationships in the data. The more the system is trained, the better it gets
at understanding and actually producing accurate results (Russell & Norvig 2021). These
models are called foundation models because they can be used for many different purposes

after training (Bommasani et al. 2021).
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Large language models (LLMs) are one type of foundation model. They are designed to
work with human language. The most important technology behind it is called the
transformer architecture (Vaswani et al. 2017). This allows the model to consider all words
in a sentence at once rather than one at a time. This way, it understands the big picture. LLMs
are trained with words from the internet and other sources. The model then learns to predict
the next word in a sentence by recognizing patterns (Liu et al. 2024). After training, they can
do tasks such as summarizing documents and answering questions. When a user writes a
prompt, first the model converts the input into numerical form. Then it processes it through
multiple neural layers. Last, it predicts the most likely output. It can generate convincing
responses, but it does not actually understand the information as humans do. Thus, it solely

relies on statistical probabilities learned during training (Liu et al. 2024).

's YO N [ “\
Input Text Embedding & Positional Self-Attention [ Output Text ]
(Prompt) Encoding Layers
> { > { ? < This company's
Analyze this company's Converts tokens into Analyzes relations performance has
performance. numeric vectors between words improved due to higher
\ < > { 7> < revenue.
Converted into tokens Adds position Captures context from
(numerical form) information entire sequence [ Generates new text ]
A A A

Figure 4. LLM processing text input and producing output

Figure 4 shows how LLM turns a user’s input into an answer. When a retail investor writes
a prompt, the model converts the text into numerical form called tokens. Then it processes
through its network and predicts the most probable output. The answer is then converted
back to text, so the user can read it. This process allows the model to generate responses that

appear natural and relevant to the question. (Vaswani et al. 2017; Liu et al. 2024)

GenAl is still a relatively new technology. We are gradually beginning to see its influence
across different instances. Early signs suggest it could transform how people find and
process information, but its long-term effects are unknown. For investors, it could be used
to read and summarize long financial reports, explain market movements, or compare
company performance. These capabilities may save time and help investors make better

decisions. Retail investors often make decisions independently, so GenAl could help them
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process large amounts of information more efficiently. It may already be changing how they

behave and how they make investment decisions.

GenAl also has negative sides. Because it learns from existing data, it can reproduce human
errors or misinformation (Barbera 2025). In financial contexts, even small mistakes can lead
to wrong conclusions. Researchers have also pointed out issues related to control and
transparency. Bommasani et al. (2021) say that as models grow larger, it becomes more
difficult to understand how they make decisions. Stryker and Scapicchio (2024) emphasize
the need for fairness, transparency, and accountability when using GenAl. Their framework
suggests that explainability and robustness are key elements of responsible GenAl. These
challenges show that retail investors using GenAl for investment-related tasks need to be
extra cautious. All the decisions should still be made by investors themselves, and not blindly

trust what GenAl offers.

2.2 Retail investors’ investment-related tasks

For the purposes of this research, retail investors were defined as individuals who make
investments for their own benefit. Their investment process includes steps that help them
make informed decisions. These steps form the basis of their investment-related tasks.
Earlier studies have shown that these tasks typically include gathering information,
comparing alternatives, making decisions, and monitoring results. These activities all require

time and at least some understanding of financial markets.

Nofsinger (2018) explains that investor behavior is influenced by rational and psychological
factors. Emotions, confidence, and past experiences affect how investors interpret and use
information in decision-making. Some investors are more active, using many information
sources and analytical tools, while others rely on a few trusted channels or external advice.
The amount of information they collect and how they interpret it depends on their ability to
understand financial data. Artificial intelligence can support these tasks in practice.

Gimmelberg et al. (2025) found that large language models can assist investors, for instance,
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by summarizing reports and analyzing trends. These tools may save time and reduce the
effort required in decision-making. These findings suggest that Al could make the
investment process more efficient and accessible. Especially, it could help individuals with
less financial expertise. However, relying too much on Al can lead to poor judgment if
outputs are seen as facts rather than suggestions (Gimmelberg et al. 2025). Despite some
models nowadays having access to live internet, there is also the risk of biased or outdated

information, as they learn from past data.

Thus, retail investors’ investment process is a combination of human behavior and the tools
available to them. The investment-related tasks remain the same, but how they are performed
might change. As technology evolves, new tools such as GenAl can be used. In the past,
investors depended on financial newspapers and manual calculations. Today, they use online
platforms, digital applications, and Al. In the future, they may rely more and more on GenAl
tools that can quickly search, summarize, and explain financial information. This shift
reflects how technology might be changing how individual investors process information

and make financial decisions.

2.3 Technology Adoption

Technology adoption refers to how people adopt and begin using new technology. It
describes the process of learning about an innovation, forming an opinion about it, and
deciding to use it. Rogers (2003) explains adoption as a series of stages that start from
awareness and continue through evaluation, trial, and eventual acceptance. However,
adoption does not happen at once, it spreads slowly. Innovators are the first to try new
technology, followed by early adopters. The last individuals to adopt new technology are
called the laggards. They adopt it only after it has become common. Thus, technology
adoption is not only a technical process, but also a social and behavioral one. It is influenced

by knowledge and characteristics of the social system (Rogers 2003).

Researchers have developed various models to explain the factors that affect individual

adoption. Among the most established models are the Technology Acceptance Model by
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Davis (1989) and the Unified Theory of Acceptance and Use of Technology by Venkatesh
et al. (2003). Both of these models have been used in existing studies to explain why people
start using a new system. In addition, the Lazy User Model by Collan and Tétard (2009) has
developed a more recent and practical perspective. It does not belong to the traditional
acceptance models but complements them by focusing on effort and convenience. The model
suggests that people select the solution that meets their needs with the least amount of effort,
considering their current situation and available resources. Together, these theories view
technology adoption as both a rational and behavioral process influenced by perceived

usefulness, social influence, and individual motivation.

For this thesis, these models are used as a theoretical background. They are presented here
because they provide useful perspectives for interpreting the findings on retail investors’ use
of GenAl. By comparing the results with the principles of these models, it is possible to
understand which factors may drive or discourage GenAl adoption. In this way, the study
connects the behavioral aspects of technology adoption to the emerging use of generative Al

in investing.

2.3.1 Technology Acceptance Model (TAM)

The Technology Acceptance Model (TAM) was developed to explain why people adopt or
reject new technology (Davis 1989). It links the characteristics of system design to users’
beliefs, attitudes, and actual usage behaviors. The model hypothesizes that users’ overall
attitude towards using the system is a primary factor in whether they actually use it. This
attitude towards using is influenced by two primary beliefs: perceived usefulness and
perceived ease of use. Perceived usefulness is “the degree to which an individual believes
that using a particular system would enhance job performance,” while perceived ease of use
is “the degree to which an individual believes that using a particular system would be free
of physical and mental effort” (Davis 1989). These two beliefs are linked. If two systems
were to perform the same task, the easier one to use would also be seen as more useful.
Figure 5 visualizes the whole model, and the link just mentioned is visible between the two

factors.



19

Perceived
Usefulness

~
System Design Attitude Actual
Features Toward Using System Use

Perceived Ease
of Use

Figure 5. Technology acceptance model (Davis et al. 1989)

Subsequent studies built on the original TAM by incorporating additional variables that
affect the adoption of technology. Venkatesh and Davis (2000) added social and cognitive
aspects in TAM?2 by including the constructs of subjective norm and job relevance. These
assist in understanding the adoption of the technology used by colleagues or perceived as
valuable for the tasks. Gefen et al. (2003) added trust to TAM in the online shopping context.
They showed that trust in the vendor significantly influences perceived usefulness and
intention to use. Moreover, TAM was expanded by Featherman and Pavlou (2003) to
integrate perceived risk. Perceived risk has a negative influence on perceived usefulness and

adoption intention.

