
   

 

   

 

 

 

 

 

 

 

 

INFLUENCE OF ARTIFICIAL INTELLIGENCE ON BUSINESS MODEL 

INNOVATION 

 

 

 

 

Lappeenranta–Lahti University of Technology LUT 

Bachelor's thesis 

Bachelor's Programme in Software and Systems Engineering 

2026 

Mario-Flavius Stanisor 

Examiner(s): Doc. Dr. Damian Kedziora (Associate Professor) 

                        



   

 

   

 

 

ABSTRACT 

 

Influence of Artificial Intelligence on Business Model Innovation 

 

Bachelor’s thesis 

2026 

35 pages, 4 figures, 3 tables and 0 appendices 

Examiner(s): Doc. Dr. Damian Kedziora (Associate Professor) 

Keywords: Artificial Intelligence, Business Model Innovation, Digital Transformation, 

Value Creation and Capture 

The main objective of this thesis is to analyse the influence exerted by Artificial Intelligence 

on the evolution of business models. Artificial Intelligence is often framed as a force for 

innovation; however, the analysis of these effects remains limited. This study utilises a 

qualitative research method, making use of insights from eight experts in various fields to 

explore the mechanisms used by this innovation. 

From the findings, it becomes clear that the impact is initially felt in the inner workings of a 

firm, where automation of routine tasks and accelerated development thrive. As adoption is 

further explored, the focus shifts to switching the value creation and capture mechanisms 

from selling physical products to guaranteeing service outcomes. Many of the challenges are 

identified in the Unified Theory of Acceptance and Use of Technology, with the most 

mentioned issue being a lack of infrastructure. 

The conclusions of this study are that integrating AI requires a dramatic shift from rigid 

bureaucracy to relying on guidelines and dynamic capabilities, where flexibility and trust 

have a large role. Ultimately, while the possibilities of innovating business models with AI 

are great, it is greatly hampered by many challenges that plague every new technology. 
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1  Introduction 

Artificial Intelligence (AI) is quickly becoming an integral part of many businesses 

(Rachinger et al., 2019). It is no longer a simple technological enhancement but a current 

that transforms aspects of businesses across many industries, augmenting everything from 

the way these companies capture value to changing the very business model itself (Teece, 

2010). AI is shaping up to be a big driver of business model innovation, impacting every 

company to some degree (Burström et al., 2021). 

Given its wide reach and how it has influenced all domains since its adoption into large-

scale use, it is of utmost importance to study how it affects business models in various fields 

and how substantial its impact is. Views on this matter are split; some view AI as a 

technology that can be integrated into a network of products and systems to provide helpful 

service throughout the value chain for various customers (Mousa, 2024). However, so far, 

success stories of large manufacturing firms adopting AI growth are limited; instead, there 

are numerous documented failures (Kim, Blazquez & Oh, 2024). A sizeable amount of 

research on this topic suggests there are positive aspects of using AI to innovate business 

models; however, the common consensus is that there are too few investigations into how 

exactly AI changes business models and whether the extra risk is worth the potential benefits. 

So far, the few cases we have of companies attempting such a level of AI integration have 

achieved a reduction in costs thanks to lower inspection and maintenance costs (Nicoletti & 

Appolloni, 2023). Using AI as a cost reducer is a very valid and less risky approach; 

however, what is not yet fully understood is what opportunities to generate profit open up. 

As it is still in its infancy, more research is needed to understand and draw conclusions on 

this topic. 

Current applications focus on improving efficiency through automation and predicting 

maintenance (Hansen & Bøgh, 2021). Companies predominantly start with low-risk, very 

specific applications of AI, which is expected, as with any new technology, transitioning to 

broader, more impactful applications that may test how AI can impact and model customer 

interaction (Jaiwant, 2023), business strategy, and value capture methods (Rogers, 2003). 

Because of this, experimenting with AI tends to shift from small efficiency-based 

applications towards large-scale changes, such as possible business model transformations. 
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When applying AI to augment efficiency and experimenting with its applications, it is still 

regarded as a tool to make some minor improvements to a workflow. A more radical way to 

use AI is as the core of a business strategy (Eisenhardt & Sull, 2001). This opens up a great 

deal of opportunities that are yet largely unknown. Strategically transforming a business 

strategy is a difficult step that requires a fundamental rethink and rebuild of how a company 

can capture value, which requires huge risk-taking and available partnerships, capabilities, 

and potential reconfiguration of the industry itself (Teece, 2018). In spite of the association 

between AI and change, the mechanisms through which this can happen in established firms 

remain unclear. According to theoretical frameworks such as the Unified Theory of 

Acceptance and Use of Technology (UTAUT) and Technology Acceptance Model (TAM), 

value creation should be completely reimagined through AI; however, there is a need and a 

lack of insights into how decision-makers inside a firm are able to react to this shift 

(Mahmud, 2024).  

This thesis aims to explore these insights through a qualitative study by analysing the 

experiences and insights of various experts across many fields (Tenny, Brannan & Brannan, 

2023). 

In order to achieve this goal, the primary research question (RQ)  this thesis aims to answer 

is: 

RQ: How does AI influence business model innovation? 

The starting point is analysing how AI requires adjustments in the fundamental parts of a 

business model (Beckett & Dalrymple, 2019), followed by an analysis based on existing 

frameworks to determine their impact on this process (Matarazzo et al., 2021). Lastly, factors 

yet unaccounted for by theoretical frameworks are examined to determine their impact. 
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2  Literature Review 

2.1  Business Models and Value Innovation 

Business models have been described by Magretta (2002) as “a story of how an enterprise 

works and makes money”, mainly how it creates value and delivers it to customers to capture 

revenue. This is similar to Teece (2010)’s concept of business models, where emphasis is 

placed on the creation, delive0ry and capture of value. These sorts of stories can be 

categorised through a conceptual framework (Äijö & Saarinen, 2001) defined along two 

dimensions, mainly the focus (defining the business or the way it generates revenue) and 

externalisation of the activity (focus on inner working or wider network). This results in four 

quadrants, which help split up these models. Äijö and Saarinen (2001) list them as the 

internal and external parts of the value stream and business definition. An Internal Business 

Definition is focused on the definition of business inside the firm, mainly things such as its 

target demographic, revenue model and product/service concept. Internal Value Stream 

emphasised processes and activities inside the company (marketing, sales strategies, 

operations, internal production, etc.). An Extended Value Stream focus means taking into 

consideration activities that create value for the company through external means, such as 

outsourcing, partnerships and defining the role of the firm within a broader value network 

(Äijö & Saarinen, 2001). Lastly, the Extended Business Definition just enlarges the scope of 

defining business aspects to include external partners. In this thesis, the main focus will be 

on internal business aspects (Äijö & Saarinen, 2001), with some mention of external aspects 

wherever relevant. 
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Figure 1. Business Model Conceptual Framework (source: self-study based on, Hamel 

2000). 

