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Abstract 
 

Strategic decision-making under uncertainty poses a central challenge for early-stage 

startups, and this complexity is further amplified in AI-driven environments characterized by 

rapid technological advancements and unpredictable markets. This study examines how 

strategic decisions are shaped and revised in an early-stage AI startup, with a particular focus 

on the interplay between technological and market uncertainty, based on a qualitative 

single-case study. The findings show that strategic decision-making in an early-stage AI 

startup does not follow a linear or predetermined process, but is shaped as an iterative and 

emergent process, with direction gradually developed through experimentation, market 

interaction, and organizational learning. The process is characterized by recurring tensions 

between customer desires and the internal vision, between technical possibilities and market 

demands, and between short-term survival needs and long-term ambitions. In addition, 

contextual factors such as resource constraints and the rapid development of AI technology 

both limit and enable the strategic decisions that can be made and implemented. Based on 

these insights, the study contributes to the literature by developing a process-oriented 

understanding of strategic decision-making in early-stage AI startups, where technological 

and market uncertainty interact simultaneously and the tensions between these dimensions 

shape how strategic decision-making evolves over time. 
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1.​Introduction 
This chapter introduces the background and research area of the study, along with key 

concepts related to strategic decision-making under uncertainty in early-stage AI startups. It 

aims to provide a broader understanding of the subject and its context, before presenting the 

purpose, research question and delimitations of the study. 

1.1 Background 

Strategic decision-making under uncertainty has long been central to strategy and innovation 

research (Simon, 1979; Eisenhardt, 1989; March, 1991). Under such conditions, 

decision-making is characterized by bounded rationality, where decision-makers lack 

complete information about both the problem and the possible outcomes, and therefore rely 

on simplified assumptions and ongoing interpretations of the external environment (Simon, 

1979; Eisenhardt, 1989). 

 

For newly established firms, particularly early-stage startups, these challenges tend to be even 

more significant. Early startups operate in an exploratory phase where neither the product nor 

the market is fully defined. While established firms may mitigate uncertainty by relying on 

historical data and market knowledge, early-stage startups must often navigate in a landscape 

characterized by limited information. Previous literature on this subject points out that 

uncertainty lies at the very heart of entrepreneurship, requiring entrepreneurial actors to make 

strategic choices regarding new ideas or technologies under conditions of incomplete 

information (Baier-Fuentes et al., 2019; McMullen & Shepherd, 2006).  

 

In this context, two forms of uncertainty emerge as particularly central: technological and 

market uncertainty (Sadeh & Dvir, 2020). Technological uncertainty concerns whether and 

how a new solution can be realized in practice, where technical challenges are difficult to 

anticipate in advance and must therefore be navigated through iteration and experimentation 

(Arora et al., 2024; Sommer & Loch, 2004). Market uncertainty further concerns whether 

there is actual demand for a solution, including difficulties in identifying customer needs and 

predicting how the market will respond to a new product or service (Packard et al., 2017). 

The relationship between these two types of uncertainty is, however, not straightforward. 

Some studies view technological and market uncertainty as analytically separate dimensions 

(Sadeh & Dvir, 2020; Oriani & Sobrero, 2008), while others describe a more sequential 
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process where technological development is expected to precede commercialization and 

market-related activities (Arora et al., 2024). In contrast, other studies emphasize that 

technological and market uncertainty are closely intertwined and influence each other over 

time (Gilbert-Saad et al., 2018). 

 

At the same time, the rapid emergence of artificial intelligence (AI) has introduced additional 

complexity into these processes. AI startups can be defined as ventures whose core value 

proposition is built on AI-based technology (Weber et al., 2022). In such startups, AI is not 

only used to create value for the company but also shapes the conditions under which 

decisions are made, with its possibilities and limitations often difficult to anticipate in 

advance (Abbas & Al-Lawati, 2025; Cristofaro et al., 2026). In emerging and rapidly 

evolving markets, where the technology is advancing at a fast pace and market conditions 

remain fluid, this duality becomes particularly evident. AI thus functions not only as a tool 

for managing uncertainty, but also as a source of new uncertainty that affects how strategic 

decisions are shaped (Tian et al., 2026).  

