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ABSTRACT:

Over the recent years, Artificial intelligence (Al) technologies have grown in a fast pace
making advanced tools and software not only to the large firms but also to the small
startups. Al has great potential to help startup journey by enabling the new techniques
and ideas of innovation, improving efficiency and saving time. Even though there is in-
creasing interest in Al, relatively less research has been done regarding how small
startups adopt and use Al in their everyday business practices. This study helps to un-
derstand how founders of a small startup perceive and utilize Al tools and what benefits
and challenges they face when adopting Al in their business operations.

This study is based on the Technology Acceptance Model (TAM) that describes the adop-
tion of technology adoption through two main concepts of perceived usefulness and
perceived ease of use. This study is a qualitative study based on semi-structured inter-
views with founders and co-founders of five startups. The interviews are emphasized on
how startup founders use Al tools in daily business operations. The benefits they get and
the challenges they have faced while adopting these technologies. The interviews were
analysed using thematic analysis to identify key patterns in the cases.

The results indicate that startups engage in artificial intelligence in order to streamline
their operations, make better decisions, and facilitate the process of innovation. Al tools
help entrepreneurs to automate their routine processes, process a large amount of data,
and get insights that will assist in product development and strategic planning. Simulta-
neously, the research indicates that founders of a startup actively experiment with the
use of Al technologies in order to comprehend their potential and implement it in the
everyday operations of the business. Al helps startup change with market conditions,
refine their products and enhance their competitiveness in dynamic entrepreneurial en-
vironments through the process of iterative learning and data-driven experimentation.

KEYWORDS: Artificial Intelligence, Startup, Technology Acceptance Model, Al Adoption, Inno-
vation
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1 Introduction

1.1 Background of the Study

Artificial Intelligence (Al) has gained a lot of popularity in recent years. Human lifestyles
and productivity have shifted to a digital form due to the widespread use of digital tools,
including computers, electronic devices and smartphones, and the contemporary
modern age has become predominantly digital (Chen et al., 2022). The first foremost
indication of Al was the launch of ChatGPT in 2022 which made conversational Al
accessible to everyday users. Since then, updated models have kept improving and
competition in the Al sector has increased. Artificial intelligence (Al) has emerged as a
new and potential tool, generating significant interest for establishing new startup in
business market as well. There is a keen interest in new Al solutions that enhance
companies’ efficiency and innovation (Haefner et al., 2021, p. 1). New Al tools are
constantly entering the market, and Al features are being added to existing software
(McKinsey & Company, 2023). Companies are eager to explore these new solutions but
are also aware that Al integration requires preparation and planning to maximize the

benefits and potential of Al (McKinsey & Company, 2023; Poland et al., 2024, p. 10).

There has been a projection that about 70% of the startups around the world are
planning to adopt Al tools and technologies by the end of year 2030 (Bughin et al., 2018).
Al-based systems like predictive analytics, chatbots recommendation engines, and
customer relationship management (CRM) automatized are being deployed to make
processes efficient, motivate customers, and discover new growth avenues (Chatterjee
et al., 2021). The combination of Al and numerous other complementary technologies
has revolutionized the way business is conducted, allowing a chance for startups with
limited resources excel. The development of Al open the way to startup getting a
competitive advantage by leveraging the big data offered by already established players
in this area because it will help startups offer the personalized services based on the
unique needs of a consumer (Kumar et al., 2019). Al has transformed the historic model

of rule based expert system to deep learning and data centric model (Mullainathan and



Spiess, 2017). One of the most well-known disruptive technologies that are transforming
the business is Artificial Intelligence that has the intellectual ability to analyze the outside
data accurately, learn on the data, and use the insights of the data to collect the precise
objectives and goals using an adaptable method (Kaplan and Haenlein, 2019). The World
Economic Forum (2021) argues that the world is turning into a place of technological

progress, and artificial intelligence is one of the pillars of such transformation.

Moreover, the major business benefits of Al compared to human intellect are that it has
high scalability, which results in considerable cost reduction, is consistent, and has
programs based on rules, which eliminates errors. The positive aspects of its long life,
constant advancement, and the capacity to record procedures can be converted into a
gratifying business experience (Palanivelu & Vasanthi, 2020). One of the recent study in
the field of travel and tourism industry (TTI), Al is considered one of the most
revolutionary and innovative technologies, capable of reshaping the industry through
digital transformation, altering structures, practices, and value creation (Filieri et al.,

2021).

There is also a growing use of Al technologies in startups in order to advance decision-
making and optimize business processes. With the help of real-world data analysis, Al
helps young companies to recognize the factors that affect growth prospects and
investor attraction. The insights, trends prediction, and still improving strategic
approaches can be extracted with the help of Al tools. Since startup operate in conditions
of high uncertainty, scarce resources and quick change, where initial activities related to
planning, experimental and decision-making are vital in market entry (Alvarez & Barney,
2007), Al can influence the way these activities are conducted through quicker analysis,
assisting in experimentation and making early strategic decisions. Even Studies of Finnish
startup indicate that artificial intelligence is becoming more actively used in the context
of circular economy business models, where it can be used to make data-driven
innovations in the form of predictive analytics, sustainable product design, and resource

optimization, but obstacles such as costs and skills are still formidable (Ghoreishi et al.,



2025, pp. 48-57). Donaldson et al. (2025) demonstrate that startup have the potential
to reach high levels of innovation performance by combining the use of generative Al
with such factors as industry dynamism, external search, and absorptive capacity, often

filling in resource shortages (p. 23).

According to recent studies, the use of Al has been made much more accessible to
startup and small companies because cloud-based solutions, ready-made models, and
generative Al tools have considerably lowered the financial and technical barriers to
entry (Babina et al., 2024; Donaldson et al., 2025). Al in these settings does not appear
as a tool of efficiency enhancement but as a shaping component of business model
design, workflows and relationships with customers. There is empirical evidence that Al
benefits startup in that they can offset the lack of resources through better decision-
making, repetitive tasks automation, and faster learning (Babina et al., 2024). Although
the available literature shows that the use of Al is gaining momentum, the researchers
have minimal information on how founders use Al tools in practice in their businesses
and the impact of Al tools on the decision-making process of business development.
Such experiential and behavioral aspects are best captured using qualitative methods,
as they are hard to observe using quantitative data collected in large amounts alone
(Creswell, 2007; Kallio et al., 2016). This study is thus a reaction to the need to obtain a
context-driven insight into the use of Al in startup at the critical initial stage of

technological and organizational establishment.

1.2 Research Gap and Problem

However, previous literature has been more interested in Al in large companies or
technology-intensive industries, where implementation is facilitated by the presence of
well-built infrastructures, experience, and formal processes (Davenport and Ronanki,
2018; Dwivedi et al., 2021). Despite the growing literature on Al there is little research
on how a startup in its initial stages perceive Al tools and how they use such tools in their
day to day business operations and teh practical challenges of their use. The unique

characteristics of startup including extreme lack of resources, informality, and decision-



making by the founders, are still little studied. The real application of particular Al tools
by startups, its results, and the subsequent benefits and drawbacks in resource-limited
settings are not thoroughly studied empirically (Bergmann et al., 2026; Schwaeke et al.,
2025). The recent systematic reviews confirm that the literature is fragmented and
overfocused on conceptual models, technical aspects, or large-firm examples instead of
real-world operational integration in new entrepreneurial environments. Schwaeke et al.
(2025), in their analysis of 106 peer-reviewed articles on Al adoption in SMEs, highlight
that studies rarely examine the synergistic interactions among technological,
organizational, and environmental factors that shape adoption in smaller, agile ventures.
Similarly, Bergmann et al. (2026) emphasize the fact that the majority of studies are still
conceptual, with little known about how Al is applied in the practice of entrepreneurship,
as at early-stage startups, generative Al-based tools are used to optimization of
entrepreneurship processes (e.g., idea generation, marketing, and operations) and not
to displace human agency. Ethical issues of Al-based startups are also reported (Ali et al.,
2023), but the operational barriers, including the lack of skills, data quality concerns,
financial limitations, and integration difficulties, are relatively unexplored in the context
of the early stage. Some scholarly articles suggest that more research should be done
into the initial stages of Al adoption in the field of entrepreneurship, with the necessity
to study the patterns of actual use, attitudes of founders, implementation styles, and
structural obstacles of new businesses. Bergmann et al. (2026) observe that there is an
urgent need to conduct empirical research to learn the impact of GenAl tools on the
efficiency of the entrepreneur process. Schwaeke et al. (2025) also insist on the
customized strategies that consider the interdependent factors to ensure that small
businesses do not become less competitive because of slow, or ineffective, adoption of
Al. Following these calls and drawing on previous findings about the differences between
larger firms and startups in their constraints to Al application (Ellefsen et al., 2019) - this
study will explore how startups in their initial stages are currently applying Al tools in
their business activities, which factors are posing challenges and barriers to the

implementation of Al.
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The purpose of this study is to exploit the untapped research opportunity of Startup by

providing an answer to the following research question:

How early-stage startups are utilizing Al tools in their Business operations? And what

factors act as challenges and barriers to Al Adoption?

In this time when Al is a topical issue around the world, this research helps to understand
current stage of implementation of Al in startup. The study seeks to find out what kind
of Al operations startup have used in their business processes, how startup founders
understand and embrace these technologies, and what productivity and efficiency such
technologies promote. This study explores the nature of the Al tools and technologies
being rolled out in startup and the current adoption level and obstacles and challenges
related to adopting them. The research uses modern analytical models to determine the
level of Al adoption in the new businesses. It is hoped that the findings will offer much
information to future entrepreneurs by noting not only the opportunities but also the
limitations of Al adoption in the process of recognizing and adopting relevant Al tools

and technologies.

1.3 Thesis Structure

This thesis is divided into five chapters: Introduction, Literature review, Methodology of
the study, Findings and Discussions. Chapter 1 introduces the study by outlining the
motivation, identifying the research gap, and defining the main research questions. It
also highlights the theoretical contributions of the study and provides context for the

rest of the thesis.

Chapter 2 presents the literature review, that covers core concepts such as Overview of
startup, Development style, artificial intelligence, Al and Business development, and Al
adoption in startup. This chapter synthesizes prior research to frame the study's
theoretical background and build up in formulating a conceptual framework that guides

the research design and analysis.
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In chapter three, the methodology of the study is explained. This research features the

Qualitative approach with semi-structured interviews as the data collection method. The
Qualitative method is explained as well as why it was chosen for this research. The data
Collection method will also be introduced and after that, the method with which the

data was analysed. Lastly in the chapter the research quality will be evaluated.

After the methodology, the findings of the study are presented in chapter four. In this
chapter the extractions from the interviews will be introduced and explained. It
identifies and explains key themes that emerged from the interviews, including how Al
is currently used in startup. The results will be briefly discussed which is followed by the
actual word-for-word answers from the interviews. The summary of the key findings and
the revised framework will offers recommendations for future research, discusses the

limitation of the current research and evaluates the achievement of research purpose.