 

As shown in the above picture, each quadrant has its own unique, crucial focus. It has been 

suggested by Hamel (2000) that spanning across multiple sectors is the mark of an effective 

business model, because it combines many aspects and offers flexibility. This blend of 

aspects allows for unique opportunities in value creation and allows for more resilience in 

times of turmoil, while allowing for greater expansion overall (Lorange, Løwendahl & 

Revang, 2003). The idea of “business concept innovation” has been emphasised by Hamel 

and Prahalad (1994), in which companies that take the risk in redefining classical business 

ideas are able to get ahead in creating the “markets of the future” (Hamel & Prahalad, 1994). 

The understanding of the previously mentioned components is crucial as they act as the 

foundation for these models. Teece (2010) and Magretta (2002) list four components as the 

basis for a business model: value proposition (how do you benefit the customer and what 
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problem do you solve), target group (who are your most likely customers), value delivery 

mechanisms (how do you get the value created to the customer) and value capture 

mechanisms (how you earn revenue for the value provided) (Miles & Snow, 1978). This 

framework is commonly referred to, sometimes with minor adjustments, but there are also 

other components as defined by Äijö & Saarinen (2001), such as revenue model, customer 

interface, product/service concept and technology. Understanding these components is 

crucial as they act like the building blocks of innovation in ways yet to be thought of (Beckett 

& Dalrymple, 2019). 

Business Model Innovation has always been a topic that garners great interest, especially 

with all the technological advancements being made every year. Companies have figured 

out they can gain a market advantage through reinventing their business models (Teece, 

Pisano & Shuen, 1997), not just product or process innovations (Chesbrough, 2010; Amit & 

Zott, 2012). A present example of this would be how all big technology companies make 

their products work best only within their own ecosystem, encouraging loyalty through 

convenience for clients (Venkatesh et al., 2003). Teece (2010) notes that an innovative 

business model can be a source of value, also being harder to copy than product innovation. 

Magretta(2002) states that these new business models have never-thought-of answers to 

fundamental questions about the capture and creation of value. It is important to note that 

not all innovations need a groundbreaking technological breakthrough, as finding a better 

way to apply existing technology in a new business context can be just as effective(Johnson 

et al., 2008). A contemporary example is a widely used model often referred to as 

“freemium” (Rachinger et al., 2019). It is a business model innovation that has been applied 

across many industries, and it consists of having a free basic service while charging for 

premium/extra features. By having large-scale usage across industries, it only reinforces 

Hamel’s (2000) point that an effective business model spans across sectors, as innovation in 

one sector can have a butterfly effect and inspire innovation in other sectors. 

To summarise, a business model is a blueprint for the creation and capture of value by a firm 

(Teece, 2010). It is made up of several components (such as value proposition, internal 

processes, revenue mechanisms, etc.), all of which can be reimagined through innovation 

(Hamel, 2000). A business model which manages to have ideas from different industries 

working in unison has the potential to be an effective model. 
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2.2  Technology adoption – UTAUT Framework 

Technology adoption is a subject that has been thoroughly researched in the Information 

Systems (IS) domain. It is a very important topic from both a practical and theoretical point 

of view, as innovations on their own cannot have a large impact unless their adoption is on 

a large scale (Rogers, 2003), leading to a drive to understand why and how these new 

technologies are accepted by users, as well as what can be done to increase this acceptance 

rate. One thing that comes to mind is convenience and user-friendliness (Venkatesh et al., 

2003). To get a better idea about this phenomenon, several models have been created.  

We are going to focus on the Technology Adoption Model. Because of its reliability, it has 

been used widely by researchers to diagnose adoption issues for certain technologies. The 

process described for analysis of an underused new internal software would be (as dictated 

by UTAUT) (Venkatesh et al., 2003), asking the following questions: Is its usefulness seen 

by users? (Performance Expectancy) Do users find it too difficult to operate? (Effort 

Expectancy) Is there peer and managerial support or pressure? (Social Influence) Has the 

user training been enough, and is there available support in case of issues or questions? 

(Facilitating Conditions). These simple questions can be utilised to monitor usage adoption 

patterns and identify potential roadblocks to widespread adoption (Kim, Blazquez & Oh, 

2024). 

There have also been more recent advancements, such as the model UTAUT2 (Venkatesh, 

Thong & Xu, 2012), which takes into account other factors such as price value, habit and 

hedonic motivation. This has been done to account for differences in the motivation of 

potential customers.  

While the focus of these models is on individual adoption (how an individual may decide 

whether to adopt a technology or not), another aspect of technology adoption is at an 

organisational level. Rogers (2003), through his theory called “The Diffusion of 

Innovations”, aims to enlarge the view regarding the adoption of new technologies spread 

throughout organisations. The factors outlined by Rogers (2003) are distinct from those that 

may affect a human’s decision-making; they still share similarities. Some factors said to 

affect diffusion are complexity, compatibility (does it require a company restructure? The 

costs may outweigh the benefits), ability to be trialled (can it be tested in a smaller scale 

before full adoption) (Rogers, 2003), observability (how noticeable of an impact does it 
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have) and the relative advantage compared to the current technology used by that company. 