 

Although previous research has examined strategic decision-making in innovation contexts 

and highlighted both technological and market uncertainty, there is still a limited 

understanding of how strategic decision-making evolves in startups that are in the middle of 

major technological change. In such contexts, technological opportunities, market 

expectations, and competitive conditions evolve simultaneously, which makes it difficult to 

separate technological and market uncertainty as isolated dimensions. This gap becomes 

particularly evident in AI startups, where rapid technological development and the absence of 

established standards continuously reshape the conditions under which strategic decisions are 

formed and revised over time. 

 
Against this background, this study focuses on Weon, which is an AI startup developing a 

B2B solution for the fashion e-commerce industry. Operating at the intersection of a rapidly 

evolving technology and an industry undergoing significant digital transformation, Weon 

represents a particularly relevant empirical case for examining how strategic decisions are 

formed and revised during a phase widely recognized as decisive for whether a startup 

ultimately succeeds or fails. 
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1.2 Purpose 
Against this background, the aim of this thesis is to develop a deeper empirical understanding 

of how strategic decisions are shaped and revised in early AI startups, with particular focus 

on how technological and market uncertainty interact in the decision-making process. To 

address this aim, the following research question is formulated: 

 

How are strategic decisions formed and revised in an early-stage AI startup? 

 
By following Weon’s strategic decision-making process from its founding to the present, this 

study aims to provide insight into how strategic decisions evolve within a startup operating in 

an intensive phase of technological development and market entry in a rapidly changing AI 

environment. 

1.3 Delimitations  

Given the scope of this study, certain delimitations are made to enable a more focused 

analysis. First, the study does not examine decision-making as isolated and discrete choices, 

but rather as an ongoing process unfolding over time. Consequently, the analysis does not 

draw sharp distinctions between different types of decisions, but instead examines how 

interrelated decisions across technological and market aspects interact and collectively shape 

the firm’s overall direction over time. 

Second, the study is delimited to examining decision-making from an internal organizational 

perspective, meaning that the views of external actors, such as customers and investors, are 

not included in the analysis. This choice reflects the study’s focus on how strategic decisions 

are formed and revised within the company, rather than how they are perceived or evaluated 

by outside parties. 

Third, while artificial intelligence forms an important part of the empirical context, the study 

does not examine the technical characteristics of AI systems or specific AI models. Instead, 

the focus is on how AI is used in practice within the organization and how it shapes 

uncertainty and strategic decision-making. 
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2.​Literature Review 
This chapter reviews literature on how strategic decisions are formed and revised in 

early-stage startups. It begins with foundational perspectives on decision-making under 

uncertainty and bounded rationality, before focusing on entrepreneurial contexts where 

decisions emerge adaptively and are shaped by heuristics and biases. The review then 

examines technological and market uncertainty as key dimensions influencing early strategic 

choices, highlighting how startups navigate technical feasibility and market validation with 

limited information. Particular attention is given to how artificial intelligence (AI) reshapes 

these dynamics by altering how uncertainty is interpreted, managed, and acted upon. Finally, 

the chapter examines iteration, experimentation, and organizational learning as key 

mechanisms through which strategic direction evolves over time. 

2.1 Strategic decision-making  

2.1.1 Defining Strategic Decision-Making 

To understand how strategic decisions are formed and revised in early-stage startups, it is 

essential to first clarify what is meant by strategic decisions and how these have been 

understood in the organizational decision-making literature. Decision-making can be 

described as the process through which organizations identify problems, evaluate options, 

and decide on actions that shape organizational outcomes (Simon, 1979; Eisenhardt, 1989; 

March, 1991). Foundational research on decision-making in organizational contexts has 

particularly drawn attention to the cognitive and informational limitations that characterize 

decision-making, where actors often don’t have access to complete information or the 

opportunity to evaluate all courses of action (Simon, 1979; Cohen et al., 1972). Simon’s 

(1979) concept of bounded rationality suggests that decision-makers operate under conditions 

where they lack full information and are unable to evaluate all possible alternatives, which 

leads them to rely on simplified interpretations and judgments when making strategic 

decisions. Consequently, decisions are better understood as adaptive and ongoing processes 

shaped by learning rather than fully rational choices aimed at optimal solutions (Simon, 

1979). 