TAM has been applied to explain the adoption of GenAl in the studies reviewed in this thesis.
Atwal and Bryson (2021) utilized TAM to investigate how perceived usefulness, ease of use,
and social influence impact the intention to use Al in personal investing. Arce-Urriza et al.
(2025) used an extended TAM model that includes trust and risk. They found that usefulness

and familiarity increase adoption.
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2.3.2 Unified Theory of Acceptance and Use of Technology (UTAUT)

The Unified Theory of Acceptance and Use of Technology (UTAUT) is another adoption
theory, and it extends the previous TAM model by adding social and environmental factors.
Actually, as the model name “unified” implies, it was created by combining eight adoption
models. The goal was to create a single model that explains the adoption better than the
previous ones separately. Venkatesh et al. (2003) succeeded in this as the UTAUT model

was able to explain roughly 70 percent of the variance in technology adoption.

Performance

Expectancy “"‘"':
LN >
) . R
Effort
. .Lf Behavioral | | Use ]

Expectancy y

\ J | Intention Behavior

Social
Influence

Facilitating
Conditions

Gender Age Experience Voluntariness
of Use

Figure 6. The Unified Theory of Acceptance and Use of Technology model (Venkatesh et
al. 2003)

The whole UTAUT model can be seen in Figure 6. The model found four key determinants
that explain the user’s intention and behavior. Those are performance expectancy, effort
expectancy, social influence, and facilitating conditions. Performance expectancy is “the
degree to which an individual believes that using the system will help him or her to attain
gains in job performance.” Effort expectancy refers to “the degree of ease associated with
the use of the system.” Social influence is “the degree to which an individual perceives that

important others believe he or she should use the new system.” Facilitating conditions mean
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“the degree to which an individual believes that an organizational and technical
infrastructure exists to support the use of the system.” (Venkatesh et al. 2003). From the
determinants, facilitating conditions is the only one directly linked to the use behavior. The
other three affect the behavioral intention, which then leads to the use behavior. These four
determinants are affected by four moderating factors: gender, age, experience, and
voluntariness of use. Age influences all four determinants, while other moderating factors

influence different determinants.

Arce-Urriza et al. (2025) used the Social Relationship Acceptance Model (SRAM), which is
based on UTAUT. SRAM uses the social influence from UTAUT and adds a trust variable.
This thesis uses UTAUT to complement TAM to get a broader understanding of adoption.
UTAUT helps to capture the social influence, because investors may be influenced by others

when choosing to use GenAl.

2.3.3 Lazy User Model (LUM)

The Lazy User Model (LUM) is a theory that tries to explain how an individual user chooses
between different alternatives that fulfill a certain need. It suggests that the user select the
solution that fulfills the need based on the least effort (Collan & Tétard 2009). This model
differs from TAM and UTAUT because it explains how users select from numerous possible
solutions. Earlier models focused only on whether to adopt or not, without considering

alternative options. Figure 7 shows the model for the solution selection.
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Figure 7. Lazy user theory of solution selection (Collan & Tétard 2009)

The solution selection has two main components: the user need and the user state. The user
need is defined as “an explicitly specifiable want that can be completely fulfilled.” (Collan
& Tétard 2009). It can be either tangible or intangible. The need defines what the possible
fulfilling solutions to the need could be. This set of solutions is further limited by the user
state. The user state is the exact situation where the user is at the moment of need. This could
mean that the user is in a certain location that limits the solutions. When the set of possible
solutions is defined and limited, the user makes the selection based on the lowest level of
effort. The effort can mean time, money, energy, or a combination of these. If the effort
required is the same for different solutions, the user is then assumed to be indifferent when

making the choice.

As an example of the LUM, the theory can be applied to an investor’s real-life decision.
Imagine a retail investor who wants to check whether a company is a good investment. The
stock exchange is closing soon, and the company will release its quarterly earnings after the
bell. A friend has suggested that now might be a good time to buy, but the investor wants to
do some of his own research before making a decision. His need is to understand the
company’s performance. His state is defined by limited time and knowledge. In this
situation, we can also expect the investor to have a smartphone with an internet connection
and access to a GenAl tool. These factors define and limit the possible ways to fulfill his

need.



23

The investor can choose between several options: reading the company’s annual report,
searching online for information, asking a financial advisor, or using a GenAl tool to get a
summary. According to the LUM, he will choose the solution that requires the least effort.
Reading the full report would take too long, and searching online takes time and requires
multiple sources to compare. Consulting an advisor is not possible because that would
require booking a meeting, and the meeting could be held the next day at the earliest. Using
a GenAl tool provides an instant, clear summary of the company’s performance with
minimal time and effort. Therefore, based on the Lazy User Model, the investor chooses the

GenAl summary as it fulfills his need with the least effort. Figure 8 below illustrates this

example.
_ ) 4 Read annual ke Selection of
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Search online —  lowest level
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Limited time Limits Use GenAl = Use GenAl
and knowledge summary

Figure 8. Solution selection for an investor

This theory is included in the thesis because it adds a new perspective to the adoption models
discussed earlier. LUM aims to explain in this paper why investors may prefer GenAl over
other alternative options. By combining LUM with TAM and UTAUT, it can be better
explained why investors adopt GenAl and how they make the decision between other

solutions.
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3 Literature review

3.1 Literature search process

Studying the adoption of GenAl, I have searched for existing literature and what has already
been studied in this context. The search began with choosing the relevant keywords to limit
database results. For this paper, the keywords chosen were quite self-explanatory: GenAl,
adoption, investing, and retail. The keyword “retail” was replaced by “individual” for one
database search, which resulted in more accurate results. These keywords include the

technology used, adoption, the purpose it is used for, and who uses it.

The first database searched was Emerald Journals, which contains peer-reviewed text
articles. With the set of keywords, the search found 35 articles. This amount was further
examined by reading headlines, introductions, and summaries to find relevant articles.
Emphasis was on retail/individual investor and the adoption of GenAl. As stated earlier, this
study excludes the financial performance of GenAl. From this group of articles, the author
was able to filter six articles. These articles fulfilled the requirements set earlier. Since only
six articles were added from the Emerald Journals database, the author conducted the same
search on the Elsevier ScienceDirect database. This search returned 47 results, of which two
were added to the relevant articles list. Lastly, the search was conducted in the EBSCO
Business Source Complete database. For this database, the keyword 'individual' was used
instead of 'retail'. The final search returned 12 results, and after review, 1 article was added

to the list.
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Figure 9. Literature search and selection process

Figure 9 illustrates the searching and selection process made for the chosen articles. It began
from the top with chosen keywords and flows down from different databases and ends up

with the articles chosen for the literature review.

3.2 Review of earlier literature

The literature review consists of nine peer-reviewed papers that were chosen in the selection
process. GenAl is a rather new technology, so the current research is also limited. However,
these selected studies offer relevant insights. While their perspectives are different, they have
in common a focus on the adoption, continuation, and use of generative Al or other Al tools
in decision-making. They discuss why people use or avoid these tools and what factors

influence these choices.

Several of the reviewed studies are based on well-known adoption theories such as the TAM
(Davis 1989) and the UTAUT (Venkatesh et al. 2003). Both of these models explain that

people adopt new technologies when they find them useful and easy to use. Some studies
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used TAM or its extended versions that also include risk and trust (Atwal and Bryson 2021;
Arce-Urriza et al. 2025). Their papers used TAM to see how usefulness, ease of use, and risk

affect individuals to adopt GenAl.