Rogers (2003) also classifies organisations based on their willingness and speed of adoption 

of new technologies, similar to classifications used on individuals, ranging from those who 

are the first to adopt a new technology to those who fail to catch up. In the context of an 

organisation, adoption always involves cost consideration, strategic alignment (with 

business model and strategy), readiness of infrastructure (some technology may be lacking 

usefulness if there is no infrastructure to support it, for example electric cars in a place where 

there are no charging stations) and lastly pressure from the market (competitors/regulators) 

(Burström et al., 2021) to adopt this technology. (Tornatzky & Fleischer, 1990 – 

Technology-Organisation-Environment framework). 

 

 

Figure 2. The Unified Theory of Acceptance and Use of Technology (source: self-study 

based on Venkatesh et al. (2003)). 

 

Even so, user acceptance models, mainly the UTAUT, can still be relevant when discussing 

organisational-level adoption, owing to the fact that organisational decisions are still 

implemented by individual people, such as managers, employees or even customers 
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(Döringer, 2020). A relevant example is a company implementing a system to optimise 

resource planning. Even if the decision from above is made, the results of this 

implementation hinge on how well the employees can adapt to using this new technology. 

Previously discussed factors such as performance expectancy and effort expectancy will 

greatly affect usage (Venkatesh et al., 2003). As a result, managers often conduct training 

sessions and assess the readiness of their team before such a dramatic shift, to increase 

perceived usefulness and reduce perceived effort. 

Given the recent emergence of AI as a topic of interest, there is not a lot of research done 

regarding its adoption in relation to the business domain (Burström et al., 2021). The 

previously mentioned theories (TAM and UTAUT) emphasise the focus on studying user 

perception towards AI tools. This should be done while taking into account the field and 

experience level of those users. For example, an AI-based decision system may be 

implemented if doctors perceive it as useful (ignoring all the costs associated with such an 

implementation) and believe it is easy enough to use. Smaller hospitals may face pressure to 

adapt this system if larger, more prestigious hospitals have done so already. Lastly, IT 

support, along with proper training, would facilitate the necessary conditions. These factors 

should be understood and addressed in order to smooth the adoption curve related to AI 

(Crilly et al., 2025). 

2.3  Strategy in management 

An important concept in this sector of innovation management, where turbulent 

environments are the norm, is dynamic capabilities (Teece, Pisano & Shuen, 1997). Teece, 

Pisano, and Shuen (1997, p. 516) have defined it as the means of a firm to adapt and respond 

to change in response to internal and external factors (Matarazzo et al., 2021). It does not 

entail only having access to the latest technologies, but also being able to upgrade, integrate 

and realign structures to take advantage of them (Teece, 2010). 

Innovation management in IS has also become more and more dependent on collaboration 

between organisations and open innovation. This is because there is no firm that holds a 

monopoly over technological expertise, and as such, the wide distribution of said expertise 

facilitates cooperation with the goal of innovation (Fjeldstad & Haanæs, 2001). Blomqvist 

(2002) repeatedly mentions the role of trust in asymmetric partnerships, such as those 
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between start-ups and larger, well-established corporations. Trust in this context can help 

reduce friction and facilitate the open exchange of ideas, as well as co-development, 

something we see quite often in the current market. This perspective is also shared by Ståhle 

and Laento (2000), who point out that enabling firms to access markets and knowledge 

unknown to them heavily relies on strategic partnerships, as they drive renewal (Blomqvist, 

2002). 

Companies in the same market will inevitably be in a competition with each other, which 

when combined with the whole idea of collaboration gives rise to the concept of “co-

opetition” (Lorange, Løwendahl & Revang, 2003), which implies both a level of 

competition, as well as cooperation between two companies. This approach has been 

documented by Lorange, Løwendahl, and Revang (2003), where it has been discussed that 

this approach allows firms to pool resources together for mutual benefit, while still allowing 

and maintaining competitive distinctiveness. Venkatraman and Henderson (1998) further 

expand this idea through the concept of virtual organising, where Information Technology 

(IT) enables a network of partners to manage value chains (Venkatraman & Henderson, 

1998). As a consequence, innovation management involves managing a complex network of 

external entities at the same level as managing internal Research and Development. 

Lastly, it has been said by Hamel and Prahalad (1994) that strategic intent is of the utmost 

importance, as it requires envisioning how upcoming or newly released technologies could 

transform the industry, and taking all the necessary steps to stay ahead of the competition 

(Porter, 1985) by inventing in talent, infrastructure and other necessary technologies (Teece, 

2018). 

Another important concept of IS innovation is strategic ability, referring to the capacity of a 

firm to rapidly change its strategy in response to market/technological changes. In volatile 

environments, rapid experimentation is prioritised over more traditional aspects such as 

meticulous planning (Eisenhardt & Sull, 2001). As observed by Eisenhardt and Sull (2001), 

firms that achieve success in dynamic sectors usually operate by simple guidelines that serve 

as boundaries for innovation, for example, prioritising specific growth metrics, while 

encouraging freedom to experiment for teams within these bounds. The result of this is an 

environment where adaptable methodologies like agile development can prosper (Beckett & 

Dalrymple, 2019), where creative freedom is encouraged but kept in check by strategic 

direction. 
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The parts that make this agility possible are called Dynamic Capabilities (Teece, 2007). 

These have been categorised by Teece (2007) into three main capacities: sensing, seizing 

and transforming. Sensing requires continuous monitoring of customer needs as well as 

technological trends. Seizing entails the capacity to mobilise resources to capture value from 

these trends at opportune times, such as investing in a new digital platform. Lastly, 

transforming implies the continuous cycle of renewal within the organisation, allowing for 

the restructuring of departments or retraining employees (Woerner, Owens & Beath, 2021). 

There is, however, a significant challenge which most companies face when developing 

these capabilities: the presence of “core rigidities”, whereby already established systems and 

processes hinder change (Leonard-Barton, 1992). Firms have come up with various ways to 

counter this phenomenon, a common one being adopting ambidextrous structures to 

maintain efficiency in core operations while establishing separate units responsible for 

innovations (Matarazzo et al., 2021) and testing new technologies while not risking already 

existing inner workings (Rogers, 2003). 