 

Building on this perspective, research has further focused on how decision-making takes 

shape in more dynamic, fast-moving, and uncertain environments. Eisenhardt (1989) 

7 



 

emphasizes that strategic decision-making in such contexts is characterized by real-time 

information and continuous adaptation rather than long-term forecasts that attempt to predict 

the future. In line with this view, Levitt and March (1988) emphasizes decision-making as a 

central part of organizational learning, where decisions involve an ongoing trade-off between 

exploring new opportunities and utilizing existing knowledge. A complementary perspective 

is provided by Mintzberg and Waters (1985), who argue that strategy should not only be seen 

as the result of conscious and planned action, but also as a pattern that emerges over time 

through the actual actions of the organization. The authors distinguish between deliberate 

strategies, where goals are implemented according to plan, and emergent strategies, where 

strategic direction is developed gradually through adaptation and learning. Mintzberg and 

Waters further argue that strategies typically reflect a combination of these two, referred to as 

an “umbrella strategy” where management defines overarching direction and boundaries 

(deliberate), while specific actions evolve within these constraints (emergent). Taken 

together, this body of research conceptualizes strategic decision-making as an adaptive 

process shaped by cognitive limitations and ongoing learning. 

2.1.2 Strategic Decision-Making in Startups 

In entrepreneurial contexts, these dynamic processes unfold under conditions of heightened 

uncertainty. Early-stage startups must make strategic decisions regarding new technologies 

and emerging markets without reliable historical data, established routines, or validated 

business models (McMullen & Shepherd, 2006; Baier-Fuentes et al., 2019). This uncertainty 

is conceptualized in Sarasvathy’s (2001) distinction between causation and effectuation, 

which offers two alternative logics for forming strategic decisions under conditions of 

unpredictability. Causation begins with a predetermined goal or desired effect and focuses on 

identifying the most effective means to achieve this goal. The logic is based on the 

assumption that the future is to some extent predictable and can be controlled through 

planning, analysis, and prediction. Effectuation, on the other hand, starts from the resources 

and conditions already available and focuses on what possible outcomes and goals can be 

created from these means. Here, the emphasis is on control over what is possible to influence, 

rather than trying to predict an uncertain future. The choice between these logics is not 

always clear-cut in early-stage startups, which suggests that strategic decision-making shifts 

between predictive and adaptive approaches over time (Sarasvathy, 2001). 
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The increasing use of artificial intelligence (AI), generally understood as data-driven 

algorithms that enable automated analysis, learning, and decision support, is further shaping 

how decision-making evolves in early-stage startups operating under uncertainty 

(Anantrasirichai & Bull, 2022; Helm et al., 2020; Abbas & Al-Lawati, 2025; Csaszar et al., 

2024; Cristofaro et al., 2026). In an entrepreneurial context, AI is often viewed as a form of 

resource that enables innovation and the development of new business ideas, where value is 

created through data analysis, automated decision support and autonomous functions (Weber 

et al., 2022; Ștefan et al., 2025). Cristofaro et al. (2026) show that AI can enhance 

decision-making processes by increasing both the volume and depth of identifying different 

opportunities and evaluating them. Similarly, Abbas and Al-Lawati (2025) argue that AI 

adoption in startups involves a shift from more traditional decision-making towards 

data-driven strategies, where AI is integrated into core business and used to support both 

operational decisions and market-related activities. 

 

While several studies highlight the potential of AI to enhance analytical precision and 

improve strategic decision-making, Roundy (2022) argues that the use of AI not only affects 

individuals’ decision-making behavior but also changes the context within which decisions 

are made. When algorithmic systems replace human interactions, the dependence on 

network-based and experiential knowledge decreases, which can mean that strategic 

decisions are based more on formal analysis than on experiential judgment, and may be 

particularly challenging in uncertain environments where data alone can be insufficient 

(Roundy, 2022). A recurring view in the literature is that AI should be understood as a 

decision support rather than a replacement for human judgment (Cristofaro et al., 2026; 

Csaszar et al., 2024). Cui and Yasseri (2024) further develop this perspective by explaining 

how to combine human intuition and creativity with AI’s computational power and fast data 

processing in strategic decision-making. They argue that although AI can contribute to 

analyzing and processing data, it is ultimately humans who must make the final decisions and 

provide the most significant contributions to decision-making processes. 