The rest of the papers used different theoretical perspectives to explain GenAl adoption and
continuance. Gangwar et al. (2025) used the dynamic capability view to examine GenAl
adoption at the organizational level. The Theory of Planned Behavior (TPB) was used to
study how the intention to use GenAl is affected (Gimmelberg et al. 2025). Trust was the
main focus in several studies. They examined how different types of trust influence
confidence in Al systems and the willingness to rely on them (Pathak & Bansal 2024; Cao
et al. 2025; Zarifis & Cheng 2024). Trust is also discussed in other studies, but it is not at
the center of the study. Wolf and Maier (2024) applied motivation theory to study what
drives continuance intention toward GenAl. Intrinsic motivations, together with perceived
usefulness and ease of use, affect continued usage. Liu and Rau (2025) used expectation-
confirmation theory to compare what users expect before using GenAl and what they

experience after.

Perceived usefulness is one of the common reasons for using GenAl. People use GenAl
when they believe it helps them do their tasks better or faster. In a study on Al adoption in
investing, perceived usefulness and social influence increased willingness to use Al services.
Similarly, perceived risk reduced it (Atwal & Bryson 2021). Arce-Urriza et al. (2025) found
that familiarity and perceived usefulness both increased the likelihood of adopting GenAl.
Intention to use GenAl increased when users saw the benefits. Gimmelberg et al. (2025)
studied how retail investors use GenAl in their investment tasks. Investors found GenAl
useful for data processing and summarizing, but would not let it make decisions for them.
Similar results were found in a study at the organizational level. Employees adopted GenAl

if they found it useful and faster than manual work (Gangwar et al. 2025).

Trust towards GenAl has been one of the key subjects in the reviewed literature. Therefore,
it is essential to understand how it is formed. Trust increases when GenAl is transparent and

accurate. Clear explanations and reliable answers further reduce uncertainty and build
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confidence (Zarifis & Cheng 2024). Trust also depends on how stable the system is (Liu &
Rau 2025). When GenAl behaves consistently, users grow more confident over time.
Confusing or unexpected answers lose trust. Another study by Cao et al. (2025) views trust
as a process influenced by familiarity, psychological comfort, and perceived security. Pathak
and Bansal (2024) results showed that perceived usefulness and Al quality improve trust.
The intention to use Al depends most on cognitive and affective trust. Familiarity makes
users more comfortable and reduces uncertainty. If users have used similar tools before, they
are more likely to try a new one and develop trust in it (Arce-Urriza et al. 2025). Thus, trust

develops through transparency, familiarity, and reliability.

Motivation and curiosity also influence how people engage with GenAl. Many users begin
experimenting with it out of interest or a desire to learn new things. Wolf and Maier (2024)
found that intrinsic motivation has an important role in continued GenAl use. When the tool
is perceived as useful and easy, interest can translate into engagement. Arce-Urriza et al.
(2025) showed that people who had used Al tools before were more open and motivated to
try new ones. Familiarity encouraged experimentation and reduced hesitation. When the first
experiences are positive, curiosity often develops into regular use and growing confidence

in GenAl.

Risk is one of the reasons people do not use GenAl. Users are unsure about the accuracy of
the answers and want to confirm the results before relying on them. Studies show that doubts
about accuracy and responsibility reduce the dependence on it in investment decisions. In
addition, vague or inconsistent answers increase uncertainty and make users question the
reliability of GenAl (Zarifis & Cheng 2024). High expectations lead to disappointment if
GenAl fails to meet them. If the results appear unclear, confidence decreases, and the
perceived risk grows (Liu & Rau 2025). Because of this uncertainty, users are less likely to

rely on GenAl in important financial decisions (Zarifis & Cheng 2024).

The reviewed studies show that the adoption of GenAl is affected by several factors.
Perceived usefulness is one of the strongest. People use GenAl when it saves time, supports

decision-making, or helps them understand information. Trust plays an important role. It
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develops over time when the system works consistently and gives clear results. Curiosity
often makes people try GenAl for the first time, but they continue using it only when the
first experiences are positive. Risk and feeling uncertain limit the adoption. When users are
unsure about the accuracy of results, they rely on their own judgment. Adoption occurs only
when the benefits are greater than the risks. These findings help to explain how retail
investors may use or avoid GenAl. The main findings of the reviewed literature are

summarized in Table 1.

Table 1. Summarized findings of previous research

Author(s) Year Title Focus Key findings
Atwal & 2021 | Antecedents of Intention to Al adoption in Perceived usefulness,
Bryson Adopt Artificial Intelligence | investing ease of use, risk, and

Services by Consumers in social influence drive
Personal Financial Investing use of Al
Pathak & 2024 | Al as Decision Aid or Trust in Al Trust strongly
Bansal Delegated Agent: The Effects | decision agents influence Al
of Trust Dimensions on the adoption, perceived
Adoption of Al Digital usefulness strengthen
Agents it
Wolf & Maier | 2024 | ChatGPT Usage in Everyday | Motivations for Continued use is
Life: A Motivation-Theoretic | using GenAl driven by intrinsic
Mixed-Methods Study motivation, perceived
usefulness, and ease
of use
Zarifis & 2024 | How to Build Trust in Trust and Trust increases
Cheng Answers Given by credibility in through accuracy,
Generative Al for Financial financial Al transparency, human
Questions oversight, and ease of
use
Arce-Urriza et | 2025 | From Familiarity to GenAl adoption | Familiarity and trust
al. Acceptance: The Impact of and consumer increase adoption
Generative Artificial acceptance
Intelligence on Consumer
Adoption of Retail Chatbots




Multi-Level Framework for
Analyzing User Perceptions

of LLM-Based Chatbots

of GenAl

Cao et al. 2025 | Building Trust in Robo- Trust formation Trust develops
Advisory: Technology, Firm- | and Al adoption | through reliability,
Specific and System Trust intention which increase
intention to adopt Al
tools
Gangwar et al. | 2025 | Understanding Determinants | Organizational Performance,
of GenAl Usage and Its GenAl adoption | capability, and
Effect on SCM Performance readiness influence
Using Dynamic Capability GenAlI adoption
View
Gimmelberg et | 2025 | Bridging Human Expertise Retail investors’ | Attitude, social
al. and Al Evaluating the Role use of GenAl influence, and
of Large Language Models in perceived control
Retail Investors’ Decision- determine intention to
Making use GenAl
Liu & Rau 2025 | Perception vs. Reality: A User perceptions | The gap between

perceived and actual
Al capabilities affects

trust
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Table 1 summarizes the reviewed studies, their focus areas, and main findings. The studies

were chosen because they help to understand what affects people when they start or avoid

using new technology. Most of them focus on usefulness, trust, and ease of use. These are

relevant for this thesis because they show what has been studied before and how this research

could align with the existing studies. With this focus, only nine relevant papers were found.

None of these studies is the same as the topic of this thesis. This may suggest a research gap

and that further studies could be useful in this area.
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4 Research methodology

This chapter explains how the research in this thesis was carried out. It describes the
research approach and how the data were collected. The chapter also explains how the
survey was built and how the questions connect to the research questions. The aim is to
show how the empirical data were gathered and what kind of information the survey was

designed to collect.