Finally, the last fifth chapter is the discussion of findings followed by sections on
Theoretical contributions managerial implications, limitations, and suggestions for
future research. This chapter will introduce the contributions to the theory and practice.
And Lastly the list of references and appendices, which feature the line of questioning

used in interviews will also be presented in the end.
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2 Literature Review

2.1 Overview of startup

In recent years, startup have emerged as a significant area of academic interest as there
is rise of high-profile success stories and its growing impact on innovation. Startup have
played a pivotal role in global economic development as well (Gedeon, 2017). Startup
can be seen as a step-by-step process where the process starts with the ideation and
recognition of the opportunity, then progresses to product development and finally
transitioned into long-term sustainable operations. During the pre-startup stage, the
founders aim at the development and testing of ideas, creation of a prototype, and the
use of personal or informal resources (Nguyen-Duc, Kemell, and Abrahamsson, 2021, p.
9). The initial launch phase is usually associated with developing a minimum viable
product (MVP), market validation, and the search of initial investment to facilitate the

product development (Nguyen-Duc et al., 2021, p. 11).

2.1.1 Definition and Characteristics in Startup

Generally, Startup can be defined as newly established companies that aim to develop
innovative products, services, or business models under conditions of high uncertainty
and with a focus on rapid growth (Ries, 2011; Blank, 2013). Paternoster et al. (2014) note
the variability in definitions, emphasizing that startups are typically young ventures
designed to address unmet needs through novel approaches, often in high-velocity
environments. This aligns with Zahra et al. (2006), who describe startups as entities that
must continuously identify and exploit opportunities to build viable business models,

underscoring their entrepreneurial core.

Startup have also been defined by their short existence and facing limited resources in
an empirical setting, as well as their requirement to focus on innovation and agility
(Freeman & Engel, 2007). As an example, Blank (2007) describes startup companies as

organizations looking to find repeatable and scalable business models, this is in contrast
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to mature companies whose processes are well developed. This view is also reflected in
the technology-motivated start- up research where the focus is not on immediate
profitability, but on developing exponential growth (Marmer et al., 2011). Altogether,
the literature agrees on startups as a novel and development-oriented organization in
uncertain conditions, whereas the actual definition also depends on other contextual
factors, including industry and funding cycle (Shane & Venkataraman, 2000; Alvarez &

Barney, 2013).

Startup typically adopt flexible structures and rapid experimentation to validate ideas,
relying on customer feedback and quick pivots (Ries, 2011). In contrast to mature
companies, startup do not have many resources to work with, and yet, their scaling
possibilities are high (Blank, 2013; Ries, 2011). Startup demand an outstanding
combination of various competences to attain fast growth (Zahra, Sapienza, & Davidsson,
2006). Among others, they have to be capable of continual learning and identifying new
openings and transforming them into operational and commercially viable business

models and execute those (Shane & Venkataraman, 2000).

In the context of emerging technologies such as artificial intelligence (Al), startups play
a catalytic role by testing unproven ideas and creating entirely new markets. According
to Tiwari et al. (2023), startup are usually constrained in terms of resources yet adaptive
flexibility in terms of crisis situations, i.e., during the COVID-19 pandemic, when
organizational flexibility became a primary determinant of crisis resilience (p. 13).
Startup, as demonstrated by Szalavetz (2019), can serve as intermediaries of innovation
within larger economic systems, allowing the process of digital transformation even in

the less advanced ones regarding technological advances (p. 43).

The other important aspect of the startup environment is uncertainty. One of the main
characteristics of a startup is that it is usually located in the emergent or non-defined
market, the needs of customers, competitors, and ways of revenue modeling are not yet

clear (Brown & Rocha, 2020). This indecisiveness goes on to the regulation variable,
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technical performance, and market entry timing (Kuckertz et al., 2020). According to
Zhang et al. (2022), startup were not spared of the volatility experienced during the
COVID-19 pandemic, although these companies adapted rapidly on the basis of their
agile structures, with startup trying digital sales channels and remote operations as well
as virtual engagement of their customers (p. 19). Adaptability under pressure is thus not

only a strategic advantage but it is a survival need in uncertain environments.

2.1.2 Business development Style in startup.

Most startups overcome these characteristics to control them and minimize risks by
following systematic development practices, which focus on learning, iteration, and
feedback. Eric Ries (2011) has created a framework that has become one of the most
powerful tools of innovation in early stages, called Lean Startup. Ries developed five
principles, which include: entrepreneurship is everywhere; entrepreneurship is a
management skill; startup need to do validated learning; the fundamental process is
build-measure-learn; and innovation needs metrics, which is innovation accounting (Ries,
2011, pp. 20-24). As a practical implementation, Lean principles have been applied by
startups to create minimum viable products (MVPs), test them on real users as quickly
as possible, and iterate and improve on evidence instead of assumptions. Such
experimentation enables teams to evolve fast, prevent overbuilding and also keep pace

with the real customer requirements (Ries, 2011, p. 75).

In addition to Lean, Agile development methods are commonly used to organize startup.
Agile is a focus on iterative cycles, cross-functional cooperation, and the presence of
constant responsiveness to feedback. Agile also offers synchronization of teams on a
daily basis through rituals such as stand-up meetings, sprint reviews, which helps in
creating alignment even on small remote teams with limited resources. In the case of
startup where the speed of innovation is high, Agile is not only a software development
method but also a more general organizational philosophy, which allows them to be

responsive and resilient.
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The other development strategy that can replace Lean and Agile is Design Thinking,
which is a process that focuses on empathy, user observation, and ideation. The
graphical and physical aspect of Design Thinking tools including empathy maps, journey
mapping, and rapid prototyping also allow startup teams to have a better understanding

of the customer journey, which improves the value proposal.

Practically, startup tend to combine the components of Lean, Agile, and Design Thinking
based on their industry, stage of growth, and skills of the team. Tiwari et al. (2023)
demonstrate that startup that adopted the hybrid development approaches were more
resilient throughout the COVID-19 crisis because they could quickly digitalize their
operations and adjust their offerings to the new consumer realities and streamline
internal processes (p. 417). These companies did not strictly adhere to one particular
model but instead cherry-picked principles of multiple approaches, allowing them to
remain afloat and relevant in the past conditions that have never been experienced

before.

2.2 Artificial Intelligence

Artificial Intelligence (Al) refer to a broad spectrum of technologies that have multiple
benefits to organizations in regards to value added business benefits. In the last couple
of years, there is a trend by organizations that are increasingly looking to Al so as to
create business value after a downpour of data and a robust rise in computational power
(Enholm et al., 2022, p. 1). The role of Artificial Intelligence (Al) in value creation in novel
business practices is becoming more prominent (Hasan & Ojala, 2024). Kaplan and
Haenlein (2019, p. 17) argued Al as the capability of a system to understand external
information properly, learn by the means of the information, and apply the learnings to
particular objectives and tasks via adaptive means. Al is a set of algorithms, programs,
systems, and machines that attempt to mimic human intelligence, and is possibly the
most promising emerging technology in the world (Huang & Rust, 2018; Shankar, 2018).
It is based on more than one major technologies including machine learning (ML),

natural language processing (NLP), deep learning, and neural networks, to mention few,



16

and it enables programs and machines to learn, sense, and act through human-machine
interaction (HMI), and ML is often confused with Al, but the difference between them is
that Al stands for machines and softwares that perform human intelligence, when ML
stands for computer programs able to learn and adapt without detailed human

instructions (Ma & Sun, 2020).

Glikson and Woolley (2020) have divided Al, depending on its form, into three types
robotic, virtual, and embedded Al. Al-powered robots can carry out a great variety of
various tasks, and can possess human characteristics, including the fact that the serving
robots in restaurants or health care are sometimes made somewhat humanlike. Robots
may be on site as in the prior example or may be elsewhere, say in a factory. It has been
observed that personal confidence in robotic Al applications tends to be low initially but
the more direct the interaction is with the robot the more confidence increases over

time.

As technologies continue to evolve, virtual artificial intelligence (Al) has emerged as an
increasingly prominent and widely adopted innovation in recent years as well. is a
computer program, in which Al exists in cyberspace but does not have a physical body
(Glikson and Woolley, 2020). Examples of virtual Al include advanced conversational
agents such as Google’s Gemini, OpenAl’s ChatGPT, Apple's Siri or Google's Alexa. These
virtual Al solutions are commonly stored in electronic de-vices, including computers and
phones, and may contain some physical attributes in digital space, such as avatar or body,
and are also capable of text or speech. The trust towards virtual Al solutions is often high
in the beginning but tend to weaken with the number of interactions made with them.
Lastly, embedded Al is embedded in apps like maps or search engines and is usually
undisclosed to the end user of the application (Glikson & Woolley, 2020). The credibility
of embedded Al depends on the reliability and transparency of the system, the tasks it
is engaged in because people tend to be more positive about Al to do calculations rather

than social duties, and the degree of expertise the application possesses.
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2.2.1 Al and Business Development

And in order to leverage businesses, Artificial Intelligence (Al) is fast taking a more
prominent place in the daily digital sphere and advertising and marketing is no different.
Nowadays, artificial intelligence is being employed by many companies in such areas as
personalized products recommendations (collaborative filtering algorithms) and
detection of frauds (using anomaly detection systems). Contemporary online retail
companies are actively implementing the Al-enhanced recommendation engines with
hybrid recommendation strategies (collaborative filtering + content-based) that attain
50.91 percent precision in individually tailored recommendation (Stoica & Pelican, 2025).
Artificial Intelligence (Al) is increasingly becoming a core driver of business development
by enhancing efficiency, enabling more informed decision-making, and fostering
innovation in products, services, and business models. Al is transforming business
development by automating processes, analyzing customer data, and identifying new
market opportunities. Companies leveraging Al can make faster, data-driven decisions,
enhancing growth and competitive advantage (Machucho & Ortiz, 2025, p. 8-13). As an
example, Al becomes faster in the development of new products: in industries where
intellectual property or the discovery of a substance is vital, artificial intelligence can
potentially increase the speed of innovation by a factor of two and more, and even more
modest, yet significant, increases (20-80) in complex manufacturing industries
(McKinsey & Company, 2025). The companies that have embraced Al often claim to have
increased forecasting accuracy, enhanced customer service through personalization, and
reduced costs due to automation of repetitive tasks. Nevertheless, the effectiveness of
its implementation is contingent on managerial and technical Al capabilities,
organizational culture, data privacy, and alignment of the Al projects with strategic

objectives (Babina et al., 2024).

Furthermore, Artificial intelligence has quickly become a fundamental engine of business
growth, transforming the way companies discover growth opportunities, diversify
revenue bases, form strategic alliances, improve customer relationships, and create

sustainable competitive advantages (Yu, 2025; Machucho, 2025). Al enhances the
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strategic decision-making process by handling large amounts of data in real time,
accurately modeling scenarios, predicting the market, and improving resource
optimization (Okafor, 2025; Kumar, 2025). The systematic literature reviews emphasize
the development of Al as a simple operational instrument to a strategic resource
enhancing the innovation processes and the performance of the organization in general
(Cao, 2024; Diyin, 2025). According to global surveys, organizations that actively employ
Al often report tangible improvements in their innovation, especially in the marketing
and sales functions, strategy, finance, and product or service development functions
(McKinsey, 2025). These effects have been greatly hastened by generative Al. Empirical
data indicates that generative models provide significant productivity benefits in terms
of automating tasks, adding skills, and transforming operations and inner gains tend to
be between 14 and more than 40 percent in the realms of writing, coding, and content
generation (Calvino et al., 2025). Teams of humans and Al have always achieved higher
quality, novelty and speed than their individual teams. Generative Al in innovation and
entrepreneurship reduces entry barriers by enhancing quick idea generation,
prototyping, business model optimization, and customer acquisition plans (Li, 2025;
Kusetogullari et al., 2025). These tools are particularly useful with less-experienced users
on clear tasks, but they also need domain knowledge and supervision to handle risks

such as bias or output constraints (Calvino et al., 2025).