2.4  Artificial Intelligence  

The sudden sharp rise of AI and ever-evolving digital technologies is a powerful wave that 

drives the innovation of business models, especially in recent times (Burström et al., 2021). 

The integration of ever-changing technologies in business (digitalisation) has already greatly 

impacted the mechanisms related to value creation and capture (Rachinger et al., 2019). 

Thanks to the new forms of data-driven decision-making capabilities, connectivity and 

automation introduced by AI, the way is being paved for innovation in processes, products 

and services (Nicoletti & Appolloni, 2023). It is a high-priority area of study as the market 

has huge potential and can impact all industries (Mousa, 2024). 

AI can be interpreted by many as the latest wave of digitalisation with massive potential for 

transformative impact. Systems using AI are able to replace human intelligence in some 

tasks that require it, such as the processing of natural language and pattern recognition 

(predictive analytics) (Kim, Blazquez & Oh, 2024), which opens many doors in regard to 

value propositions. A good example would be using AI to offer uniquely tailored experiences 

for each customer visiting an e-commerce platform, able to recommend what the customer 

is looking for based on browsing data (Jaiwant, 2023). This was already being done, but the 
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possibility of enhancement using AI is large. AI can also be used to redefine delivery 

mechanisms. It can dynamically alter logistics routes and predict demand to reduce the need 

for large inventory stocks (Hansen & Bøgh, 2021), which would reduce costs and change 

the overall cost structure and business model efficiency. In the service business, AI chatbots 

and virtual assistants may be able to close sales in less time than traditional methods, as well 

as working around the clock without interruptions to minimise downtime and potential 

revenue loss. In the industrial ecosystems domain, AI-enabled business model innovation 

has been studied by researchers Burström, Parida, Lahti, and Wincent (2021). They mention 

in their framework that there are serious challenges for manufacturing firms related to 

integrating AI into their more traditional business models. A key factor is that the innovation 

needs to be aligned with the whole ecosystem innovation, so it is dependent not on just one 

firm, but on all of its partners (suppliers, customers, etc.), evolving and innovating alongside 

it. It has been observed by Burström et al. (2021) that a valid short-term strategy is 

reconfiguring the ecosystem, basically shuffling roles and partnerships to accommodate the 

innovation of the company (which commonly happens with all the AI startups popping up). 

Long-term, a more well-thought-out strategy needs to be implemented, such as revitalising 

the ecosystem and making it more resilient, while still keeping its adaptability. This research 

can be used as a model of how some companies may proceed with AI-powered business 

model innovation, starting with small implementation and gradually transforming not just 

the company, but the whole network. 

While AI has a clear role in altering or slightly changing a business model, through 

innovation, we can create completely new business models. Platform-based models that have 

gained popularity in recent years, such as Uber or Airbnb, are heavily reliant on algorithms 

(Teece, 2018) to match in real time supply and demand (Mahmud, 2024). This is an example 

of a model where a company sells the outcome, not directly the product, since they do not 

own the cars themselves; they simply connect you with a driver through their platform and 

profit from fees and other such methods. This happens because a company can use AI 

algorithms to ensure some outcome is met, generating and capturing value for the company 

(Beckett & Dalrymple, 2019). Another example is autonomous agent models, where AI 

agents can negotiate the procurement of goods and services, changing how sales and 

marketing are done. A possibility mentioned in the work is AI agents communicating with 

each other, replacing negotiations done traditionally in the future (Venkatraman & 

Henderson, 1998). These kinds of models and scenarios are still new, but there are also AI 
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applications in very clearly defined areas like pricing (changing price based on current 

supply and demand), Customer Service (AI chatbots to answer questions, replacing the need 

for extra employees) and generating creative work (AI-generated drawings or even videos) 

(Burström et al., 2021). 

From an academic and practical perspective, AI frameworks heavily rely on data being the 

key asset driving a business model reliant on AI. Unlike more traditional models, AI systems 

work better the more data they have access to, which leads to a lot of companies’ business 

models becoming very data-centric (Teece, 2018). An example of this would be Rolls-

Royce's business model for jet engines, which evolved to charging a price based on the 

uptime of the engine rather than simply sales. This heavily relies on Internet of Things (IoT) 

sensors and data analytics performed by AI to predict issues arising and optimise 

maintenance (Nicoletti & Appolloni, 2023). The value capture mechanism here is driven by 

insights gathered from data, done by AI. Because of this, the line between products and 

services is becoming increasingly blurred, and the emphasis falls more and more on ongoing 

value delivery and continuous relationships. As noted by Rachinger et al. (2019), firms are 

forced by digitalisation to systematically consider new approaches, AI being a great example 

of an opportunity that requires a deep rethinking of value created and captured. 

The implementation of AI has other challenges apart from technology, such as regulations, 

ethical dilemmas and human factors (Crilly et al., 2025). These also need to be taken into 

account as they can heavily influence a business model. For example, some customers may 

not be comfortable talking to AI and instead want to talk to a real person, or they may not 

want to take advice from an AI regarding their situation. Because of this, companies need to 

consider incorporating both AI features and human oversight, which can be their main 

selling point. This is already done under the term “AI-enhanced”. There are also regulations 

to consider based on the geographical location of the company, such as GDPR affecting data 

usage in AI models, which may lead to difficulty in cooperating with its partners around the 

world (Blomqvist, 2002) if they do not have such regulations or have different ones. Trust 

is a large issue with AI, as most people are a bit hesitant regarding it. It is a company’s job 

to build trust around AI with its client base and encourage its use if it wants to use more and 

more AI in its business model (Venkatesh et al., 2003). Blomqvist (2002) describes this as 

similar to the trust in partnerships. A solution some businesses are trying to apply is increased 
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transparency as part of the value proposition to hopefully increase trust and attract new 

customers. 