4.1 Research method and survey approach

This thesis uses a quantitative research design and is based on a survey method conducted
by the author. Quantitative research focuses on collecting data that can be measured and
further analyzed. It aims to quantify the data and then understand a bigger picture from a
sample by using numerical analysis (Ghanad 2023). Thus, the purpose of this thesis is to
identify patterns and describe how common certain behaviors are among the survey
respondents. This method aligns well with the thesis objective, as it focuses on describing
how retail investors report using GenAl in their investment-related tasks. A survey is a
method that allows researchers to summarize opinions and behaviors in a structured way
(Creswell and Creswell 2017). Survey method supports this aim by providing numerical
descriptions of attitudes and behaviors by studying a sample of a population. For this reason,
an online survey was chosen as the main data collection method. The survey design follows
a descriptive and exploratory approach. The goal is to observe and describe reported

behavior rather than test predefined hypotheses or causal relationships.

Data were collected via an online survey for retail investors. The survey included only
closed-ended multiple-choice questions. This structure of the survey results in answers that
are easy to compare and summarize numerically. Closed-ended questions also helped
maintain focus on the study's main topics and avoided collecting unnecessary information.
The aim was not to gather individual stories, but to see how common certain behaviors and
views are. Using an online survey made it easier to reach respondents. It allowed them to

respond flexibly whenever they had time and interest. All responses were collected over the
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same one-month period. This means the study is cross-sectional. The purpose was to capture
the current situation of how GenAl is used in investment tasks, not how usage changes over
time. Cross-sectional surveys are often used in descriptive quantitative studies to describe
existing behavior and general patterns within a group (Ghanad 2023). This approach fits this
thesis well, as it focuses on describing how retail investors currently report using or avoiding

GenAl.

4.2 Survey structure

This section explains how the survey questions were constructed and how they relate to the
research questions of this thesis. The purpose of the survey was not to test a theory or
measure causal relationships, but to collect structured information about how retail investors
currently report using, avoiding, or replacing GenAl in their investment-related tasks. For
this reason, the questions were grouped around three themes that follow directly from the
research questions: reported use, reported reasons for use or non-use, and reported
alternatives and selection criteria. Earlier research on technology adoption shows that
understanding adoption requires examining actual behavior rather than intentions alone
(Davis 1989). Previous studies have shown that perceptions of usefulness and trust are
central when examining Al adoption. In personal financial decision-making, these factors
have been influencing investors’ willingness to adopt Al-based tools (Atwal & Bryson 2021;
Arce-Urriza et al. 2025).

The survey begins with background questions that describe the respondents and their level
of investment activity. These questions are important to know the sample that has given their
response to the survey. Adoption research has consistently shown that individual
characteristics such as age and experience influence how people approach new technology
(Venkatesh et al. 2003). The background questions help interpret the answers later, and do

not act as explanatory variables on their own.
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The background questions:

- What is your age?
- What is your highest level of education?
- How long have you been investing?

- How often do you perform investment-related tasks (e.g., analyzing stocks,

reading reports)?

- Have you used Generative Al (e.g., ChatGPT, Copilot, Gemini) for

investment-related tasks?

The last question plays a central role in the survey structure. It separates respondents into
users and non-users, which allows the survey to capture both adoption and non-adoption.
Earlier adoption studies commonly make this distinction, as understanding why people do
not adopt a technology is as important as understanding why others do (Davis 1989). Based

on the answer to this question, respondents were guided to different follow-up questions.

4.2.1 Reported use of GenAl in investment-related tasks

This part focuses on respondents who reported using GenAl in their investment-related tasks.
The aim is to understand where and how GenAl is actually used, rather than why it is used
or what it replaces. This section seeks to answer the first research question: For which

specific investment-related tasks do retail investors report using Generative AI?

- Which GenAl tools have you used?

This question identifies the types of tools with which respondents are familiar and that they
actively use. Multiple-choice options include LLM applications such as ChatGPT, Copilot,

or Gemini. The purpose is not to compare technical features but to see which tools are
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accessible and known among retail investors. Earlier studies on Al adoption show that

familiarity with a technology affects the adoption of the tool (Arce-Urriza et al. 2025).

- How often do you use GenAl for investment-related tasks?

This question was formed to see the real usage levels of GenAl among the sample investors.
As is known, there is a difference between trying something once and using it regularly.
Frequency of use distinguishes occasional experimentation from more regular usage.
Adoption research has shown that actual use is often a key indicator of whether a technology
provides value to users (Davis 1989). The more it is used, the more it could suggest that the

tool is perceived as useful in everyday investment activities.

- What types of investment-related tasks do you use GenAl for?

This question is important to the first research sub-question. It attempts to identify the actual
investment activities where retail investors report using GenAl. The task options included
searching for information, reading reports, understanding financial terms, or comparing
companies. With the survey allowing multiple selections, the question enables us to see how
widely GenAl is used across different stages of this process. It also shows whether GenAl
supports a single task or multiple tasks within the overall investment workflow. The focus
is on reported behavior rather than expectations. Retail investors typically undertake similar

tasks when making investment decisions, such as gathering and interpreting information.

4.2.2 Reasons for use and non-use of GenAl in investment-related tasks

This section examines the reasons retail investors report for using or not using GenAl in
their investment-related tasks. Thus, both users and non-users have contributed to this. The

purpose is to understand these reasons from the respondents’ own perspective. The section
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does not aim to explain behavior through theory, but to document what investors themselves
see as motivating or discouraging factors. The following survey questions try to provide
context to the second research question: What reasons do investors report driving or

preventing the use of Generative Al for investment-related tasks?

- Why do you use GenAl tools for investment-related tasks?

This question asks the users to report the main reasons for using GenAl. The answer options
include time saving, improving quality, and curiosity. Earlier adoption research shows that
users often evaluate new technology based on whether it helps them complete tasks more
easily or efficiently in practice (Davis 1989). Allowing multiple selections makes it possible
to see whether GenAl is used for a single clear reason or for several overlapping benefits at

the same time.

- How satisfied are you overall with using GenAl tools for investment-related

tasks?

This question measures user satisfaction with using GenAl. It reflects whether GenAl meets
the user's expectations for the tools. A user may try a tool out of curiosity, but they continue
to use it if they are satisfied. Studies on technology adoption emphasize that continued use
depends on users’ perceptions of usefulness and their intention to use the system (Venkatesh

& Davis 2000). In this survey, the question distinguishes confident users from hesitant users.

- What risks or concerns do you associate with using GenAl tools for

investment-related tasks?

This question was available for all respondents. The purpose was to understand what kinds

of risks or concerns retail investors associate with using GenAl in investment-related tasks.
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For users, it may limit what they want to do with GenAl, considering the risks, and for non-
users, it shows what may prevent them from using it in the first place. Multiple-choice
selection was allowed to capture the most common concerns. This question is derived from
technology adoption research, which suggests that perceived risks and concerns can reduce

behavioral intention to use new technology (Venkatesh et al. 2003).

- What are the main reasons you have not used GenAl tools for investment-

related tasks?

This question was asked only of respondents who reported not using GenAl in their
investment-related tasks. The idea is to understand what holds them back. Some investors
may not trust these tools. Others may not see any benefit, or they may feel unsure about how
to use them. This question provides non-users with an opportunity to explain their situation
directly. It helps identify the types of barriers that exist before GenAl is considered an option.
These answers are important for this thesis because avoiding a tool is just as relevant as using

it.

- How likely are you to start using GenAl tools for investment-related tasks in

the future?