There is a significant difference between the adoption of Al by firms and by industry. The
larger businesses are more likely to incorporate the technology further and are more
likely to scale, whereas the small and medium-sized businesses (SMEs) continue to
experience significant obstacles in terms of skills gaps, data access, and costs, along with
infrastructure, despite the possibility of significant productivity and competitiveness
improvements (OECD, 2025). These differences are recorded in recent studies and
suggest adopter taxonomies that distinguish novices (who use off-the-shelf tools to
perform peripheral tasks) and champions (who integrate the enterprise strategy) to
inform specific support policies (OECD, 2025). Information and communication

technology and professional services are sectors that are most adopted. This trend is
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reflected in the 2025 global survey conducted by McKinsey, which states that although
most organizations are still in piloting stages, those that have scaled to larger scales
(typically big companies) have a more defined effect on their revenue and profitability

(McKinsey, 2025).

2.3 Al Adoption in Startup

Al has a great benefit to startup because it allows them to be more innovative, scalable,
and resource-attracting. According to Kipwise (n.d.), Many early-stage companies are
adopting Al to automate routine tasks such as content generation, customer support,
and data analysis, thereby freeing up resources for strategic initiatives. For instance,
startup are leveraging Al-powered tools like Jasper for content creation and Intercom for
customer engagement, facilitating streamlined operations without the need for
extensive human resources. The presence of this massive adoption is demonstrated by
the fact that Al application is widely used in many business functions, with 78 percent of
businesses reporting Al integration in at least one of their business functions, compared
to 72 percent of businesses in early 2024 (McKinsey & Company, 2025). Studies indicate
that Al-based enterprises always attract more capital in the initial stage compared to
non-Al businesses, as it becomes clear that investors believe in the disruptive potential
of Al, and it could grow in the future (Gofman and lJin, 2024, p. 639). In addition to
funding, Al also provides business owners with potent instruments to process big data,
automate tasks, and enhance the work of startup in extremely competitive markets
(Darwish et al.,, 2020, pp. 42-43). Additionally, Al helps startup to provide more
personalized customer experiences, maximize the use of resources, and create new
business models that would lead to improved market performance and sustainability
(Darwish et al., 2020, pp. 42-43). When combined, these insights imply that Al is not only
a technological benefit but a strategic facilitator that places startup on the frontline of
economic and entrepreneurial change. The strategic use of Al is not restricted to
operations; it is also instrumental in business expansion and innovation. Startup are also
leveraging Al to understand their customers better, optimize their marketing efforts, and

reach more people with the help of data-driven decisions. For example, Vibe.co, an
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adtech startup, employs a generative Al creative studio (Vibe Studio) to produce video
ads, aiming to increase the proportion of Al-generated content on its platform from its

current level of more than 10% to over 30% by the end of 2026 (Vibe.co,2025).

2.3.1 Application Areas of Al

The use of artificial intelligence (Al) in startups extends across a variety of functional
areas as evidence of the growing role of data-driven technologies in entrepreneurial life.
Small-scale organizations have a high potential of implementing Al in all operational and
strategic functions, unlike large organizations that tend to implement Al in specific units
of the organization because of the lean structures and multi-skilled teams (Freeman and
Engel, 2007; Nguyen-Duc et al., 2021). In the literature, there are a number of identified
recurring areas of application. The figure presented below demonstrate the multiple

functional areas of Al in startups :

Application Areas of ALin

\

Marketing & Customer
Engagement

Product & Service
Development

Business Intelligence &
Decision Support

Operations Automation

l

l

Segmentation,
Personalization,
Recommendations, Chathots

Prototyping, Predictive
Modeling, AL-native
Products

l

|

Generative AL

|

Predictive Analytics,
Strategy

Task Automation &
Optimization

Content Creation, Idea
Generation

Figure 1 Al application areas across different functions in startups.

Marketing and customer engagement is one of the salient areas. Customer segmentation,
personalization, recommendation systems, and predictive targeting are widely done
using Al technologies (Kopalle et al., 2022; Ma and Sun, 2020). The Al-powered systems
in service-driven businesses improve the customer experience by automating

interaction, providing chat interfaces, and using data to personalize the experience
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(Huang and Rust, 2018). Startups can use these applications to compete with bigger

companies because they can provide custom experiences on a large scale.

Product and service development is also one area where Al is used especially in
technology-based enterprises. Machine learning applications can be used to prototype,
model the predictivity, and perform tests iteratively, allowing refinement faster and
experimenting (Kraus et al., 2020). Artificial intelligence can become the foundation of
the value proposition in Al-native startup, including decision-support systems, analytics
systems, or personalization platforms (Garbuio and Lin, 2019). This is because such
applications can help entrepreneurial firms to recognize the needs that are not met and

come up with solutions that are in tandem with the changing market needs.

The other important area of application is business intelligence and decision support. Al
systems analyze both structured and unstructured data to identify patterns that drive
the strategies, identify opportunities, and distribute resources (Mullainathan and Spiess,
2017; Dwivedi et al., 2021). Predictive analytics and data forecasting tools help startup
minimize information asymmetries and evidence-based decision-making in uncertain
environments. The further utilization of Al is in the automation of operations and
optimization of processes. Routine activities are simplified by automation tools, leading
to better coordination of the working process and the precision of operations (Enholm
et al., 2022; Dubey et al., 2020). These applications are especially applicable to resource-
constrained ventures, which can achieve increased operational complexity without

inappropriate proportional increases in labor input.

The new trends in generative Al have increased application in content creation,
documentation writing, generation of ideas, and management of knowledge. Big
language models and generative systems might complement the work of founders or
employees by assisting in solving cognitive problems, which in turn increases the internal
capacity (Donaldson et al., 2025; Dwivedi et al., 2021). All these tools are becoming part

and parcel in the daily operations of entrepreneurial companies.
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Overall It shows that the use of Al in startup is not restricted to one functional area only.
Rather, Al use cases are in marketing, product development, analytics, operations, as
well as strategy. This broad application highlights the increasing aspect of Al as an

enabling technology in entrepreneurial ecosystems.

2.3.2 Benefits of Al adoption in Startup

Literature suggests that Al adoption has the potential to create both operations and stra-
tegic value to startup, especially since newer businesses tend to have a limited resource
base to work with and the uncertainty levels tend to be high (Shane and Venkataraman,
2000; Freeman and Engel, 2007). Here, Al is often positioned as an enabler technology
that reinforces internal implementation and promotes growth-oriented processes with
the help of data-based intuition, automation, and learning (Dwivedi et al., 2021; Enholm

et al., 2022).

2.3.2.1 Operational and Strategic Benefits

An ongoing body of research emphasizes the ability of Al to optimize operational
performance by automating routine processes, enhancing the information processing
process, and providing support to make decisions based on data (Dubey et al., 2020;
Dwivedi et al., 2021). The aforementioned advantages are especially applicable to
startup since lean teams need to execute several functions at the same time, and time
savings and workflow optimization are core performance catalysts (Nguyen-Duc et al.,
2021). Automation and analytics with Al can also help to allocate resources more
efficiently and conduct operations more accurately by eliminating unnecessary work and
guaranteeing more systematic decision-making (Enholm et al., 2022). Experience also
indicates that the use of Al-related capabilities is linked to productivity and performance
growth, in part due to the fact that Al can grow output without a matching growth in

inputs (Babina et al., 2024).
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The operational value can also be observed in the customer-facing situations where Al
systems facilitate personalization, responsiveness and service automation. The
marketing and service management literature has revealed that intelligent systems and
data-driven personalization can enable Al to increase the quality of customer interaction
and service delivery (Huang and Rust, 2018; Kopalle et al., 2022). Together, these studies
suggest that Al is associated with operational discipline and execution capacity that is

essential in startup that aim to scale without incurring unwarranted lean processes.

2.3.2.2 Innovation and Growth Benefits

In addition to efficiency, the literature is becoming more of an Al as an innovation and
growth enabler. Al can enhance opportunity identification by discovering customer
needs and competition tendencies trends using massive data analysis, therefore, aiding
in quicker creation of products, services, and business models (Garbuio and Lin, 2019).
This is especially significant in the case of entrepreneurship where startup frequently
fight in terms of new solutions and quick iteration. Babina et al. (2024) maintain that Al
may support innovation by increasing the ability of firms to discover, experiment, and
implement new ideas, which will help to sustain learning through the cumulative process

that leads to further growth.

Recent studies indicate that generative Al has the potential to enhance performance in
terms of innovation in startup in case it becomes embedded in work routines and pro-
vided with complementary practices instead of being used as an independent tool (Don-
aldson et al., 2025). Generally speaking, Al may facilitate scalability, as it makes it possi-
ble to automatize complicated procedures and efficiently handle a large amount of data,
which helps startup to grow operations without its margins rising too high (Brynjolfsson
and McAfee, 2017). Practically, Al-based systems are capable of growth as individualized
offerings at scale and enhanced product-market fit via predictive analytics (Chui et al.,
2018; Kopalle et al., 2022). On the whole, the literature presents Al as the means of

operational efficiency as well as the fact that it assists operational growth, learning, and
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innovation within startup that can be scaled (Garbuio and Lin, 2019; Babina et al., 2024;

Enholm et al., 2022).

2.3.3 Challenges and Barriers to Al Adoption

Although the opportunities of artificial intelligence are high, there are numerous
challenges, which are interconnected and make the effective use and implementation of
this method rather challenging among startup. Limited financial capacity has been
mentioned as one of the most commonly cited challenges. Installing Al may involve
spending on software subscriptions, infrastructure, data management, and qualified
staff that may exert substantial strain on the already limited budgets of startup
companies (Davenport and Ronanki, 2018). Although simple Al applications have
become less expensive, the more sophisticated or specialized ones can remain expensive,

especially when a subscription fee is charged monthly.

Besides financial limitation, startup usually have problems with the lack of access to
quality data. To operate effectively, Al systems need large, structured, and reliable
datasets, yet most of the startup do not have historical data, do not practice standardized
data collection, or do not have enough of it to utilize Al capabilities to the maximum
(Chui et al., 2018; Ellefsen et al., 2019). Consequently, Al applications can generate
inaccurate or inconsistent results, which can decrease the confidence in such

technologies and prevent their inclusion in the decision-making process.

The other major obstacle is skill gaps and limitations of human capital. The successful
use of Al tools, even though they are becoming less complex, requires technical and
analytical skills to be configured, interpreted, and integrated successfully. New small
startup often do not have internal Al professionals and have to compete with large
corporations in the attraction of qualified staff (Brynjolfsson and McAfee, 2017). As a
result, founders use off-the-shelf solutions or external consultancies, thereby possibly
limiting customization, strategic learning, and the creation of long-term Al capabilities

(Donaldson et al., 2025; Lin & Maruping, 2025).
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Absorptive capacity and organizational learning also determine the success of Al
adoption in startup. Although generally light and lean, startup can become fast-mover-
doers with no formal review and assessment, which can lead to perfunctory or
haphazard application of Al tools. The fact that there are no clear procedures to interpret
Al outputs and operationalize it into the workflow may affect how firms can turn Al-
generated insights into actionable knowledge (Crossan et al., 1999; Sekliuckiene and
Baltrunaite, 2020). This difficulty is especially visible when founders or employees are
not confident about Al systems or do not even have a complete understanding of the

way outputs are generated.