2.1.3 Strategic Decision-Making under Biases and Heuristics 

In these uncertain and innovation-driven contexts, strategic decisions become increasingly 

dependent on individual judgment rather than systematic analysis (Busenitz, 1999). As a 

result, the cognitive mechanisms through which decision-makers interpret information 
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become central to understanding strategic outcomes. Prior research has emphasized the role 

of heuristics and systematic biases in shaping entrepreneurial decision-making (Busenitz & 

Barney, 1997). Heuristics are defined as mental shortcuts through their rules, strategies, or 

rules of thumb to simplify decision-making (Busenitz, 1999). By considering less 

information, individuals can still reach satisfactory solutions despite limited resources and 

time pressure (Busenitz, 1999; Cossette, 2014). Biases include systematic errors in judgment 

and estimation that arise as a result of human cognitive limitations (Cossette, 2014). In 

strategic contexts, these cognitive mechanisms can be understood as influencing how 

decision-makers interpret uncertainty, evaluate alternatives, and ultimately shape the 

direction of the firm  (Busenitz, 1999). Building on this,  heuristics enable the formation of 

rapid initial decisions under uncertainty, while cognitive biases may hinder the revision of 

these decisions by reinforcing initial judgments even in the presence of new information 

(Busenitz, 1999; Cossette, 2014). 

 

In entrepreneurial contexts, decision-making is characterized by a high degree of uncertainty, 

which means that cognitive biases can function as a defense mechanism that enables 

decisions to be made even when the outcomes are difficult to predict (Mongrut & Juárez, 

2018). Simon et al. (2000) found that individuals who perceive situations as less risky are 

more likely to initiate new ventures, which suggests that entrepreneurial action is shaped not 

only by actual risk, but also by cognitive distortions in how uncertainty is interpreted. 

Overconfidence is frequently highlighted as a central bias in entrepreneurship, where 

individuals overestimate their own ability in relation to reality, enabling venture creation 

while also creating challenges as the business develops (Gudmundsson & Lechner, 2013; 

Busenitz & Barney, 1997). Similarly, illusion of control is also mentioned in studies as a 

common bias that occurs when critical decisions are made in startups. This refers to 

individuals who overestimate their own ability to influence an outcome that is controlled by 

external factors or chance, which makes them tend to underestimate potential risks (Nuijten et 

al., 2020; Simon et al., 2000).  

 

Building on this, recent research has also highlighted how the increasing use of artificial 

intelligence introduces new forms of cognitive bias in decision-making processes. While AI 

is often associated with enhanced analytical precision, Keding and Meissner (2021) draw 

attention to the behavioral consequences of AI-based advisory systems. Their study shows 

that decision-makers tend to rely more on AI-generated recommendations than on equivalent 
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human advice and that the use of AI is associated with a higher perceived decision quality. 

The authors link this to the concept of automation bias, where people are more likely to use 

AI’s suggestions as a mental shortcut instead of actively searching for and reviewing 

information themselves. In this way, the authors argue that AI not only affects the content of 

strategic decisions but also how the decision-making process is structured and to what extent 

decisions are questioned or reconsidered.  

2.2 Market and Technological Uncertainty in Early-Stage Startups 

In startup contexts, uncertainty arises in different forms, with technological and market 

uncertainty being two central dimensions shaping strategic decision-making (Arora et al., 

2024; Sadeh & Dvir, 2020). However, prior research differs in how the relationship between 

these dimensions is understood. Some studies conceptualize these as analytically distinct but 

co-existing dimensions (Sadeh & Dvir, 2020; Oriani & Sobrero, 2008), whereas others adopt 

a more sequential view, where technological development precedes commercialization 

activities (Arora et al., 2024). In Arora et al.’s (2024) view, upstream technological 

challenges must be addressed before downstream activities such as scale-up, marketing, and 

distribution can be undertaken. In contrast, Gilbert-Saad et al. (2018) argue that under 

conditions of absolute uncertainty, technological and market considerations become closely 

intertwined through entrepreneurs’ ongoing interpretation and shaping of opportunities. The 

following sections examine each of these uncertainty dimensions in turn, beginning with 

technological uncertainty and its implications for strategic decision-making. 