This question was presented to the non-users of the survey. It seeks to capture attitudes
toward GenAl and whether these views will change regarding its future use. It shows
whether non-use is permanent or only temporary. Some respondents may not use GenAl
now because they feel unsure or lack experience. Others may not use it at present, but remain
open to its adoption. This question helps separate clear rejection from simple hesitation. It
also gives insight into whether current barriers might weaken over time. This way, it

provides a hint of a possible future adoption.
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4.2.3 Alternatives and selection criteria

This section focuses on the tools that investors report using for investment-related tasks.
GenAl users were asked what they mainly relied on before adopting GenAl. Non-users
reported which tools they currently use instead of GenAl. The aim is to describe the broader
tool environment in which investment-related tasks are performed. In other words, this
section looks at what other sources and tools are used alongside or outside GenAl. The
section follows the idea that investors choose tools based on what feels easiest and most
suitable in a given situation, as described in the Lazy User Model by Collan and Tétard
(2009). The questions in this section aim to provide data for the third research question:
What alternative tools and selection criteria do investors report using when performing

investment-related tasks?

- Before using GenAl tools, what did you mainly rely on for similar tasks?

This question was asked only of GenAl users. The aim is to identify which tools or sources
investors used before adopting GenAl. It provides context about their earlier investment
routines and the types of information sources they relied on. Examples of these include
financial news websites or company reports. The question is based on the idea that investors
choose between available options. The options are compared on the effort needed and
whether they are suitable for the situation. New tools are more likely to be adopted when

they are perceived as easier or faster than existing options (Collan & Tétard 2009).

- What do you mainly use instead of GenAl when performing investment-

related tasks?

This question is basically the same as the previous one, but directed at non-users. The
purpose is to identify which tools or sources they currently use when completing investment-
related tasks. These may be, for example, financial news websites or purely reading company

reports. Many investors continue to use the tools they are familiar with. The responses help
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show the types of alternatives GenAl would need to match or exceed before these investors

would consider using it.

- What matters most when you choose which tools to use for investment-related

tasks?

Being the final question in the survey, this was presented to all respondents. It measures

what people value when they decide which tools to use for investment-related tasks. Whether

it is ease of use, trust, or speed, the question allows for multiple choices. The aim is to

identify which factors are most important in practice when investors compare different

options. Technology adoption research has long shown that perceived usefulness and

perceived ease of use shape these choices (Davis 1989; Venkatesh et al. 2003). At the same

time, users often prefer solutions that feel simple and require the least effort in their current

situation (Collan & Tétard 2009). This question brings these ideas together by focusing on

what respondents themselves say guides their tool selection in investment-related tasks.

Table 2. Mapping of sub-research questions and survey questions

Sub-research question & theme

Survey questions

For which specific investment-related tasks do
retail investors report using Generative Al?

Theme: Reported use of GenAl for investment-
related tasks

-Have you used Generative Al (e.g., ChatGPT,
Copilot, Gemini) for investment-related tasks?

-Which GenAl tools have you used?

-How often do you use GenAl for investment-
related tasks?

-What types of investment-related tasks do you use
GenAl for?

What reasons do investors report driving or
preventing the use of Generative Al for investment-
related tasks?

Theme: Reasons for use and non-use of GenAl for
investment-related tasks

-Why do you use GenAl tools for investment-
related tasks?

-How satisfied are you overall with using GenAl
tools for investment-related tasks?

-What risks or concerns do you associate with using
GenAl tools for investment-related tasks?
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-What are the main reasons you have not used
GenAl tools for investment-related tasks?

-How likely are you to start using GenAl tools for
investment-related tasks in the future?

What alternative tools and selection criteria do
investors report using when performing investment-
related tasks?

Theme: Alternatives and selection criteria

-Before using GenAl tools, what did you mainly
rely on for similar tasks?

-What do you mainly use instead of GenAl when
performing investment-related tasks?

-What matters most when you choose which tools
to use for investment-related tasks?

Table 2 shows how each survey question is linked to the research questions of this thesis.

The questions were grouped according to the three research questions to ensure that every

part of the survey serves a clear purpose. This mapping makes it visible which questions

were used to address reported use of GenAl, which focused on reasons for use or non-use,

and which examined alternative tools and selection criteria. Presenting this structure helps

show that the survey questions were carefully designed to collect relevant information and

that they directly support the research objectives.
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5 Empirical Analysis

This chapter presents the empirical results of the study. It starts with a description of the data
and the characteristics of the respondents. After that, the results are reported in separate
sections according to the research questions. First, the reported use of GenAl in investment-
related tasks is presented. Then the reasons for use and non-use are examined. Finally, the
analysis turns to alternative tools, and the criteria investors use when choosing between

different tools.

5.1 Data description

This study is based on survey data collected from retail investors. The data were gathered
through an online questionnaire distributed during a one-month period. In total, 114
responses were received. All responses were complete, and no observations were removed
from the dataset. The data, therefore, represent the full sample collected for this thesis. The
dataset consists of structured survey responses related to retail investors’ background
characteristics, reported use of GenAl, reasons for use or non-use, and alternative tools used
for investment-related tasks. Most variables are categorical and were coded numerically to
support descriptive analysis. The data were cleaned and stored in an Excel spreadsheet prior

to the analysis.

Respondents were grouped by age category to facilitate comparisons across life stages. The
age variable was divided into the following categories: 18-29, 30-39, 40-49, 50-59, and
60—69. In addition to age, the dataset includes information on education level, investment
experience, and whether the respondent has used GenAl for investment-related tasks. These

background variables are used to describe and interpret the sample.
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Table 3. Sample characteristics

Variable Category Frequency

Age group 18-29 72
30-39 20

40-49 6

50-59 11

60-69 5

Education level Secondary or lower 15
Bachelor’s degree 42
Master’s degree 56

Doctoral degree 1

Investment experience <1 year 11
1-2 years 9

3-5 years 35
6-10 years 34

10+ years 25
GenAl use Yes 39
No 75

Table 3 presents an overview of the main background characteristics of the respondents
(n=114). The table shows the distribution of age groups, education levels, investment
experience, and GenAl usage. This descriptive overview provides context for the empirical
analysis that follows and helps clarify who the respondents are and how they are distributed

across key categories.



41

5.2 Reported use of GenAl in investment-related tasks

This section examines how retail investors who use GenAl apply it in their investment-
related tasks. The focus is on actual reported use. The aim is to describe what GenAl is used
for, which tools are chosen, and how frequently these tools are used. Only respondents who
reported using GenAl for investment-related tasks are included in this section. In total, this

group consists of 39 respondents, and multiple selections were permitted.

Table 4. Investment-related tasks for which GenAl is used

Investment-related task Number of respondents
Comparing stocks or investment options 30
Generating investment strategies or ideas 23

Explaining financial concepts or terminology 20
Summarizing financial reports or company news 19
Tracking market trends or news 12

Table 4 presents the investment-related tasks for which GenAl is reported to be used. The
table shows how GenAl is applied across different parts of the investment process. The
results show clear differences between the reported tasks. One task stands out clearly from
the others. Comparing stocks or investment options is the most common use of GenAl,
reported by 30 respondents. This comparison task seems to help investors with making
decisions among different alternatives. The tool can bring out multiple factors side by side,

making decision-making easier.

Three of the investment-related tasks were reported to be used at similar levels. Generating
investment strategies or ideas, explaining financial concepts or terminology, and
summarizing financial reports or company news were reported as 23, 20, and 19 responses.

These tasks form a middle group, with no single task clearly dominating the others. This
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could indicate a pattern in which GenAl is often used as a general support tool. It helps with

doing large tasks instead of serving only one narrow purpose.