3  Research Method 

This thesis is built upon a study conducted following Döringer’s (2020) interview 

methodology with the aim of understanding more thoroughly experts’ opinions and 

experiences through the conducted interviews (Döringer, 2020). This method was described 

by Döringer (2020) as important in gathering explicit technical knowledge, but also the 

decision-making process of the experts interviewed (Tenny, Brannan & Brannan, 2023). 

With this as a basis, a detailed analysis was performed, which provides a deep understanding 

of how AI has impacted the innovation of business models in various industries (Rachinger 

et al., 2019). 

3.1  Approach 

This study utilises a problem-centred interview approach (Döringer, 2020) consisting of 

semi-structured, open-ended questions. As for the process of deciding the interview 

questions, research and literature were extensively consulted, while ensuring adherence to  

Döringer’s (2020) method. The questions were formulated in such a way that the participants 

were easily able to share their personal opinions (Döringer, 2020) and experiences, precisely 

as described by Döringer (2020) in his concepts regarding uncovering expert knowledge.  

The reliability of the interview questions was ensured by consulting with an expert in the 

field of business analysis, whose feedback was used to amend or replace parts of my 

questions. After the answers were gathered, they were compared against other academic 

sources, such as academic articles, to check for accuracy; however, this was slightly difficult 

as extensive research on this topic does not exist. 

Due to this study having a qualitative nature, the information gathered was examined with 

thematic analysis (Tenny, Brannan & Brannan, 2023). This required carefully analysing the 

data to find recurring patterns and important themes. It greatly helped provide a better insight 

into how AI affects business model innovation, which will be examined in more detail later. 
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3.2  Data collection 

The thesis uses a qualitative study, for which eight experts in their respective fields were 

selected (Döringer, 2020), based on two main criteria: (1) being in a position to make 

decisions regarding a firm’s business model and (2) having had some previous experience 

with AI (Kim, Blazquez & Oh, 2024). 

The participants were people in my personal network or people in the network of my 

acquaintances. As a result, this ensured they were willing to answer questions to the best of 

their abilities, without the fear of data leaking (Blomqvist, 2002). A total of eight experts 

were interviewed, as detailed in the table below. 

 

Table 1. Participant Data (source: self-study) 

Interviewee Experience (Years) Field of work Role 

C1 24 Electrical 

Infrastructure 

Asset Management 

C2 20 Water Treatment Operations Manager 

C3 8 IT  Business Analyst 

C4 15 Software 

Development 

Lead Automation 

Engineer 

C5 10 Customer service Service Strategy 

Manager 

C6 9 Retail Strategy Pricing Strategy 

Director 

C7 22 Construction Chief Executive 

Officer (CEO) 

C8 12 Retail Management Regional Manager 

 

In the table below, you can find all the data of the participants that is relevant to this study. 

For convenience, the interviewees will be assigned a code comprised of C + an ordered 

number based on when the interview took place. 
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3.3  Protocol 

Given the busy schedules of the interviewees as well as the physical distance, the 

organisation of the interviews took place online on platforms such as Microsoft Teams, 

Zoom and Google Meet, chosen by the participant according to their convenience. During 

the interviews, the previously mentioned interview framework was used, with the questions 

being organized from a broader scope to a narrower and more focused topic. There was space 

for spontaneous follow-up questions whenever it was deemed appropriate, depending on the 

answer received. 

In order to schedule the interview, the purpose and scope of this study were clarified, 

affirming their identity would remain completely anonymous (Tenny, Brannan & Brannan, 

2023) as some answers could contain sensitive company information, and that the interviews 

would not be recorded, the answers would be written down by me. After this was all 

presented, the interviews were scheduled for a time suitable for both the interviewees and 

me. 

As agreed upon, the data kept was non-descriptive, with only strictly required information 

being logged (Döringer, 2020). If any sensitive data came up during one of the interviews, 

it was removed from the final data sample used to perform the thematic analysis (Crilly et 

al., 2025). 

4  Results and Analysis 

This chapter will present results derived from the previously mentioned interviews 

conducted. The aim of the resulting analysis is to provide a satisfactory answer to the primary 

questions discussed: How does AI influence business model innovation? (Burström et al., 

2021) To have a better idea, the findings gathered from the interviews are reviewed with the 

context of established theoretical frameworks in the literature review part (Beckett & 

Dalrymple, 2019), with a primary focus on external and internal aspects of business models, 

as well as mechanisms related to the creation, capture and delivery of value (Teece, 2010). 

The details of the participants listed in the methodology consist of certain individuals with 

significant decision-making capacity regarding the business model of a company they work 



22 

 

 

for or their own (Magretta, 2002). Their experience ranges from five to twenty-five years, 

as the aim was to capture both vetted, well-thought-out perspectives (Döringer, 2020), as 

well as fresh ideas more prone to accepting new trends. The diversity of the sample is also 

quite large in terms of field of work, something reflected in the results that will be discussed 

shortly. 

4.1  Internal Value Stream Transformation 

The thematic analysis performed on the interview data showed that the internal value stream 

is the first to feel the immediate impact of AI. In accordance with the literature on this topic, 

specifically Rachinger et al. (2019), the evidence tends to infer that organisations initially 

use AI to optimise already existing internal processes before venturing out into uncharted 

territory (Rachinger et al., 2019) and pivoting their business model. Participants C1, C2, C3, 

C4 and C5 emphasised that AI adoption led to increased efficiency, some level of automation 

and resource optimisation (Hansen & Bøgh, 2021). 

Significant improvement of efficiency was reported by multiple participants, primarily C3, 

C4 and C5. C3 emphasised the reduction of time necessary for preliminary data analysis. C5 

noted lower waiting times that result in higher customer satisfaction, while C4 mainly reports 

a higher level of automation for menial tasks. 

Looking past the clear immediate effects noticed with improved efficiency and lowered 

costs, this analysis revealed another significant effect of AI on the internal value stream: 

noticeable acceleration of the development cycles as well as the improvement of 

organisational agility (Teece, 2018). C4 (IT) and C8(Retail Regional Manager) supported 

this phenomenon, as their respective environments depend on these factors more than others 

to gain a competitive advantage. 