Ethical and regulatory issues are also a significant problem particularly to startup in
customer-facing or data intensive sectors. Startup may also face reputational and legal
threats in relation to the problem of data privacy, algorithm bias, and non-transparency
(Floridi et al., 2018; Mittelstadt et al., 2016). In comparison with big organizations,
startup are frequently poorly governed to handle these risks in a proper way, and
therefore, it is specifically challenging to adhere to various regulations, including the
General Data Protection Regulation (GDPR). These issues can make the founders pursue
a conservative or trial-based approach to implementing Al, instead of integrating it on a

wholesale basis.

Lastly, structural impediments to Al adoption are scalability and long-term alignment.
The Al applications that work well in the small scale might be expensive, intricate, or
ineffective with the startup and subsequent growth and expansion of operations
(Davenport and Ronanki, 2018). Premature technological decisions can lead to vendor
lock-in or lack of alignment with strategic requirements in the future, making it harder
to be flexible and harder to switch. Startup are thus caught in the dilemma of whether
to focus on efficiency in the short run or sustainability in the long run, so that the
implementation of Al facilitates and not limits future development and innovation

(Babina et al., 2024).
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2.4 Theoretical Framework

The theoretical framework used in this study is the Technology Acceptance Model (TAM).
TAM which was initially introduced by Davis (1989) describes the adoption of technology
in terms of two key constructs which are perceived usefulness (PU) and perceived ease
of use (PEOU). Perceived usefulness is a measure of how much people feel that the
application of a certain technology improves performance at the job and perceived ease
of use is a measure of how much individuals feel that the technology is easy to use (Davis,
1989). Such perceptions define the attitude towards technology and shape the process
of adoption. The validity of TAM can be supported by its subsequent validation and
extensive research which validates the strength of the TAM in both organizational and

technological settings (Venkatesh and Davis, 2000).

TAM application is especially applicable when introducing artificial intelligence (Al) in
startup. Early stage ventures are undertaken in the environment of uncertainty, scarcity
of resources, and expedited decision processes. Technologies in such settings are
normally adapted when they prove to have a definite performance-enhancing nature. It
is indicated by the studies in the high-quality management and marketing journals that
the Al capability has the potential to enhance the process of decision-making, increase
the level of operational performance, and lead to new innovations (Huang and Rust,
2018; Kopalle et al., 2022; Babina et al., 2024). These results can be directly connected
with the perceived usefulness dimension of TAM since the gains in performance and

value creation are the key factors in driving adoption.

Meanwhile, Al value can be realized only based on the feasibility of implementation. The
adoption might be limited by the learning effort, complexity of integration, reliability
issues and organizational preparedness even when performance potential is high. In
studies of technology adoption, it has been noted that perceived effort and system

usability have a strong impact on continued use (Davis, 1989; Venkatesh and Davis, 2000).



27

In Al situations, the performance impact of Al capability can be mediated by
implementation complexity and data related limitation (Enholm et al., 2022). These

variables are related to the perceived ease of use construct of TAM.

TAM is not expanded in other theories in this study. Rather, the two constructs that are
the foundation of the research are perceived usefulness and perceived ease of use,
which act as the analytical perspective of the empirical research. Perceived usefulness
organizes the analysis of the areas of application of Al and perceived benefits are
experienced in startup, whereas perceived ease of use organizes the analysis of
challenges and barriers affecting the adoption and further use of Al. In this context of
the study the use of Al is not limited to expands productivity and help in business
operations but also by how accessible and adjustable these tools are for founders in
accordance with the expertise they have. Hence, TAM offers an appropriate theoretical
framework to evaluate how startup founders evaluate, accept, and use Al technologies
as well as to explore the advantages and challenges in their entrepreneurial settings.
This theoretical foundation offers a consistent and theory-based point of view of

explaining the empirical results.

TAM Construct Role of Al in business Benefits(Perceived Challenges and
Usefulness) Barriers(Perceived Ease
of Use)

Lack of trust: Resistance
to Al Adoption due to

Perceived Usefulness Scaling the Business:

Helps to grow company's

Strategic Service Tool: Al
as the service

delivery/marketing tool of | output without needingto | complexities and

augmented planning g | hire a large number of | hallucinated

(Huang & Rust, 2018) new employees | results(Dwivedi et al,
(Brynjolfsson et al., 2021). | 2021

Legal/Ethical Risks:
Difficulties with  data
privacy rules (like GDPR)

Competitive Parity:
Allowing small companies
to be able to compete

Opportunity Recognition:
Predictive analytics of
determining market

needs that have been
unmet((Garbuio & Lin,
2019)

with large companies by
automating processes

and Ethical Responsibility
(Floridi et al., 2018)

Perceived Ease of Use

Agile  Implementation:
Using ready-made "off-
the-shelf" Al software and
modular APIs to keep the
technical setup simple
and lean(Nguyen-Duc et
al., 2021)

Accessibility:  Lowering
the  technical entry
barriers for non-technical
founders through
generative interfaces
(Mullainathan & Spiess,
2017)

Human Capital Scarcity:
Struggke to attract Al
talent against large firm
competition(Babina et al.,
2024)
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Iterative Testing: Rapid
"Build-Measure-Learn"
cycles enabled by Al-
driven feedback loops
(Kraus et al., 2020)

Cognitive
Offloading:Reducing
mental workload through
automation (Dubey et al.,
2020)

Data Scarcity: cold start
problem due to lack of
historical data volume
needed for robust Al
training (Chui et al., 2018)

Table 1 Theoretical Framework based on Technology Acceptance Model(TAM)
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3 Methodology

This section outlines the research design and methodology to analyze the utilization of
the artificial intelligence (Al) by startup in their business operations. With startup making
greater use of digital technologies to grow faster and enhance decision-making, Al has
become a significant part of the current business development practices (Dwivedi et al.,
2021). Since, startup are resource-constrained and their priorities are constantly chang-
ing, to study how the founders perceive and apply Al tools, it is essential to take an ap-

proach that could capture their real-world experiences.

3.1 Research Approach

This study was chosen to take a qualitative research design and examines the ways in
which startup are using artificial intelligence (Al) in their operations and how entrepre-
neurs perceive the value and the challenges of these technologies. The qualitative re-
search is especially appropriate in exploring new phenomena and knowing the experi-
ences and perceptions of people in the real world (Creswell, 2007). As the practice of Al
within the startup is a fast-changing field, and there is not much empirical research avail-
able to explore the phenomenon of how entrepreneurs practically incorporate Al tools
into their activities in detail, an exploratory qualitative design enables gaining more
knowledge about the experience of startup founders and managers and their views on
the implementation of Al tools in their daily work. Even in the context of startup, where
decisions are based on gut feeling, constraint and practical experimentation, qualitative

inquiry can be more insightful than quantitative ones.

The analysis is aimed at knowing the application of Al tools in practice, but not quantify-
ing the level of adoption of Al. Through the lens of opinions of entrepreneurs who ac-
tively implement Al technologies in their business practices, the study will attempt to
find subtle information about the role of Al in startup operations, their perceived ad-

vantages and difficulties. The qualitative research approaches best fit such exploratory
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studies wherein a researcher can explore phenomena that are intricate within an organ-

ization and learn in-depth stories about participants (Eriksson and Kovalainen, 2008).

Semi-structured interviews were the main method of data collection in order to obtain
precise and significant information. Semi-structured interviews bring an equal level of
both a predetermined list of guiding questions and the freedom of the interviewees to
share their experiences in detail (Kallio et al., 2016). The approach will be especially use-
fulin analyzing the adoption of Al since the founders can discuss their motives, perceived
advantages, challenges, and practical experiences with Al tools freely. The open-ended
guestions type is useful in revealing the data that might have been missed during surveys

or a highly structured interview.

Semi-structured interviews will allow studying the way of how founders choose Al tools,
their applications priorities and the role of Al in their business activity. The approach also
assists in determining issues like financial limitations, technical analysis or integration.
These observations derive emphasis on the human and strategic aspects of using Al,
which gives a comprehensive interpretation of what quantitative data alone could obtain.
By applying this qualitative research method, the proposed study is expected to produce
a detailed insight into the role of Al in facilitating business in startup. The methodology
makes sure that the practical application of Al tools and decision making processes that
underlie its adoption are both examined in detail, which will help to enhance the

knowledge about the Al-driven practices in early-stage companies.

3.2 Research Sample

This research includes the interview of five startup founders whose companies are at the
early stage and who have experience of using or considering Al tools in their operations.
These respondents were selected due to the fact that they are directly involved in deci-
sion-making on the adoption of Al and their knowledge of how the latter assists in activ-
ities like customer acquisition, market research, automation of workflow, operational ef-

ficiency, and strategic planning. This qualitative research has used a sample size of five
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because small and focused samples enable the in-depth exploration of complex experi-

ences (Guest et al., 2006).

The study uses purposive sampling, where the participants are those with first hand ex-
perience in the implementation of Al. The research involved four founders and one co-
founder who had startups. To ensure privacy and preserve anonymity of the organiza-
tions, the firms are anonymously membered as Startup A, Startup B, Startup C, Startup
D, and Startup E. The startup are working in varying industries: Startup A is involved in
conversational solutions based on Al functionality. Startup B is engaged in digital mar-
keting agency. Startup C deals with digital platform that is focused on connecting users
with on-demand local services for easy delivery. Startup D deals with technology con-
sulting and software programming and Startup E deals with software development, data
solutions, and digital business consulting. Even though the companies work in various
industries, all of them rely on Al as a part of their business development, which offers a
valuable area to explore the cross-cases. The size of the group five included related to
the norms of qualitative research, which provides the opportunity to describe and con-
struct relevant information thoroughly and to make the theme saturated. The nature of

startup that have been interviewed are presented below.

Startup Name(Anonymous) Industry Sector Description

Startup A Conversational Al Tech It helps in developing Al-pow-
ered chatbots and conversa-
tional solutions for clients to en-
hance customer engagement
and automate interactions in
their websites or social media
page.

Startup B Digital Marketing Agency It provides marketing services
using analytics, social media
campaigns, and automation to
optimize client outreach.
Startup C Digital Delivery Platform It offers a peer-to-peer digital
delivery platform connecting
senders with travelers for
affordable parcel transport.
Startup D Tech Consultation and software | It offers digital design, web and
development app development, and digital
marketing services customized
to client needs.
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Startup E B2B Digital Solutions It Provides data-driven digital
services for Business.

Table 2 Nature of Startup

3.2 Data Collection

The main data of this research were gathered using semi-structured interviews with the
representatives of startup. Semi-structured interviews are very common in qualitative
research owing to the fact that they enable the researcher to provide specific discussion
on a particular topic, and the participants also have discretion to narrate their experi-
ences and perceptions in details (Kallio et al., 2016). The method was especially appro-
priate in the current research, as it allowed the researcher to learn more about how

startup use artificial intelligence tools in their operations.