Tracking market trends or news was selected by only 12 respondents. This makes it the least
common task among the options. GenAl is therefore used less for ongoing monitoring and
routine follow-up. Instead, investors appear to turn to it when they face a specific task or
question that needs to be worked through. One possible reason for the lower use is that
tracking markets often requires real-time information, which earlier GenAl tools did not

have. The exact reasons behind this pattern are not examined further in this study.

Gemini _ 8
Others - 6
0 5 10 15 20 25 30 35 40

Number of respondents

Figure 10. Reported GenAl tools used for investment-related tasks

Figure 10 shows which GenAl tools respondents reported using for investment-related tasks.
The results are strongly concentrated on one tool. Almost all users reported using ChatGPT.
In total, 37 out of 39 respondents selected ChatGPT. Other tools were used much less often.
Copilot was the second most used tool, followed by Gemini. The remaining tools were
mentioned by only a few respondents. This indicates that GenAl use among the survey retail
investors is concentrated on a single platform rather than spread across many alternatives.
ChatGPT is likely the most familiar and accessible option for most users. Its early
availability and strong public visibility may help explain why it dominates reported use in

this sample.
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Last question regarding the use of GenAl was about how often it is used for investment-
related tasks. The answers show that it is mostly used occasionally. Thus, use is irregular,
and it occurs only when a need arises, not as part of every decision. This fits with the task
results shown earlier. Some respondents reported frequent use. For them, GenAl seems to
be a more regular part of their investment work. At the same time, a smaller group reported
using GenAl only rarely. This suggests testing or very limited use. Taken together, the results
show that GenAl is usually an additional tool. It supports certain moments in the investment

process, but it does not replace other sources or methods.

5.3 Reasons for use and non-use of GenAl in investment-related tasks

This section examines the reasons retail investors report for using or not using GenAl in
their investment-related tasks. It will focus on how respondents themselves describe their
motivations and concerns. Both users and non-users are included, depending on the question.

The results provide insight into what encourages use or holds them back.

The first part of this section looks at the reasons users report for adopting GenAl in their
investment-related tasks. Respondents were asked to select all reasons that apply, which
allows several motivations to appear at the same time. The aim is to see which reasons are

most common in practice and which play a smaller role.

Save time |, ;o
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Better decisions _ 20
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Figure 11. Reported reasons for using GenAl in investment-related tasks
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Figure 11 presents the reported reasons for using GenAl in investment-related tasks. Several
reasons were selected by a large share of users, while others were mentioned only rarely.
Saving time stands out clearly as the most common reason. Almost all users selected this
option, indicating that GenAl is mainly seen as a way to reduce manual work and speed up
investment-related tasks. Many respondents also selected easier analysis as a reason for use.
This suggests that GenAl helps users handle complex information and lowers the effort
needed to analyze investment options. Curiosity was another common reason. This shows
that part of the use is driven by interest in new technology rather than a clear need. Improving
decision quality or confidence was selected by a bit smaller group, but still by several users.
This indicates that some investors see GenAl as support for thinking through decisions, even
if it is not the main reason for use. Reasons related to cost savings or the inefficiency of
traditional tools were mentioned only rarely. This would mean that GenAl is not adopted

because other tools are bad, but because it adds value that other tools can't offer.

Satisfaction with using GenAl for investment-related tasks was also asked of users. The
results are generally positive. A clear majority of users reported being satisfied, with 59%
selecting “satisfied”. In addition, 15.4% reported being very satisfied. Taken together, this
indicates that nearly three-quarters of users reported a positive overall experience. About
one quarter of respondents (23.1%) described their experience as neutral. Only one
respondent selected “very dissatisfied”, and no one selected “dissatisfied”. These results

suggest that once GenAl is used in investment-related tasks, it meets the expectations.

After satisfaction, the survey also asked about risks and concerns associated with the use of
GenAl in investment-related tasks. This part shifts the focus from positive experiences to
possible drawbacks. The question was answered by all 114 respondents, including both users
and non-users. This makes it possible to see concerns not only among those who already use
GenAl, but also among those who may be hesitant or avoid it entirely. Respondents were
allowed to select more than one option, since concerns are not always limited to a single

issue, and several worries may exist at the same time.
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Figure 12. Reported risks and concerns related to GenAl in investment-related tasks

Figure 12 presents the risks and concerns that respondents associate with the use of GenAl
in investment-related tasks. The most common concern is inaccurate results. This option was
selected clearly more often than the others. This indicates that, clearly, the investors are
concerned about the information provided by GenAl. It may be related to the second most
common concern: unclear information sources. Taken together, the results suggest that
investors don't know the source of the information and therefore do not trust the output of
GenAl. A notable share of respondents also reported concerns about overconfidence in its
output and overreliance on GenAl. This suggests that respondents prefer to remain in control.
They want to understand what they are doing and not blindly follow GenAl suggestions.
Thus, they do not want to outsource the actual thinking to a GenAl. A quarter of respondents
do not understand how GenAl works, which may be preventing their adoption of the tool.
Lastly, data privacy and security were reported to concern some respondents. Not knowing

where the user inputs are further used could limit the use.

After discussing risks and concerns, the analysis turns to respondents who reported not using
GenAl in their investment-related tasks. This group consists of 75 respondents. The focus is
on the reasons these investors give for not using GenAl at all. Unlike the earlier risk question,

which captured general concerns from all respondents, this part looks specifically at the



46

barriers that non-users themselves identify. The following figure shows the main reasons

reported for avoiding GenAl in investment-related tasks.

Satisfied with current tools 38

Do not trust GenAl outputs 27

Do not know how to use Gen1 | s

No clear benefit
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Figure 13. Reported reasons for not using GenAl in investment-related tasks

Figure 13 shows the non-users’ reported reasons for not using GenAl for investment-related
tasks. The figure shows that the most common reason is satisfaction with the current tools.
Thus, these investors have not felt the need to even try using GenAl. Their current tools
might already be efficient and help them achieve their investment goals. In such a case, it
may seem unreasonable to switch over to alternative tools. The next most common reason is
a lack of trust in GenAl. This suggests that doubts about the reliability of GenAl outputs
prevent many investors from using it. The same number of respondents reported not knowing
how to use GenAl. This suggests that some may not resist GenAl for particular reasons, but
their own skill set and familiarity with new technology may be the limiting factors. 17
respondents also reported not seeing a clear benefit from using GenAl for investment-related
tasks. Hence, GenAl is not expected to provide any additional benefits compared with other

tools. Lastly, data privacy is mentioned again, but it is not a strong reason to avoid GenAl

In addition, non-users were asked how likely is it for them to start using GenAl tools for
investment-related tasks in the future. The largest group 38.7% selected neutral, suggesting
that they have not yet formed a strong opinion. At the same time, 33.3% reported that they
are likely to start using GenAl in the future, and 6.7% even selected very likely. In contrast,
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the unlikely and very unlikely options both resulted in 10.7% each. These indicate that some

non-users clearly resist GenAl, but many remain open to the possibility of trying it later.
5.4 Alternatives and selection criteria

This part of the analysis examines the alternative tools reported by respondents. GenAl users
were asked what they mainly relied on before using GenAl, while non-users were asked
what they currently use instead of GenAl. Although the questions refer to different
situations, they together describe the tools investors rely on when performing investment-
related tasks. Because the group sizes differ, the results are presented as percentages. This
allows comparison between the two groups and shows which tools are most commonly used

in practice.
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Figure 14. Reported alternative tools used for investment-related tasks (users vs. non-

users)

Figure 14 shows the alternative tools reported by GenAl users before adoption and by non-

users at present. The figure highlights that both groups rely heavily on financial news
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websites and stock platforms. This suggests that structured financial platforms form a
common base for investment information. In both groups, these platforms are clearly among
the most frequently reported sources. Advice from others is also widely used in both groups,
although it appears slightly more emphasized among non-users. They could care more about

others' opinions while making their investment-related decisions.