C4 detailed how AI altered the development lifecycle by speeding up the phases that took 

the most time traditionally, with testing seeing the most improvement. Given unit tests and 

other tests that need to be implemented before a code can be considered done take a 

significant part of the project’s lifecycle and often delay follow-up parts when a bug is found 

late, it comes as no surprise that this area benefits most. C4 believes that AI is at a point 

where simpler tasks, such as writing unit tests, can be fully automated, allowing developers 
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to focus their precious time on other parts. This was followed up with a question of whether 

AI also speeds up the coding phase, but the answer was quite different. They said that, while 

it does speed it up, the quality of the code written by AI is not up to their standards, and 

relying on it to create the logic for certain parts of the code is a mistake. They did concede 

that documentation in the code is also easily delegated to AI (Crilly et al., 2025), with usually 

better results than humans, as most people do not write very detailed documentation. Lastly, 

they also emphasised that reliance on AI for coding accumulates massive “technical debt” 

over time (Leonard-Barton, 1992), leading to a codebase whose logic is not understood fully 

by anyone, making future changes costly and risky. 

As for C8 (Retail Regional Manager), they described the agility advantage offered by AI 

differently, having it analyse trends at a much faster speed than can be observed in monthly 

or quarterly reports (Nicoletti & Appolloni, 2023). The traditional methods would only yield 

results at fixed intervals, which could lead to missing out on sales trends and therefore losing 

potential revenue. Currently, they said AI is able to silently analyse these trends and alert 

the manager when it notices something that may warrant attention (Mahmud, 2024). 

4.2  Value Proposition Innovations 

This integration of AI is not confined to the way companies operate; it may change what 

they offer to their customers. Based on the research conducted, three distinct archetypes 

regarding value proposition innovation were identified among the participants (Teece, 

2010). They could be put on a spectrum, with one group believing AI does not have any 

meaningful benefits (Mahmud, 2024), and the second group being of the opinion that it has 

its uses, but they do not alter how the company operates; rather, it just speeds up some tasks. 

Lastly, the third group is of the opinion that AI has the potential to transform their business, 

or it may have already fundamentally altered key aspects (Burström et al., 2021). 

 

Table 2. Impact Classification (source: self-study) 

Classification Description Supported by  

No/very limited observable 

impact 

Could not find any use for 

AI in their business model 

C3, C7 
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Optimizer/Time-saver Speeds up menial tasks but 

still no real impact of the 

model itself 

C4, C5, C6, C8  

True Innovation Alters the very foundation 

of how value is captured by 

the firm 

C1, C2 

 

The table above shows a distribution of opinions regarding implementing AI into a 

company’s business model according to interviewees. Starting with the third group, those 

who believe it has significant effects. Starting with C1 (Electrical Infrastructure), they have 

said that the appearance of AI Algorithms has changed massively in parts of how they 

capture value. In many countries, electricity contracts can be offered where the customer 

pays based on consumption and the price of the electricity at the time of consumption. 

Before, simple algorithms were used to predict when usage is highest to have higher prices, 

but now, AI Algorithms can predict this usage with much more accuracy, making the former 

system obsolete (Nicoletti & Appolloni, 2023). Thanks to this, it has become a key 

component of the value mechanism (Hansen & Bøgh, 2021).  

Similarly, C2(Water treatment) describes most large industrial clients (factories, large 

buildings, etc) as not being interested in having to train people to operate water filtration 

systems installed at their location or even wait for professionals from the company to 

maintain these systems; they just care about having water up to whatever standards they set. 

Given this, AI systems have quickly become very useful for monitoring, adjusting chemical 

dosage based on water analysis results and suggesting solutions (Mousa, 2024) for problems 

that it alone cannot fix. This takes a heavy load off the shoulders of a company, which may 

have a headquarters in one part of the country, but a client needs work done in another. This 

would reduce travel, allow remote diagnosis of problems that occur and keep the customer 

happy (Jaiwant, 2023). This information gathered from the interview with C2 highlights best 

how much of an impact AI can have in the right circumstances.  

This shift was described by Teece (2010) as a fundamental restructuring of the business 

model (Rachinger et al., 2019), where the company no longer offers just the ownership of 

an asset, but rather assuring certain outcome (Teece, 2018) (an example from C2: we do not 

just sell a filtration system and let the customer try to figure it out, rather we guarantee water 
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up to their standards now, allowing us to maintain a longer business partnership thanks to it) 

(Blomqvist, 2002). 

Most effects of optimisation have been covered; however, some noticeable trends were 

observed. An important distinction to make is that optimisation in terms of less employee 

workload (for example, using AI to write emails and reports) is pretty universal, but that 

does not modify the business model itself (Matarazzo et al., 2021). With that in mind, people 

in positions such as C6 (retail) and C8 (regional manager) do believe AI had some impact 

on their business models, but mostly just reduced a few redundancies, and did not outright 

transform it (Lorange, Løwendahl & Revang, 2003). 

Starting with C6, they talked about the concept of “Dynamic Pricing”. Markets follow the 

basic principles of supply and demand for the most part (Porter, 1985), with an imbalance in 

either affecting the price. With dynamic pricing, these imbalances can be detected very early 

or even predicted, which then allows companies to adjust prices accordingly. This has 

already been implemented in some places. C6 says that having the most efficient pricing 

does help increase profits, but ultimately, the value capture mechanism of the company stays 

the same, selling products (Fjeldstad & Haanæs, 2001). 

C8 shares a very similar opinion due to the similar nature of their fields; they also pointed 

out a problem with this system. As discussed by Blomqvist (2002), the perception of this 

dynamic pricing by customers could be viewed as “price gouging” (Blomqvist, 2002), in 

other words companies taking advantage of a situation to force people to pay more (for 

example raising prices of umbrellas when it is raining, or the prices of warm clothes if a cold 

snap happens to hit an area). Therefore, both C6 and C8 are of the opinion that a company 

needs to set some form of ethical guidelines to prevent alienating customers (Crilly et al., 

2025). This is a difficult balance to manage between competitive pricing and perceived 

fairness (Eisenhardt & Sull, 2001). 