Five interviews with the founders of five startup were held in total. The interviews were
aimed at comprehending the ways the firms apply Al technologies in their business pro-
cesses, what benefits they believe Al technologies have, and what are the obstacles to
their implementation. To ensure that the same issues were discussed in all the inter-
views, an interview guide was drawn which included some similar subjects, but still gave

the interviewer room to discuss issues they felt to be important.

The interviews have been undertaken in various modes of communication based on the
availability and choice of the interviewees. Three interviews were done using Microsoft
Teams, and two interviews were done using a telephone. Remote interviewing allowed
the researcher to seek the responses of participants who were in new destinations and

also offered an advantage in terms of time scheduling the interview.

The four interviews were recorded at the consent of the participants and transcribed to
analyze them. One interview was not recorded because of technical constraints; hence,
in-depth written notes were made throughout and immediately after the interview to

record the main responses and insights given by the respondent. These notes were
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subsequently compiled and included in the analysis of data along with the transcripts of
the interviews. The interviews were carried out over November-December 2025 and

each session took around 30-60 minutes.

One of the interviews was done in Nepali since the participant preferred to have the
interview in this language. This was followed by the translation of the interview to Eng-

lish during the transcription so that there can be consistency in the analysis of data.

3.3 Data Analysis

The primary role of data analysis in this study was to systematically examine the col-
lected interviews and identify patterns that explain how startup utilize Al tools in their
business operations (Creswell, 2007). The thematic analysis was applied to the interview
data in accordance with the offered strategy by Braun and Clarke (2006). Thematic anal-
ysis is a popular technique in the analysis of qualitative data that entails the identifica-
tion, analysis, and reporting of patterns or themes in qualitative data. The reason why
this method was selected is that it enables the researcher to organize and interpret in-
terview data systematically and at the same time be flexible in determining any mean-

ingful patterns.

The data analysis had a number of steps that uses thematic analysis approach. First, re-
cordings of the interviews were transcribed and reviewed so as to be familiar with the
data. Second, the transcripts and the interview notes were read with care in order to
extract meaningful sections in the research questions. Third, the initial codes were ex-
tracted direcly from the interview transcripts that captures meaningful patterns across
the participants. Then after these codes were grouped into different categories based
on conceptual similarities which were later on developed into the findings theme. A de-
tailed illustration of the coding process including interview extracts, initial code, category
and findings theme is demonstrated in Appendix 3. In this way, some of the main themes

were identified that demonstrate the way startup apply artificial intelligence in their
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business processes. The findings in Chapter 4 are based on these themes. The primary
themes that are identified are attitudes towards Al adoption, the areas of usage of Al,
the perceived benefits, challenges, and barriers towards Al adoption. Direct quotes from
participants were incorporated into the findings to support and validate the identified
themes, providing evidence grounded in the interview data. Although the dataset is lim-
ited to five startup founders, the analysis offers rich, context-specific insights into how

Al tools are perceived and applied in early-stage companies.

3.4 The assessment of the quality of the data

he data collected in this research is significant to the quality of the final results, which
will enable the study to make significant and valid conclusions about the role of Al tools
in the business operations of startup. In qualitative case study research, rigor is often
evaluated by such criteria as construct validity, internal validity, external validity, and
reliability (Gibbert et al., 2008; Yin, 2009). The research design, the collection process of
data and analysis process have taken into consideration these criteria to enhance the

overall credibility of the study.

Reliability is the invariance and transparency of the research, that is, the degree to which
this research process could be repeated after another researcher in the same conditions
and obtain the same findings (Yin, 2009). The reliability threats of the interview based
research can be subject on the participant bias, social desirability bias and variation in
the manner of conducting the interviews. All participants were introduced to the study
randomly in an attempt to minimize such risks, and all of them were interviewed in the
most general manner using a shared semi-structured interview guide. This was what
made sure that the main themes were addressed in all five cases and at the same time
gave some room to the participants to expound on their experiences. Four interviews
were recorded, transcribed and one interview was written in detailed written notes since
it was not recorded. Besides this, one of the interviews was in Nepali which was

subsequently translated into English during the process of transcription so as to have
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uniformity in analysis. These measures enhanced transparency and consistency of the

data collection process.

Validity deals with whether the research can be able to measure the phenomenon it is
aiming to determine (Edmondson and McManus, 2007). Construct validity was
reinforced by having a clear chain of evidence in between the research questions,
interview guide, data collected and final themes. The interview questions were
structured to cover the main emphasis of the investigation that is the usage of Al tools
by startup in their business activities, the perceived benefits, problems/ obstacles they
face. By so doing, the interview guide was quite consistent with the theoretical basis of
the study, which relies on the Technology Acceptance Model (TAM), specifically the
notions of perceived usefulness and perceived ease of use. This was useful in making

sure that the data obtained was pertinent to the phenomenon under investigation.

Internal validity is concerned with the credibility of the interpretations of the data
(Eisenhardt, 1989). The internal validity in this work was strengthened by using a
systematic analysis of the interview material based on the thematic analysis and in
comparing the trends of the five startup. The multiple cases were also useful in enabling
recurring themes to be detected in the various organizational situations and this
enhanced the validity of the results. The findings chapter also relied on direct quotes of
participants to help identify the themes and illustrate the relationship between the

empirical content and the interpretations done.

In qualitative case study research external validity is addressed by use of analytical
generalization as opposed to statistical generalization (Gibbert et al., 2008; Yin, 2009).
This study is not aimed at generalizing the findings based on statistics and apply them to
all startup, but focus on providing context-specific findings that can be applicable to
other early-stage companies with similar circumstances surrounding Al adoption.

Through the description of the startup, participants, and research process, the study
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allows the readers to evaluate the possibility of the findings to be applicable to other

similar situations of startup.
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4 Findings

The findings section of the research provides four intertwined perspectives on the
research question that were brought up by all five interviews. The structure corresponds
to the overall purpose of the study as it is to learn how startups are using artificial
intelligence tools to conduct their business. The initial section of the section discusses
the adoption and attitudes toward Al, explaining the levels to which startups have
already implemented Al into their operations and the perceptions held by founders,
managers and staff about how Al has been integrated into their organizations. The
second section looks into the uses of Al with the focus on identifying the business
functions where Al tools are being used today, including marketing, customer service,

operations, and decision-making.

The third section of the results is dedicated to the perceived advantages of Al, where the
main aspects, which have been improved by interviewees, are the efficiency, productivity,
the quality of decisions, and the general development of the business. Lastly, the fourth
section is about the challenges and future plans on the Al implementation based on the
barriers that include the cost, expertise, integration, and how the Al is expected to

expand in the startups that are participating.

The combination of these four aspects provides a detailed and integrated perspective on
the current and possible role of Al in the work of startups. Even though the respondents
were representatives of various business fields and experienced by different degrees,
their visions allowed compiling a solid basis to understand how Al is transforming the

early business development.

4.1 Al Adoption and Attitudes

The results show that artificial intelligence adoption in the startup under analysis was
not a strategic choice to be implemented later in the company and, instead, was a

component of its initial stage. Since its inception, Al tools have been integrated into the
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major business operations, especially those that involve software development
processes, ideation, and initial planning processes. It implies that Al was not seen as a
discretionary addition but rather as a necessity within the framework of operations that
helped the startup to grow in the first stages and organize itself. The interviewees
stressed that the main benefits of Al were seen in the fact that it was an efficiency-saving
tool that allowed doing things quicker and spending less time on monotonically or
cognitively challenging tasks. In this respect, Al served as a productivity lever, as it
enabled the startup to maximize finite human and time resources, which is an extremely
important factor to take into account in the initial phases of the venture development.
Instead of overturning human judgment, Al was applied to its enhancement, boosting
work flows, assisting in the preparation of decisions, and enhancing the speed of work

in general.

In all the interviews, the respondents always gave the answer that they were using some
form of artificial intelligence in their present business. Although the level of the Al
application differed among startup, and the level of sophistication of the artificial
intelligence application was also applied differently, there was a general trend in the way
Al was applied to organizational processes. The implementation of Al systems was more
often as helping and enabling technologies and not as fully independent decision-
making systems. This shows a conservative and realistic view towards the use of Al where
human control is at the heart and Al is a complement and not a replacement of

managerial and operational experience.

“We’ve been using it since from the beginning... so we don’t have to start from a blank

screen basically.” (Startup D)

“What we were taking days to do, we were able to do the same amount of work in so
less time......with Al tools | always feel like | have a extra member in a team. Apart from

my human team Al tools help me handle many tasks.” (Startup B)
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The interviewees cited multiple inter-linked reasons why they initiated the introduction
of Al tools in their startup. Instead of having a single driving force, expectations regarding
the future of the business operation as well as the growing market competition drove Al
adoption. The perception of Al was that it was a new technological power with a high
potential in the future, and thus startup were eager to experiment with it, pilot it, and

test it out at an early stage.

Some of the interviewees also cited that their driving force was associated with an
evolutionary inclination to technology. In their case, the interaction with Al was
perceived by these respondents as the possibility to experiment with new tools and
analyze their applicability and become familiar with technological advances that were
anticipated to gain greater significance. A particular interviewee pointed out that they
did not go to Al because it was their performance that they found themselves under
pressure to perform immediately, but because they understood that there was a greater

technological transformation and that they wanted to stay relevant in the long term.

“I started using these tools mostly to try them out. Technology is clearly moving fast,
every day there is something new and Al is going to be something big in the future, so |

wanted to understand early.” (Startup A)

I’'ve been into Al even before the hype. | have been interested in Al even before it became
a big trend, and I didn’t want to miss another technological boom like | did with Bitcoin.
So | wanted to explore Al early. When | started the company, Al tools had just become
accessible to everyone. It felt natural to explore how they could support the business. It’s
similar to when Bitcoin was very popular | didn’t believe in it back then, and | missed out.

Now Al is following the same pattern. (Startup B)

On the contrary, one of the interviewees described that competitive pressure
contributed significantly to their decision to use the Al tools. In the view of this

interviewee, Al has been seen to be especially applicable in industries in which
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dynamism and saturation are high, and firms constantly struggle to achieve efficiency,
speed, and differentiation. In this kind of surrounding, the interviewee believed
managing Al, at least as the integration of the available tools into the current processes,

had become more and more a challenging task to escape.

The interviewee also reasoned that turning down the implementation of Al would
possibly put a startup in a disadvantaged situation compared to other companies that
were already utilizing similar technology. This belief was not always associated with
immediate performance improvement but just a fear of missing out(FOMO) behind the
current technological changes in the market as opposed to risking losing track with the

new trends in the industry.

‘So yes anyways....Nowadays competition is very high. And those who don’t try out Al
tools might left behind”, employees who don’t use Al are likely to get left behind. That’s

just how the tech work right now.. (Startup B)

In general, the responses indicate that the use of artificial intelligence in startup is no
longer perceived as a future event but more of a reality and a practice going on. Within
the startup in question, the concept of Al seems to be viewed as a part of the daily
business routine, which can be deemed as a quite optimistic approach to the use of Al.
The interviewee has detailed Al as more of a helping and empowering tool that will assist
the employees in their work as opposed to replacing human ability or knowledge.
Meanwhile, the interviewee pointed out that Al utilization should be done with great
care by humans. A special focus was on the necessity of balancing the outputs of Al
generated with human judgment, learning, and verification. The interviewee added that
outputs of Al are not taken as is because they are reviewed, analyzed, and honed by
human participants, which underscores the persistence of human decision-making. This
commentary shows that the concept of Al as an additive tool is based on a realization

that its usefulness is limited to proper use and continuous human supervision.
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4.2 Application Areas of Business

Among the startup that the interviewed mentioned one of the most common
applications of Al as marketing and content-related tasks. Various interviewees clarified
that with the help of Al solutions, it became easier and timely to support the
development of marketing materials, social media content, and customer

communications, coding and documentation.