There are also clear differences between the groups. Before adopting GenAl, users read
social media and forums more than non-users do now. This suggests that they were already
active in online investment spaces. Own manual analysis is important in both groups, but it
appears somewhat stronger among users. Paid analysis tools are rare for both. One pattern
stands out. Users report higher use across most information sources, except for advice from
others. Non-users lean slightly more on other people’s opinions. This may point to a
difference in how actively investors search for information. Those who later adopted GenAl
seem to use several sources and combine information on their own. Non-users appear to
focus on fewer channels. It is possible that investors who already gather and compare
information from many places are also more open to trying new tools like GenAl. Still, this

is only a descriptive observation, as the data do not directly measure actual research effort.

The final part of this section examines what respondents value most when choosing tools for
investment-related tasks. Instead of focusing on a specific tool, this question looks at the
criteria behind the choice. Respondents were able to select more than one factor. The results
will show which tool characteristics are most important in practice when investors compare

different options.
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Figure 15. Reported selection criteria when choosing investment-related task tools

Figure 15 shows that investors place the greatest weight on practical aspects when choosing
tools. Saving time and effort is the most selected factor, which suggests that efficiency is a
key concern in investment-related tasks. The next factors, ease of use, accuracy of results,
and trust in the tool, are all selected almost as often. This indicates that investors want tools
that are simple to handle and that provide reliable information. Cost and quality of insights
are also selected by a notable share of respondents. This shows that investors pay attention
to whether a tool is financially reasonable and whether it offers meaningful explanations.
However, these factors seem slightly secondary compared to speed and reliability.
Accessibility and familiarity are mentioned less frequently. It may be that investors would
be willing to consider new tools if another option seems better. The least chosen factor was
recommendations from others. Investors seem to base their decisions more on their own

evaluation than on advice from others.

This chapter presented the empirical results of the survey. The results show how GenAl is
used in practice and how investors themselves describe their behavior. It identifies the
reasons behind use and non-use, the other tools investors turn to, and the factors that guide
their tool choices. The results were examined descriptively, using only the data gathered in

this study.
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6 Discussion and conclusions

This thesis examined how retail investors report using Generative Al in their investment-
related tasks and what factors seem to influence that use. The topic became relevant due to
the rapid growth of GenAl tools and their increasing role in everyday information search
and decision-making. Artificial intelligence has been widely discussed in earlier research,
but much of that work has focused on firms or technical aspects. Less attention has been
given to private investors and how they themselves use these tools in their own investment
processes. This thesis approached the topic from the investors’ point of view and focused on

what they report doing in practice.

The empirical part of the study was conducted as a quantitative survey. Data were collected
through an online questionnaire, yielding 114 responses. The sample included both investors
who use GenAl and those who do not. This made it possible to look at both adoption and
non-adoption within the same dataset. The analysis was descriptive. The goal was to show
how investors describe their own behavior, rather than to test statistical models or examine
causal relationships. The empirical analysis was organized into three themes around the
research questions. The first part focused on the use of GenAl in investment-related tasks.
This included which tools are used, how often they are used, and for what kinds of activities.
The second part focused on the reasons for using or not using GenAl and on the risks and
concerns connected to it. The third part looked at other tools investors rely on and at the

factors that matter most when they choose between different investment tools.

The findings show that GenAl currently plays a supporting role in retail investors’ behavior.
It is not reported to replace all of the other tools. The respondents use it mainly for comparing
different investment options. In addition, it is used to generate new ideas, explain
terminology, and summarise long reports. Most users report occasional use, suggesting that
GenAl is used for specific tasks rather than continuously. Among non-users, the most

common reasons for not adopting GenAl are satisfaction with existing tools, lack of trust, or
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not seeing a clear benefit. When investors evaluate tools in general, they place the highest

importance on saving time, ease of use, accuracy, and trust.

6.1 Answers to research questions

The main research question is addressed through the three supportive sub-questions.
Together, these sub-questions cover how GenAl is used in practice, what drives or prevents
its use, and what alternative tools and selection criteria shape investors’ choices. By

answering them one by one, the overall research question can be addressed.

Sub-Q1: For which specific investment-related tasks do retail investors report using

Generative AI?

Retail investors reported using GenAl for several different investment-related tasks. The
most common use was comparing stocks or investment options. Generating investment
ideas, explaining financial concepts, and summarising reports or news were reported at fairly

similar levels. A smaller group also reported using GenAl to track market trends.

Sub-Q2: What reasons do investors report driving or preventing the use of Generative Al

for investment-related tasks?

The main driver for using GenAl is to save time. In addition, GenAl is reported to make
analysis easier and result in better decisions. It is also used purely out of curiosity for new
technology. The users are generally satisfied with GenAl. The main factor preventing the
adoption is satisfaction with current tools. Non-adoption is also explained by a lack of trust
in the results and by not seeing a clear benefit in its use. However, non-users reported being
somewhat likely to start using GenAl in the future. When considering all respondents
together, the most common concerns regarding the use of GenAl for investment-related tasks

are inaccurate results and unclear information sources.

Sub-Q3: What alternative tools and selection criteria do investors report using when

performing investment-related tasks?
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The most widely used alternative tool for investment-related tasks is financial news and
stock platforms. Investors also reported taking advice from others for investment-related
tasks, especially non-users of GenAl. Social media and investors’ own manual analysis are
also reported to be used. Notably, current users reportedly used a wider variety of tools
before GenAl adoption. Paid analysis tools were rarely used in both groups. The selection
criteria for choosing tools include a range of factors. Investors value saving time and effort
the most. Ease of use, accuracy of results, and trust in the tool follow right behind. The range

of responses indicates that investors value different factors when selecting the tool.

Main-RQ: How do retail investors report using Generative Al tools in investment-related

tasks, and what factors may influence their use?

Retail investors report using GenAl in a limited and selective way, and most respondents do
not use it at all. Those who have adopted it use GenAl primarily to compare investment
options, generate ideas, and summarise information. Its use is occasional rather than part of
every investment decision. The factors that seem to influence its use are practical. Time
savings and easier analysis seem to support adoption. However, the investors remain
cautious about the accuracy of the results and the sources of information. Non-users are
generally satisfied with the tools they are using and have not adopted GenAl for their
investment-related tasks. Taken together, the results show that GenAl has not yet become a
common part of retail investors’ routines, but it has found a place among a smaller group

who see clear practical benefits in using it.

Table 5. Summary of research questions and key findings

Research Question Key findings

GenAl is primarily used to compare stocks or

Sub-Q1: For which specific investment-related tasks | ;. octment options. It is also used to generate

do retail investors report using Generative AI? investment ideas, explain financial concepts, and
summarise reports or news. Rarely for tracking

market trends.
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Sub-Q2: What reasons do investors report driving or
preventing the use of Generative Al for investment-

related tasks?

Saving time is the most frequently reported reason
for using GenAl. Users also report easier analysis
and general satisfaction. The most common reasons
for not using GenAl are satisfaction with current
tools, lack of trust in the results, and not seeing a
clear benefit. Frequently reported concerns include

inaccurate results and unclear information sources.

Sub-Q3: What alternative tools and selection criteria
do investors report using when performing

investment-related tasks?

Financial news websites and stock platforms are the
most commonly used tools. Advice from others is
popular among both groups, but especially among
non-users. Selection criteria for choosing tools

include time saving, ease of use, accuracy, and trust.