4.3  Managing Innovation 

Apart from the technical challenges of integrating AI into business models, there are also 

managerial ones (Teece, 2018). The analysis suggests that multiple frameworks have been 

employed to manage this transition (where applicable) (Matarazzo et al., 2021). The most 
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prominent ones among the participants were Teece’s (2007) model of Dynamic Capabilities 

and Eisenhardt & Sull’s (2001) framework for Simple Rules. 

 

Table 3. Adherence to frameworks (source: self-study ). 

Dynamic Capabilities Simple Rules Classification Impossible 

C1, C2, C5, C8 C4, C5, C6 C3, C7 

 

The table showcases how the interviewees could be placed based on their attitude towards 

these two frameworks, which will be expanded upon. C3 and C7 did not provide answers 

that would allow classification to the first 2 columns. Detecting challenges has been the main 

focus of C1 and C2, with both participants describing the ability to predict, monitor and 

prevent as crucial to their operations (Teece, 2007). Changes in the water composition or an 

abnormally high level of certain contaminants could pose serious risks, and as such, C2 

heavily emphasised the importance of these capabilities. C1 had a similar reason, as 

monitoring the state of the electrical grid to prevent overload, as well as monitoring usage 

to adjust prices accordingly, was the backbone of their strategy (Nicoletti & Appolloni, 

2023). Given the uncertain nature of the Customer Service domain, C5 indicated no single 

framework fits their ideas, rather a mix of both (Beckett & Dalrymple, 2019). 

Seizing the opportunity was mainly described by C1 and C8, as their fields seemed 

particularly prone to this. C8 gave a very good example: when certain seasonal trends roll 

around, bringing more stock is crucial to maximise profits (Porter, 1985), as customers are 

more likely to buy certain things on certain occasions, such as costumes on Halloween or 

Christmas Trees before Christmas. For them, AI enabled the prediction, or at least a prompt 

response to such phenomena (Hansen & Bøgh, 2021). 

By far the most challenging part is transforming the entire organisation to fit the new model. 

C1 notes a heavy resistance encountered when shifting from selling products to selling 

services (Nicoletti & Appolloni, 2023), as this requires a complete reconstruction of the 

structures within the company (Teece, 2010). However, both C1 and C2 have noted that 

without drastic measures AI could not be fully integrated into a business model (Burström 

et al., 2021). 
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The strategy developed by Eisenhardt and Sull (2001) is mainly focused on rapidly changing 

markets. They believe that rigid strategies have a harder time adapting to changes, and as 

such, miss out on opportunities (Eisenhardt & Sull, 2001). Because of this, they advocate for 

a few simple rules that act as guidelines to steer the company towards a path rather than 

dictate all of its actions (Hamel & Prahalad, 1994). This approach fits with the responses 

given by C4 (Software) and C6 (Retail), as their fields of work better fit the description. 

C4 explained that their firm does not have clearly defined rules regarding AI, but rather some 

boundaries it should not cross. They believe this is for the best as the technology evolves too 

fast for any framework (Crilly et al., 2025). The example given was how they encourage the 

use of AI for unit tests and documentation, but not for generating code, as the quality is not 

up to par, and many security flaws could be created thanks to it (Woerner, Owens & Beath, 

2021). This could all change with time, which is why they believe these rules need to be 

reviewed at least every two months. 

As for C6, in the context of dynamic pricing, they use something slightly different called 

“Priority Rules”. This is because some items may be predicted to drop in value after a certain 

point (for example, holiday decorations after the holidays end), or they may not be sellable, 

something that is done in big stores with items close to their expiry date being discounted. 

They emphasised that these rules are quite hard to devise and may be considered sensitive 

company information, and as such, unsuitable for this interview. 

Blomqvist (2002) describes Trust as a sort of limiter to the previously mentioned strategies. 

C5 provides valuable insight here, describing the scepticism of customers towards AI 

chatbots (Mahmud, 2024), as many people still are not comfortable with the idea. To mitigate 

this, they have implemented transparency rules, so the customer feels more empowered. For 

example, the AI agent always identifies itself as an AI, and there are options to talk to a 

human in case the problem is not solved (Venkatesh et al., 2003). 

Another side of trust is one which is incredibly prevalent in society currently, as many 

employees fear they may be replaced by AI (Kim, Blazquez & Oh, 2024). While some 

companies strongly advocate for this, C5 asserted that they do not view this as an eventuality, 

and to deal with this stress on the employees, they have tried to reassure them repeatedly. 

This is because they believe trust within an organisation is crucial for it to function 

(Blomqvist, 2002). 
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4.4  Adoption barriers from the perspective of UTAUT  

So far, the data shows technical and managerial challenges to AI adoption, which are hard 

to accurately quantify. In order to better understand how much of an effect each of these 

aspects has, UTAUT was used as it is a robust framework which provides a good basis for 

analysing these challenges (Venkatesh et al., 2003). To better help visualise how much each 

of these factors impacts adoption (Kim, Blazquez & Oh, 2024). A radar chart has been 

created below that showcases the average impact based on all answers received (Tenny, 

Brannan, & Brannan, 2023). Each circle represents an impact level, with red being the 

highest, yellow meaning serious but not crucial impact, while green represents noticeable, 

but limited impact. The light blue area is meant to showcase the derived result from the data 

analysed. 

 

 



29 

 

 

Figure 3. Radar Chart of UTAUT Adoption Barrier Impact Levels (source: self-study, 

created using drawio.com). 

 

As visible above, by far the single greatest challenge identified is the lack of data 

infrastructure to support widespread AI usage in various domains (Nicoletti & Appolloni, 

2023). This composes a crucial part of UTAUT, Facilitating Condition (Venkatesh et al., 

2003), as without proper condition even if people wanted to adopt AI usage they may have 

not had the ability (Hansen & Bøgh, 2021). 