The implementation of Al was even called a natural extension in certain situations and
not a strategic change. This was frequently associated with the career experience of the
interviewees, which seemed to affect the extent of the easily adopted Al tools into the
daily operations. As an example, one interviewee who had previously worked as a social
media manager and currently runs a digital marketing agency explained that Al is a
rational or logical development of the current digital workflows and practices. In this
light, Al was considered an extension of the current digitalization processes and not a

disruptive shift in the business process.

“| started as digital marketing at first. Then after worked as a social media manager,
Now | see Al as a natural extension of what we already do. It helps to generate idea and

refine the content very fast.” (Startup B)

As mentioned above, the other interviewee also indicated that marketing and content-
related operations were also some of the prevalent applications of Al in the startup.
According to the interviewee, tasks like creating content, developing campaigns, and
marketing communication were assisted with the help of Al tools. When explaining this
process, the interviewee described Al as deployed in a similar way to an employee, to

help generate ideas and first drafts instead of providing complete results.

Practically, artificial intelligence was first of all used in the initial phases of content
production, where it was used to provide rough editions which were later checked and

edited and polished by humans. Such a working mode is a manifestation of the
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perception of Al as a partner that improves productivity and innovation, and decision-

making, accuracy, and responsibility are still the responsibilities of human actors.

”l utilize Al as a team member a lot, especially for marketing purpose.....Sometimes when
I am not able to come up with anything and | am too busy with other things, | usually go
for Al and Just ask what should be my campaign. It gives a caption and ideas and then |

improvise it and post it.” (Startup C)

Along with the marketing and content-related processes, Al was used in more
professional business development documentation and sales-related planning activities.
Some of the interviewees described how the Al tools were employed to aid the
preparation of the official business documents especially when it comes to structuring
and organization of the business requirements. This form of application was more
frequently documented in technically oriented startup where documentation is a very

important aspect in leading development and aligning stakeholders.

Al, in such instances, was called particularly helpful in terms of helping with the creation
of Business Requirement Documents (BRDs). The interviewees revealed that Al assisted
in structure of requirements, logical organization, and assisted in the completeness of
documentation by pointing to the gaps or contradictions. Instead of substituting the role
of technical teams, Al was used as a supportive device contributing to clarity and
consistency, with ultimate validation and decision-making being under the authority of

human experts.

In business development, we use Al for BRD business requirement documents(Startup D)

Other than documentation-related work, Al was also used in business development

processes associated with sales, specifically in ideation and planning in customer

engagement and lead generation. Interviewees talked about applying Al to assist with
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thinking at the early stages of sales planning, which assists in organizing thoughts and

finding possible strategies to be applied, prior to actual execution.

One interviewee explained that the company planned to apply Al to facilitate
conversations within the firm, related to the creation of in-house lead generation tools.
This strategy was inspired by the fact that the current external solutions were expensive,
whereas the company had the capacity to come up with its own solutions. In that regard,
Al was regarded as a helpful tool to plan internal solutions and conceptualize them

instead of taking the role of sales or development functions.

We use Al to take ideas for marketing and sales-related activities, especially when we are

working on internal lead generation tools.(Startup D)

Similarly the other interviewee indicated that Al is applied in various areas of business
development, but the marketing, communication with customers, and analysis of data
are the most common. Marketing practices were outlined as the key field of
implementation, with close support of communication-related activities and functions
of analysis. Moreover, Al can be utilized in the process of strategic planning, helping to
interpret the data and identify patterns in it in scenarios when the process would be too
time-intensive to be performed manually. Another point that was emphasized by the
founder during the startup stage was the application of Al in content creation and the

initial design of the web site.

...S0 we use Al in several business development areas like in marketing and also with
customer communication as well as data analysis.
is also there. It also helps strategic planning by for us by interpreting data and identifying

patterns that will be difficult to detect manually or it's just too time consuming. So since
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I'm a bit old, | take Al to generate contents as well. In the start, Al also helped to design

the websites and similar other stuff (Startup E).

Another major application area was coding and technical development parts as well.
Some startup that have technologic centric expressed Al as a meaningful tool in building
platforms, writing codes and doing in tecnical work quickly. One interviewee has
mentioned that Al has been helpful from the very beginning of the company as it

reduced the need to work from a blank chapter.

”Yes....from the very very beginning we have been using Al when it comes to coding and
understanding how coding work has been like..............
We had a lot of help from Al basically, so we don't have to start from a scratch. We usually
have some certain idea how this entire structure of the code will look like... And then we
get a basic version from the Al and do some changes in it......like we give it to the Al and
then we have a certain new idea instantly.
It’s like how how fast we can do these certain work rather than doing it from scratch of

testing, failing and trying again.”(Startup D)

Similarly another interviewee also emphasized coding as important Al function while

emphasizing the need for human knowledge as well.

“I will give four out of five for coding because you have to understand what you are doing.

Sometimes Al also give wrong coding then you have to fix it yourself.” (Startup A)

In contrast. The use of Al tools in other fields like financial analysis and higher-order data
analytics were cited as minimal especially because of the infancy of startup. The
interviewees described the fact that, being rather young companies, they lacked enough
amounts of data and internal capabilities to use Al in those areas in any meaningful way.
Subsequently, the process of Al implementation in financial and analytical operations

was not prioritized at this point.
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Financial sensitivity related tasks were thus normally managed by core team members
or at some point assisted by external mentors or advisors as opposed to being delegated
to Al tools. The given approach corresponds to the current level of development of the
startup, as primary frameworks, credibility, and experience are yet to be developed

before more complex Al applications can be explored.

For the finance part we were not totally comfortable utilizing Al because none of us is

very pro at it. And we don’t want to make mistakes.(startup C)

Overall, the results indicate that the Al was mostly applied in the business development
processes where the results could be reviewed, modified, and verified by humans easily.
On the contrary, regions seen as more important or more complicated were handled
with much caution, and decision-making was mostly human-centred. This trend
indicates selective application of Al, in which its implementation was preferable in areas

that could be easily controlled by humans and amended repeatedly.

4.3 Perceived Benefits

In the majority of the interviewed startup, Al usage was linked to various perceived
benefits associated with efficiency, cognitive support, and business continuity in the
business development activity. As the interviewees explained, these advantages were
predominantly qualitative and focused on the ways Al made the daily work process
easier and addressed the limitations caused by the lack of time and resources. Al was
often represented as the useful support tool that helped startup to continue with their

operations despite the structural and capacity-related constraints.

The enhancement of efficiency in the management of routine and time-consuming tasks
was one of the most common benefits perceived. According to the interviewees, Al can
be characterized as a workload mitigation tool and productivity sustaining, especially

when there is an increased amount of operational pressure. This advantage was
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particularly applicable to the early-stage ventures, in which the timely constraints were

considered an essential issue and human resources tend to be scarce.

“When my brain is not working at all to create any content, | just go for Al and ask it to

give me some suggestions.” (Startup C)

“The biggest benefit is that it has immensely saved our time. We don’t need to waste our

time in small things.”(Startup E)

Other than efficiency-related advantages, interviewees also mentioned the value of Al
in terms of cognitive support and idea development. The Als were said to provide
alternative perspectives and methodical contributions that allowed the founders to think
it through, investigate opportunities, and ponder over alternative strategies. This kind of
support was especially appreciated in the cases when reflection, creativity, or problem
framing, instead of its implementation, was needed. The interviewees observed that this
cognitive help proved particularly beneficial to founders who were still in the learning
and formalization of their daily process of decision-making. In this respect, Al was used
as an additional thinking tool that facilitated the process of learning and sense-making,

but ultimate interpretations and choices were closely tied to human judgment.

It gave us a very interesting perspective that we weren’t thinking of.”

(Startup C)

“Sometimes it gives me an idea or a suggestion and | think, ‘Damn, why didn’t | think of

that earlier?(Startup E)

Another aspect that Al was found to be helpful with was minimizing the chances of
incomplete or poorly-structured outputs, which it provides a second point of reference
or an initial perspective. According to the interviewees, Al-assisted feedback allowed

them to recognize inconsistency, gaps, or sections that needed to be clarified more,
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particularly when drafting or planning their work. This, in a manner, helped Al to
enhance the overall quality and coherency of outputs without supplanting the human

input.

Simultaneously, interviewees stressed that any quality improvement implemented with
the help of Al was implemented in collaboration with human judgment but not in the
autonomous mode. The reasons possible were that Al-generated proposals were
reviewed, interpreted, and validated by founders or team members, which created the

impression that Al was an assistant and not a decision-maker on its own.

Al gives me a base idea so | don’t have to start from a blank screen.(Startup D)

One of the interviewee also mentioned about Al being useful to do boring and repetitive
tasks more efficiently than humans while dealing with large volume of information and

communication task.

"Al Does boring tasks like emailing hundreds of clients better than we humans as it
collects information about individual customers helping us to send customized marketing

materials and emails.” (Startup B)

4.4 Challenges and Barriers to Al Adoption

One of the biggest challenges that were found during the interviews is associated with
the credibility of Al-generated outputs and their stability. Even though Al was frequently
referred to as the technology that will be able to give valuable initial responses or first
drafts, interviewees emphasized that such results should not be trusted unconditionally.

Consequently, Al-created content could hardly be taken at face value.

According to the interviewees, the application of Al often demanded extra work as fact-
checking, refinement, and contextual adjustment. This requirement of continuous

human attention was identified as a hindrance since it may counteract part of the
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efficiency benefits that may be equivalent to the use of Al in the first place. The need to
have close human supervision restricted the autonomy use of Al in situations where

accuracy and contextual correctness was crucial.

It’s not always accurate.....the verification has to be done.(Startup D)

The interviewees have noted that Al tools have a tendency to generate generic or
insufficiently customized results unless tailored to the details of the startup. To produce
outputs that are genuinely relevant, Al was reportedly demanding repeated prompting
and sustained context input based on the business model of the firm, its industry nature

as well as its business setting.

As observed by interviewees, this task of making Al specific to the organization was not
only time-intensive but also extremely situational. It took continuous effort in making
the proper inputs, fine tuning prompts, and changing the use as the startup would
change over time. Consequently, preliminary installation and ongoing optimization of Al
solutions were perceived as an obstacle, especially to small companies with a shortage

of time and resources.

At first it was very hard to tell it who we are and what we want... we had to iterate again

and again....otherwise the responses are too generic. (Startup C)

In addition to the technical and quality-related limitations, cost factors were also
presented as a significant challenge, especially to startup with a small financial base and
a low initial stage of operations. Most of the Al tools were referred to as cost-effective in
general in comparison to the worth they deliver, but more advanced and specialized
solutions may turn out to be costly in the long-term according to interviewees.
Specifically, the recurring subscription fees were also noted as an area of concern
because such costs have a tendency to build up as the usage increases or because of

using several tools at a time. In the case of early-stage startup, these recurring costs were
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perceived as a factor that can act as a barrier to the broader or more advanced adoption

of Al, even though there is general awareness of the potential benefits of Al.