Main-RQ: How do retail investors report using
Generative Al tools in investment-related tasks, and

what factors may influence their use?

Most respondents do not use GenAl. Among users,
it is used selectively, mainly for comparing
investment options and processing information.
Factors associated with its use include time savings
and easier analysis. Reported concerns about
unclear information and

accuracy, sources,

satisfaction with existing tools are linked to non-use.

Table 5 summarizes the main findings for each research question in a concise form. The

three sub-questions all contribute to the main research question, which attempts to answer

the big picture.

6.2 Comparison with earlier literature

The findings of this thesis are in line with established technology adoption theories.

According to the Technology Acceptance Model, perceived usefulness and perceived ease

of use are central factors behind adoption decisions (Davis 1989). In this study, the most

common reasons for using GenAl were saving time and making analysis easier. These results

fit well with the idea that people adopt new tools when they see clear practical benefits and
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when the tool feels simple to use. Similar elements appear in the Unified Theory of
Acceptance and Use of Technology, which highlights performance expectancy and effort
expectancy as key determinants of use (Venkatesh et al. 2003). The strong emphasis on
efficiency, accuracy, and ease of use in the responses reflects these same mechanisms in a
retail investor context. The findings can also be considered in light of the Lazy User Model
(Collan & Tétard 2009). The model argues that people tend to choose the option that feels
easiest in their current situation. In this study, many non-users stated that they are satisfied
with the tools they already use. As long as their current approach works, there is little reason
to change it. This suggests that GenAl is not adopted simply because it is new or available;

it would also need to be the most effortless option.

Prior research and the present findings show that trust plays a central role in adoption.
Several studies in financial Al contexts highlight trust and perceived reliability as crucial for
adoption (Pathak & Bansal 2024; Cao et al. 2025; Zarifis & Cheng 2024). In this thesis,
concerns about inaccurate results and unclear information sources were among the most
frequently reported risks. Lack of trust was also one of the main reasons for non-adoption.
These results are consistent with earlier findings suggesting that trust formation strongly

influences willingness to adopt Al tools.

Compared with recent empirical studies, the findings exhibit both similarities and
differences. Atwal and Bryson (2021) and Gimmelberg et al. (2025) highlight the importance
of perceived usefulness, social influence, and perceived control in Al adoption. The findings
of this thesis support the role of usefulness, because users clearly emphasized time savings
and easier analysis. However, recommendations from others were among the least important
factors in tool selection. This suggests that retail investors rely more on their own assessment
than on social influence when deciding whether to use GenAl. Gangwar et al. (2025)
examine Al adoption from an organizational perspective and emphasize the roles of
organizational readiness and performance improvements. In contrast, the present study
shows that, at the individual-investor level, adoption is cautious and limited. GenAl has not
yet become widely integrated into retail investors’ routines, but it is used when it is

considered beneficial.
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Overall, the results support the core assumptions of TAM, UTAUT, and LUM. Perceived
usefulness, ease of use, and trust are clearly visible in the reported drivers and barriers. At
the same time, the findings extend earlier literature by showing how these theoretical factors

appear in the everyday investment decisions of retail investors.

6.3 Limitations and future research

This thesis has its limitations that should be discussed. The data consist of 114 respondents,
which is a relatively small sample. The findings describe only this specific group of
respondents. The survey was first distributed within the researcher’s close circle and was
then shared further by participants. The final reach of the survey is not fully known, and the
respondents may not represent the broader population of retail investors. The data were
collected over one month. Thus, the results reflect investor views at that specific time.
Because GenAl tools are developing quickly, investors’ attitudes and usage may also change

over time.

Future research should use a larger sample to allow more generalizable results.
This would give a better picture of how common GenAl adoption is. It could also be useful
to combine surveys with interviews, so that investors can explain in their own words how
they use GenAl in practice. Interviews might reveal how strongly investors rely on these
tools, how they judge the quality of the answers, and whether GenAl affects their confidence
or willingness to take risks. Another possible direction would be to examine whether using

GenAl is connected to actual differences in investment behavior or performance
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Appendices

Appendix 1. Survey questionnaire

A. Background information

1. What is your age?
-Under 18
-18-29
-30-39
-40-49
-50-59
-60-69
=70+

2. What is your highest level of education?
-High School
-Bachelor’s degree
-Master’s degree
-Doctoral degree
-Other (specify)

3. How long have you been investing?
-Less than 6 months
-6 months-1 year
-1-2 years
-3-5 years

-6-10 years
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-10+ years

4. How often do you perform investment-related tasks (e.g., analyzing stocks, reading

reports)?
-Daily
-Weekly
-Monthly
-Rarely

5. Have you used Generative Al (e.g., ChatGPT, Copilot, Gemini) for investment-

related tasks?
-Yes

-No

B. Questions for GenAl users only

7. Which GenAl tools have you used?
-ChatGPT
-Gemini
-Copilot
-Claude
-Other (specify)

8. How often do you use GenAl for investment-related tasks?
-Daily
-Weekly
-Monthly

-Occasionally
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-Never

What types of investment-related tasks do you use GenAl for? (Select all that apply)
-Summarizing financial reports or company news

-Comparing stocks or investment options

-Explaining financial concepts or terminology

-Generating investment strategies or ideas

-Tracking market trends or news

-Other (specify)

10. Why do you use GenAl tools for investment tasks? (Select all that apply)

11.

-To save time and reduce manual work

-To make investment analysis easier

-To improve decision quality or confidence
-To reduce costs compared to other tools

-Out of curiosity or interest in new technology
-Because traditional tools are less efficient
-Other (specity)

Before using GenAl tools, what did you mainly rely on for similar tasks? (Select all

that apply)

-Own manual analysis or spreadsheets
-Financial news websites or stock platforms
-Paid analysis tools

-Social media or forums

-Advice from others (friends, experts)

-Other (specity)
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How satisfied are you overall with using GenAl tools for investment-related tasks?
1- Very dissatisfied
2- Dissatisfied
3- Neutral
4- Satisfied

5- Very satisfied

C. Questions for non-users only

13.

14.

What are the main reasons you have not used GenAl tools for investment-related

tasks? (Select all that apply)

-1 do not see a clear benefit

-1 do not trust the information provided

-1 do not know how to use them

-1 am satisfied with my current tools or methods
-I am concerned about privacy or security
-Other (specify)

What do you mainly use instead of GenAl when performing investment-related

tasks? (Select all that apply)

-Own manual analysis or spreadsheets
-Financial news websites or stock platforms
-Paid analysis tools

-Social media or forums

-Advice from others (friends, experts)

-Other (specify)
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15. How likely are you to start using GenAl tools for investment-related tasks in the

future?

1- Very unlikely

2- Unlikely
3- Neutral
4- Likely

5- Very likely

D. Final questions for all respondents

16. What risks or concerns do you associate with using GenAl tools for investment-

related tasks? (Select all that apply)

-The results may be inaccurate or misleading

-I worry about data privacy or security

-The sources of information are unclear

-1 do not fully understand how they work

-I am afraid of relying too much on them

-The tools may create overconfidence in results
-Other (specity)

17. What matters most when you choose which tools to use for investment-related tasks?

(Select all that apply)

-Saving time and effort

-Ease of use / less learning required
-Accuracy or reliability of results
-Low or no cost to use

-Familiarity with current tools or routines



-Trust in the tool or source

-Quality of insight or explanations

-Accessibility (e.g., available anytime, device compatibility)
-Recommendations from others

-Other (specity)
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