C7 excellently points out how the construction industry, along with related fields, is stuck 

due to much of the data related to it being in chaotic, unstructured formats such as paper 

blueprints, handwritten logs, and poorly made reports. They also point out how the cost of 

transferring this data to a digital format for AI to be able to use may be too high (Matarazzo 

et al., 2021), and many people do not see enough of a reason to invest such a large amount 

of resources. 

This was also confirmed by C3, although to a lesser extent. They highlighted the issue of 

hundreds of legacy systems existing with few people knowing how to utilise them (Leonard-

Barton, 1992). A large portion of data is kept in such systems, or similar situations, such as 

Enterprise Resource Plannings (ERPs) holding financial data. Because of this, C3 notes that 

when integrating these systems, adopting the AI takes significantly less time, with the bulk 

being data engineering. 

Another two aspects which influence technological adoption by users, where C5 (Customer 

Service) and C1 (Electrical) have had valuable insights. C5 remarked that widespread 

adoption is usually driven by the pressure not to fall behind your competitors (Porter, 1985). 

If everyone is gaining value from using a certain technology, a company which does not is 

seen as falling behind. While this external pressure clearly has a strong effect (Burström et 

al., 2021), C2 argued that internal pressure is just as important. If the leader of a team does 

not actively encourage his subordinates to use a tool, they will be likely to ignore it 

(Döringer, 2020). 
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Figure 4. Step-wise Model for AI Implementation in Business (source: self-study, create 

using drawio.com). 

 

As for effort expectancy, C1 exemplifies how field engineers may choose to ignore some 

AI-driven maintenance apps that predict breakdowns if they prove too difficult to use 

(Mahmud, 2024). This also ties in with facilitating conditions, as they need proper training 

to use new technologies adopted by the company (Rogers, 2003). With this, C1 emphasised 

how, in order to achieve a wider adoption, AI must reduce effort instead of adding to it. This 

perfectly showcases how even if a system is very powerful and can accurately predict certain 

events, it will fail if the perceived ease of use is too low (Venkatesh et al., 2003). 

 

5  Conclusions 

As for effort expectancy, C1 exemplifies how field engineers may choose to ignore some 

AI-driven maintenance apps that predict breakdowns if they prove too difficult to use 

(Mahmud, 2024). This also ties in with facilitating conditions, as they need proper training 

to use new technologies adopted by the company (Rogers, 2003). With this, C1 emphasised 

how, in order to achieve a wider adoption, AI must reduce effort instead of adding to it. This 
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perfectly showcases how even if a system is very powerful and can accurately predict certain 

events, it will fail if the perceived ease of use is too low (Venkatesh et al., 2003). 

The goal was to provide an answer to the primary RQ: How does AI influence business 

model innovation? That goal has been achieved and found three primary mechanisms 

responsible for this (Teece, 2018). These mechanisms build upon each other, forming a sort 

of staircase, where in order to reach the final and most drastic step, a firm needs to go through 

the first two. 

Internal value stream augmentation: The immediate effects of AI are felt with regard to 

automating routine tasks (C3, C4, C5) and reducing the time necessary in decision cycles 

(C8). Thanks to these, the breathing room required for deeper innovation to take place is 

created. Value proposition transformation: In this context, AI allows for shifting a 

company’s focus from selling products to selling services or outcomes (C1, C2), while also 

allowing the augmentation of value capture through dynamic pricing (C6) (Nicoletti & 

Appolloni, 2023). However, this is limited to industries less reliant on physical labour and 

overcoming legal challenges (C7). Strategic framework evolution: In most examples of 

successful adoption, firms do not manage AI with strict rules and rigid bureaucracy, but 

rather with methods such as “Simple Rules” (C4, C6) that act as guidelines, as well as 

“Dynamic Capabilities” (C1, C2), which place great emphasis on flexibility and trust. 

In theory, this study affirms and extends the Dynamic Capabilities Framework (Teece, 2007) 

with more recent trends such as AI, suggesting it acts as a highly advanced sensor, which 

drastically enhances the Sensing capability of a firm (Teece, 2007). This moves the 

bottleneck of innovation from detecting changes to adapting and embracing them, as these 

steps now take considerably longer than Sensing. Because of this, many firms now know 

what they need to do, but they may not have the agility to accomplish these changes. 

This study also validates Eisenhardt and Sull’s (2001) Simple Rules as a crucial mechanism 

when deciding the use of AI. When talking about contexts such as algorithmic complexity 

(dynamic pricing/ testing), traditional approaches hinder progress and risk outright failing 

due to the rigidity and overall slowness of the process (Leonard-Barton, 1992). Simpler 

methods (such as “Priority rules”) can connect strategic intent and capabilities, while still 

limiting the potential for disastrous results. 
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With regards to the managerial side of things, data availability dictates feasibility: Managers 

must identify and accept the crucial role existing data infrastructure plays (Facilitating 

Conditions from UTAUT) (Venkatesh et al., 2003). As pointed out by C7, the complete lack 

of these conditions stops the evolution process before it even begins. Another issue is 

managing trust: People in charge must balance trust effectively in all aspects (intra-company, 

trust of clients, trust between businesses) against the company’s other interests, as too low 

trust will lead to people being sceptical of adopting new technologies, such as AI (Blomqvist, 

2002). Rippling through the Ecosystem is another point to consider: Innovating a business 

model cannot take place purely inside a company. As pointed out by C2 and C8, in order to 

fully utilise AI to improve a business’s strategy, it requires data transparency and integration 

across the whole extended value stream, from suppliers to distributors (Venkatraman & 

Henderson, 1998). Because of this, companies can act less and less like isolated entities and 

must instead define their place in a wider network. 

Given the low number of participants in this study and the infancy of this technology, the 

results will have some degree of variance (Crilly et al., 2025) when compared to upcoming 

ones. The evolution of a certain industry or the tools used may induce a wider adoption. 

Future research should explore how financially viable this new model of selling services is, 

but also assess the impact of shifting from rigid structures to Simple Rules with regard to AI 

utilisation. Also, the more reserved industries which do not appear to be likely candidates 

for AI adoption should be examined more in-depth, in order to find possible solutions for 

overcoming current roadblocks (Hansen & Bøgh, 2021). 
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