My startup is small and so is my team so sometimes | also feel like Al tools are a bit

expensive to use....| mean it’s a lot to pay that much of amount every month. (Startup A)

Besides, some of the interviewees highlighted that human reliance and supervision were
still necessary as a structural constraint of Al use. Although the capabilities of Al were
universally accepted, the responsibility for actions and results has always been the
emphasis of the interviewees that should be left to human players. Al was not seen as a
separate entity, but rather a tool, the results of which need to be monitored and

confirmed.

This constant need to monitor human beings was defined as a constraint to the degree
to which Al could be trusted to act independently. Consequently, there was a limited
trust to the Al especially where accountability, judgment or possible risk are concerned.
The need to preserve human control was then perceived as one of the essential limits to

further Al engagement in the work of startup.

We cannot trust Al Blindly...... It is risky...in the end it is you who makes the
decisions.Never put Al in a position where it supervises you. Al is a tool, not a master.
Subconsciously, some might feel like slaves to Al, but it’s still just a machine—it predicts

and processes based on algorithms. (Startup B)

Some interviewee has stated that Al should not be place to make decision as it cannot

be fully reliable. And human judgement act a superior in terms of decision- making.

...Yeah, definitely. | mean, Al is good, but you cannot be fully reliable on that. There are
tasks which require human judgment, for example, financing money related tasks and

there are ethical responsibilities in  maintaining a team  culture.
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And | believe that Al should not replace human decision making. It should support it, but
it should not replace it. And so | don't rely on Al for making decisions that much as

well.(Startup E)

One of the interviewee also highlighted on the originality and creativity of the work as
Al relies heavily the eisting data and sometimes it can produceoutputs that are biased
or lack novelty making the human supervisionvery important to ensure results make

align with the desired goal.

“Another is originality. Al is trained on existing data, which can make it biased toward
that data. That’s why human creativity needs to come in. You have to intentionally guide
Al...it might otherwise produce outputs in a direction you don’t want. Not everyone is
intentional, but for my kind of business, | have to infuse colors, loops, shapes, and
creative ideas. Otherwise, Al just does its thing. It’s hard, and you need to be very

intentional.”(Startup B)

4.5 Summary of the key findings and the revised framework

This section is a summary of the primary findings of the study and presents the amended
framework according to the findings of the empirical evidence. This purpose of this sec-
tion is to point out the most important patterns obtained due to the interviews and link

them to the framework introduced in the previous part of the research.

The findings on the whole show that artificial intelligence tools are slowly getting inte-
grated into the daily operations of startup. According to the data gathered in the course
of the interview with the entrepreneurs, Al is primarily utilized to facilitate the processes,
but not to be seen as a fundamental element of their business models. Specifically, Al
tools were applied in the idea generation process, content creation, documentation, and
information search. Such tools assist business owners to accomplish work much faster

and organise it in a better way.
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It also reveals that experimentation and curiosity are significant factors that lead to the
adoption of Al in startup. A number of entrepreneurs said that they started using Al tools
because of their interest in learning more about the evolving technologies and learning
how to utilize them in their companies. It implies that the use of Al in small startup is

often unofficial and experimental as opposed to a planned technological policy.

The other important discovery is the perceived advantages of Al application. In their at-
tempts to explain how Al technologies enhance productivity, the entrepreneurs high-
lighted that they assist them in coming up with ideas, preparing drafts, and getting in-
formation processed in a more efficient way. Besides time-saving, a number of partici-
pants also reported improvement in quality and clarity of work outputs with the help of

Al-assisted tools.

Although there are these advantages, the interviews have also found that there are a
number of challenges and limitations related to the use of Al. Entrepreneurs have
claimed that the products of Al-generated outputs may need careful evaluation and ver-
ification as it may be lack contextual knowledge. Similarly, the effective use of Al tools
and softwares needs proper learning to formulate the prompts generation to get the
results. Moreover, the price of some Al tools and the training process to be able to use
it efficiently was listed as the possible impediments, especially to small startup with lim-

ited funds.

Together the results indicate that the usefulness of Al tools in startup is based on two
factors first the degree to which the entrepreneurs think that they can use the tools to
make their work more efficient and the level of accessibility to these tools (i.e. how easily
the entrepreneur can fit them in his/her everyday life). These two dimensions are related
to the fundamental components of the Technology Acceptance Model (TAM), that is, the
perceived usefulness and perceived ease of use. According to the results of the con-
ducted empirical investigation, the framework is thus narrowed down to indicate the

particular mechanisms by which these variables influence the adoption of Al in startup.
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The table presented below summarizes the revised framework by linking the TAM con-
structed earlier with the empirical findings identified in this study.

TAM Construct

Role of Al in startup

Benefits
Usefulness)

(Perceived

Challenges and Barri-
ers (Perceived Ease of
Use)

Perceived Usefulness

Empowering Tools:
Mainly Used for Idea-
tion, Planning and over-
coming the blank
screen in document
writing and coding

Operational Support:
Applied in low-risk ar-
eas like research, mar-
keting concepts and
content generation

Task Efficiency: Huge
time savings on small
matters allowing
founders to focus on
high level strategy

Cognitive support:
Helps as thinking part-
ner to give alternative
perspective and crea-
tive ideas

Credibility/Originality
Gap: lack of stable out-
puts as results are often
hallucinated or too ge-
neric for specific busi-
ness needs. And some-
times biased.

Accountability  Risk:
Cannot trust Al blindly
that requires constant
human verification for
final decisions

Perceived Ease of Use

Competition and Curi-
osity: Adoption is
driven by competitive
pressure, trend and in-
dividual curiosity rather
than formal organiza-
tional strategy

Plug and Play Integra-
tion: High use of con-
versational agents
(ChatGPT/Gemini) be-
cause they require no
technical setup

Low Barrier to entry:
Ability to integrate so-
phisticated tech with-
out hiring expensive
data scientists or build-
ing infrastructure.

Workload Reduction:
Sustains  productivity
during large volume of
work without adding a
team members.

Financial challenge:
Heavy recurring cost of
subscription model
even though tools are
easily accessible

Supervision  Burden:
Need of constant Mon-
itoring and prompt en-
gineering makes tool
less easy

Table 3 Revised Theoretical Framework Based on Empirical Findings
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5 Discussions

5.1 Theoretical Implications

This paper is part of the research literature on the use of artificial intelligence in the
entrepreneurial context, as it will analyze how startup adopt Al technology in their daily
business processes using the Technology Acceptance Model (TAM). According to TAM,
the adoption of technology depends mainly on two important perceptions, including
perceived usefulness and perceived ease of use (Davis, 1989; Venkatesh and Davis, 2000).
The extensive application of TAM in the investigation of information systems and digital
technologies has been accompanied by a wider concentration on organized
organizational settings in which the adoption of technology is a comparably formal
procedure. In comparison, the current research examines the concept of Al adoption in
a startup setting, where decisions are more experimental, resources are limited, and
technologies are often implemented by curiosity as opposed to official analysis. The
research in this way adds to the existing literature as it shows the ways that TAM
constructs can be applied in an entrepreneurial scenario that is typified by uncertainty,

fast experimentation, and changing technological environments.

One of the initial contributions is related to the position of perceived usefulness in the
adoption of Al tools in startup companies. In previous studies, it has always been
stressed that organizations implement artificial intelligence technologies when they see
the evident advantages in the form of enhanced productivity, efficiency, and decision-
making options (Davenport and Ronanki, 2018; Enholm et al., 2022; Fosso Wamba et al.,
2024). In the same way, research on Al-enabled innovation emphasizes the role of
artificial intelligence in increasing performance at work and making data-oriented
strategic choices (Haefner et al., 2021; Babina et al., 2024). The results of this research
confirm the applicability of perceived usefulness as a key motivation to Al adoption. The
most common aspects of work where entrepreneurs incorporated Al tools included
marketing contents, documentation, developing ideas, and interpreting data since they

minimized work and helped to speed up routine tasks. Yet, the empirical data also
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indicate that the perceived usefulness in startup settings can also be developed in the
course of experiential learning as opposed to an evaluation. Rather than implementing
Al due to its perceived usefulness which was already well-evaluated, founders often
found that it was useful when applied to specific tasks. This observation expands TAM
by suggesting that the perceived usefulness can be formed as a result of a mindfulness
process, which happens as a result of a practical overlap, especially in entrepreneurial
contexts, where technologies are experimented with in real time. These results are
consistent with the other studies that have investigated the topic of entrepreneurial
experimentation, including the point that startup often discover the usefulness of new
technologies through trial-and-error mechanisms, but not as part of a planned

framework (Ries, 2011; Garbuio and Lin, 2019).

The second theoretical contribution is associated with the perceived ease of use
interpretation regarding generative Al technologies. TAM defines ease of use as the level
of technology that is seen to be effort free (Davis, 1989). Although the results suggest
that Al tools are typically available and even not very difficult to start using, Al-driven
use presupposes the ability of users to practice prompting, providing context, and critical
analysis of Al-generated output. This implies that generative Al systems lack a simplicity
of use that is only tied to interface or technical simplicity. Rather, it also implies the ability
of the user to create effective interaction patterns with the Al systems. The recent
studies on human-Al interaction also emphasize that successful implementation of Al
technologies requires the users to learn how to control, interpret, and optimize Al
content (Haefner et al., 2021; De Bruyn et al., 2020). The results thus come to formulate
TAM by implying that ease of use in Al situations is a learning aspect whereby users
develop over time to be able to communicate effectively with Al systems and to integrate

them into their operations.

The third contribution is related to the association between perceived usefulness and
trust in Al outputs. Conventional understandings of TAM tend to suggest that any

technology that is perceived to be helpful tends to be adopted and incorporated into the
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working processes. Nevertheless, according to the results of the conducted study, the
introduction of Al in startup has a more conservative and selective pattern of usage.
Though business owners could see the advantages of Al tools in helping to develop
efficiency and aid business operations, they always stated that they have to check and
critically review Al-generated data and apply it to reality. The issues of accuracy,
contextual comprehension, and reliability also imply that the perceived usefulness does
not necessarily mean the complete dependency on Al technologies. The same has been
highlighted in recent studies on the dangers and constraints tied to the use of Al in
organizations (De Bruyn et al., 2020; Floridi et al., 2018). The findings narrow down TAM-
based explanations of technology adoption by identifying the role of verification and
selective use in showing that the translation of perceived usefulness into sustained use

might require the user to believe in the reliability and interpretability of Al outputs.

The fourth contribution is associated with the contribution of exploratory
experimentation in adoption of technology. The general assumption of TAM is that users
will embrace technologies depending on the usefulness and easiness to use.
Nevertheless, the results indicate that not all startup founders initiate the use of Al-
assistants on the basis of the clearly defined operational needs but to investigate new
technological opportunities. In fast changing digitalized settings, business men can
embrace new technologies just in order to be technologically aware, and to know what
the technology can presuppose to them in the future. The observation is a complement
to the studies on entrepreneurial learning and experimentation with the technology that
emphasize the repeated experimentation and discovery in startup interacting with
emerging technologies (Ries, 2011; Garbuio and Lin, 2019; Haefner et al., 2021). The
results thus indicate that TAM-grounded models of technology adoption can be
enhanced to include technological curiosity and exploratory learning as other

determinants of formative technology adoption in entrepreneurial tasks.

The findings also indicates that Al may not be applied to augment the existing tasks but

can also have a more fundamental role in facilitating entrepreneurial activity in a startup
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situation. In particular, some founders applied Al tools during their part-time
employment in other companies, which enabled them to start and build startup
operations without investing finance and human resources fully. By this, Al acted as a
productivity enhancing tool and a facilitating mechanism that reduced the barriers to
entry into entrepreneurship. Similarly, the results show that Al technologies are also
effective as a productivity aid but also as a means to support the entrepreneurial activity
as a cognitive assistant. The Al tools were often utilized by the entrepreneurs to create
new ideas, arrange information, and view the issues in new ways. This implies that the
perceived usefulness of Al is not just limited to the improvement of efficiencies to
support creativity and uncertain decision-making. The current studies about generative
Al also point out its role in enhancing human cognition, as well as assisting with creative
problem-solving (Brynjolfsson and McAfee, 2017, Haefner et al., 2021, and Enholm et al.,
2022). The study can add to the literature by demonstrating the role of Al in helping
entrepreneurs navigate complex and unpredictable settings by highlighting the cognitive

aspect of Al usefulness in the startup environments.

5.2 Managerial Implications

The Findings of this study have a number of practical implications to entrepreneurs and
managers working in start up settings who are trying the artificial intelligence tools in
their business operations. Instead of implying that Al is a wholesome technological
solution, the findings reveal that it is more of an incremental and task-based solution in

startup.

Al tools can be especially helpful when it comes to assisting the work of entrepreneurs
at the initial stages, as at that point, the founders will have to deal with various functions
at the same time, including marketing, communication, documentation, and strategic
planning. In such scenarios, Al technologies seem to be the most helpful ones with the
application to creating initial drafts, brainstorming, or organizing information that will be

further developed by the entrepreneur. In the case of most startup, this will lower the
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friction of commencing tasks on a blank slate and enable founders to switch between
various duties at a faster rate. The practical implication does not lie in the fact that Al
will be used to substitute human labor, but it can assist founders with managing the
plethora of activities that need to be performed at the stage of early development of a

business.

The findings suggest that the usefulness of Al tools is determined by the interaction of
the users with the tool. Entrepreneurs have noted that the quality of Al results tends to
become better in cases where users give clearer prompts, context, and feedback on the
iterative basis. This indicates that the advantages of Al implementation are tightly
connected with the familiarity of the user with the technology and not only technical
capacities of the tools. In the case of startup, it means that the key practical skill of
dealing with Al systems may grow over time and become essential to the founders and

other employees.

It also emphasize the fact that the outputs of Al cannot be considered automatically
trustworthy. Entrepreneurs kept on noting that they had to consult and check Al
generated answers before applying them in business. This is practically to say that Al is
more of a helping analytical tool as opposed to a substitute of human judgment. This
means that the best application of Al to startup managers can be through the integration
of Al-based insights and human interpretation, in particular where contextual

interpretation and business judgment cannot be eliminated.

Furthermore, Al tools used in startup is frequently implemented as an experiment,
instead of a an established plan. Some entrepreneurs start working with the Al just to
learn about the new trends and define its possible significance to their field. The field of
application that Al can save time or increase efficiency is more evident with time, as
founders discover certain tasks they can do without, or better, faster through Al.

Assuming through managerial lens, it would mean that the adoption of Al within startup
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can have the most significant effect when they are treated as a continuous process of

exploration instead of as one strategic implementation.

There is also evidence of findings suggesting that cost factors are still a significant factor
to early-stage ventures. Most of the Al tools are useful but some of the advanced
services have subscription fees which might not be easily affordable by small start ups.
Business people are thus more likely to judge Al tools on a pragmatic basis and consider
the ones that bring forth tangible benefits against cost. This implies that managers in
startup are better bestowed with selective adoption of Al tools which are concentrated
on a few use cases which yield immediate benefits rather than trying to enact wider

systems based on Al.

5.3 Limitations of the Study

Although this work was aimed to learn how startup use the tools of artificial intelligence
in their work and how entrepreneurs view the benefits and challenges linked to it, the

research also has some limitations that must be admitted.

Firstly, A single individual conducts the study, which inevitably brings a certain level of
subjectivity of the research process. In qualitative research, perspective of the individual
affects interpretation of the interview responses, themes coding as well as synthesis of
the findings. Even though the objectivity was maintained by paying attention to the
interview procedure documentation and conducting systematic thematic analysis, the

threat of biasing seems less impossible to exclude.

Secondly, the study relies on a more or less small amount of interviews in its empirical
data. The research includes five startup, which are established in various fields and
business scenarios. Although this enabled the research to get a wide range of the
entrepreneurial views, the sample size is small. Consequently, the results offer analytical

views and not statistically applicable conclusions. The experiences narrated by the
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interviewed founders might not wholly reflect on the practices of startup in other

industries or countries or stages of development.

The other limitation is associated with the type of data of the interview. The research is
mostly based on the opinions of the startup founders or representatives, which implies
that the conclusions are made with regard to how these people view the role of artificial
intelligence in their companies. These perceptions do not necessarily always relate to
quantifiable organizational results. Moreover, the recording of one of the interviews was
not done, but they were captured in a form of detailed notes, which can restrain the

depth of details as opposed to the recorded interviews.

Moreover, the artificial intelligence in itself is one of the rapidly developing technological
areas. The mentioned tools and applications represent the present phase of the Al
evolution when the discussed interview was conducted. Nevertheless, Al technologies
are evolving rapidly, and the manner, in which startup implement and incorporate such
tools, can evolve considerably in the nearest future. Consequently, this research should

be understood in the framework of the contemporary technological world.

Lastly, the study only pays major attention on application of Al tools in early-stage startup
especially in the fields of marketing, idea generation, documentation and business
development. Although this has given in-depth information on how entrepreneurs apply
Al in their daily operations, the study fails to look at the wider organizational implications
of how Al can transform over time, large-scale automation, and advanced integration of
Al. This reduced scope enabled the analysis to take a deeper look at the phenomenon in
the context of startup, but it also implies that the results do not reflect the entire

spectrum of ways Al can be applied in organizations.

5.4 Suggestions for the Future research

There are several ways this research can be directed in the future based on the limitation

and findings of this study. These recommendations should further enhance the
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knowledge on the adoption and application of Al in startup as well as fill the gaps that

could not be adequately covered in the context of the current study.

Although the results primarily emphasize the application of Al in the processes like idea
generation, marketing support, and information processing, future research may focus
on how Al influences other domains of startup such as product development, strategic
decision-making, customer relationship management, or human resource management.
Knowledge of the way Al technologies are incorporated into these various functions of
organizations would be more informative about the role of Al in the context of entrepre-

neurship.

The other possible research direction that can be implemented in the future would be
to explore the exact nature of the artificial intelligence technologies employed by
startup. In the given research, Al is described rather generally and involves a range of
solutions, including generative Al websites, language models, and other digital applica-
tions. Nevertheless, these technologies vary greatly in their possibilities and what they
can be used. The future research might thus take a narrower perspective and explore
how specific Al tools, such as machine learning systems, predictive analytics tools, or
natural language processing models are applied within the startup operations and their

impact on the business development and innovation processes.

Thus, the hard business results of Al implementation in startup may be researched in the
future as well. Although this paper is mainly concerned with how perceive the entrepre-
neurs in terms of usefulness, benefits, and challenges of Al tools, one of the future re-
searches might be investigating whether the Al use can be associated with any measur-
able results in terms of higher productivity, higher ratio of innovation performance, or
higher competitiveness. Specifically, scholars might examine the growth patterns of
startup that actively incorporate Al technologies and those that use traditional digital

tools as the main ones.
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The adoption of Al technologies would also be an interesting research direction to ex-
plore the impact of organizational culture and entrepreneurial mindset. This research
indicates that a lot of entrepreneurs venture into trying Al tools due to their curiosity
and the urge to keep up with new technological advancements. Future studies might
investigate the effect of these types of attitudes toward experimentation and technolog-

ical exploration on the adoption of Al in the context of entrepreneurial ecosystems.

Since Al technologies are rapidly developing, longitudinal studies will be a good source
of information about the change in the role of Al in startup with time. Although nowa-
days many startup apply the Al tools as auxiliary tools to achieve their daily routine, there
is a possibility that in the future such technologies will become more intrinsic to the
business procedures. The analysis of the evolution of Al use with the increase in size and

expansion of startup would thus be an interesting area of the future research.
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Appendices

Appendix 1. List of Interviewees

Interviewees Position Interview Length
Startup A Founder 51 min02s
Startup B Founder 57 min 51s
Startup C Co-Founder 41 min 59 s
Startup D Founder/CEO 44 min 32 s
Startup E Founder 41 min 47 s
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Appendix 2. Semi- Structured Interview Questions

RQ: How do startup utilize Al in business development, and what factors act as barriers

and triggers for Al adoption?

General information of the interviewee

* Age:

* Total years of experience:

e Position:

e Start date of the company:

1.

2.

10.
11.
12.
13.

Can you briefly describe your startup and your role within the company?

How would you describe the role of technology in your startup’s business model?
When did your startup start using Al tools in its business activities?

What motivated your startup to adopt Al tools?

How did you personally and as a team initially perceive Al before adopting it?

To what extent did leadership or team attitudes influence the decision to adopt Al?

In which business development activities does your startup currently use Al?

e.g. marketing, customer engagement, sales, lead generation, analytics

What kind of Al tools are you using in your business operations?

Can you describe how Al is used in one or two specific business development pro-
cesses?

Why were these particular areas prioritized for Al implementation over others?
What benefits has your startup experienced since adopting Al tools?

How has Al influenced efficiency, decision-making, or customer interaction?

In your view, has Al helped your startup gain any competitive advantage? If so,

how?



14.

15.

16.

17.

18.

19.
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What challenges or barriers did your startup face when implementing Al tools?
e.g: cost, technical expertise, data quality, integration

How did your startup respond to or manage these challenges?

Are there any areas where you chose not to use Al? Why?

Do you plan to expand Al usage in the future? Under what conditions would this
be possible?

Based on your experience, what advice would you give to other startup consider-
ing Al adoption?

Is there anything else you would like to add regarding Al use in startup that we

have not discussed?
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Appendix 3: Data Analysis Coding Process

Interview Extracts

Initial Code

Category

Findings Themes

“We are a very small
team.... limited peo-

ple....” (Startup C)

Resource limitations,

small team

Drivers of Al Adoption

“I started using Al to
try out.... technology is
moving fast”(Startup

A)

Curiosity, Experimenta-

tion

Motivational drivers

Al adoption and Atti-

tudes

“We use Al for market-
ing and sales related
activities......” (Startup

D)

Marketing support,
coding, content gener-

ation

Al Application areas

Application areas

“The biggest benefit is
that it has immensely
saved our time... some-
times it gives me an

idea....”(Startup E)

Productivity cost re-
duction, Sales, New

Ideas, Time Saving

Benefits of Al

Perceived benefits of

Al

“Sometimes Al gives
wrong answers with
high confidence...”

(Startup C)

Reliability issues

Technical challenges

“Al is trained on exist-
ing data....Al does its
thing.... It’s
hard...”(Startup B)

Data Privacy concern

Risk concerns

“It is risky...in the end
it is you who makes the

decision...”(Startup B)

Human control and de-

cision authority

Limitations to Al use

Challenges and Barri-

ers