2.2.1 Technological Decision-Making 

Technological uncertainty plays a central role in shaping strategic decision-making in the 

early development phase, where startups often introduce novel technologies before their 

technical implications are fully understood. As a result, technical challenges and risks are 

often identified only during or after implementation, rather than in advance (Teberga & Oliva, 

2018). Due to limited resources and time pressure, these challenges are often addressed 

through practical learning and trial-and-error rather than through extensive upfront analysis. 

Technological development in early startups thus becomes an iterative process where 

solutions are gradually adjusted based on new information that emerges during 

implementation (Sommer & Loch, 2004; Teberga & Oliva, 2018). In line with this, 

entrepreneurship research emphasizes that technological decisions under high uncertainty are 
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often treated as experimental ventures rather than final choices (McGrath, 1999). 

Accordingly, by considering technological initiatives as temporary experiments, companies 

can gradually reduce technological uncertainty and generate new knowledge, even when 

individual solutions do not lead to immediate success. 

2.2.2 Market-Related Decision-Making 

While technological uncertainty centers on whether an innovation can be built, market-related 

decision-making concerns whether it will be valued and adopted. Market-related 

decision-making is characterized by a form of uncertainty where actors often lack reliable 

information about how the market and customers will react to a new offering (Packard et al., 

2017). Unlike established markets, where historical data can be used to analyze demand and 

customer preferences, startups find themselves in market situations with limited knowledge 

and unpredictability. Even when companies have a clear idea of ​​their offering, they cannot 

predict how customers or competitors will react, which Packard et al. (2017) refer to as 

environmental uncertainty. In such contexts, strategic decision-making becomes a continuous 

process of reconsideration, where assumptions about the market are tested and revised over 

time as new information and feedback from customers emerges. 

 

While prior research emphasizes how market feedback supports the revision of strategic 

decisions under environmental uncertainty, Gilbert-Saad et al. (2018) focus on earlier stages 

of higher uncertainty, where decisions are primarily guided by the entrepreneur’s vision in the 

absence of reliable feedback. The authors introduce design heuristics as practical tools that 

enable entrepreneurs to act despite limited and subjective information. Instead of striving for 

objectively rational or “correct” decisions, entrepreneurs act based on their vision and 

creative imagination to shape market opportunities, which the authors believe is particularly 

prominent in the early stages of business development (Gilbert-Saad et al., 2018). 

2.2.3 The Role of Artificial Intelligence in Shaping Technological and Market 

Uncertainty 

Within the technical dimension, AI can be used to streamline internal processes and generate 

real-time insights that address technological challenges and support resource allocation 

(Abbas and Al-Lawati, 2025). This implies that AI functions as an enabler by contributing 

predictive analytics and data-driven insights that can strengthen decision-making in uncertain 
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environments (Basri et al., 2024; Tian et al., 2026). At the same time, AI introduces new 

forms of uncertainty linked to its implementation, where, for example, dependence on data 

quality and high demands on resources and skills can affect the feasibility of technical 

solutions (Basri et al., 2024). The rapid technological development and the lack of established 

standards also contribute to uncertainty about which solutions are sustainable in the long term 

(Tian et al., 2026). Overall, previous research indicates that AI can both reduce and create 

uncertainty in technical development. 

 

At the same time, AI influences market-related uncertainty by shaping how startups identify 

and evaluate market opportunities. AI enables market expansion through predictive analysis, 

customer segmentation, and identification of new market opportunities, which strengthens the 

assessment of market potential under uncertainty (Abbas and Al-Lawati, 2025). At the same 

time, reliance on AI-driven insights may create challenges, as data-driven predictions may 

not necessarily capture underlying customer needs or emerging market dynamics. This can 

lead startups to prioritize incremental improvements based on existing patterns rather than 

identifying new and unique market opportunities (Cristofaro et al., 2026). Furthermore, 

dependence on AI-generated insights introduces a vulnerability, as biased or incomplete data 

may result in inaccurate conclusions and misleading interpretations of customer behavior 

(Basri et al., 2024). 

 

Although AI has become increasingly prominent in both entrepreneurial and organizational 

contexts, the previously discussed literature suggests that the current body of research 

remains fragmented and still evolving (Abbas & Al-Lawati, 2025; Cristofaro et al., 2026). 

Existing literature thus highlights a limited understanding of how startups implement AI and 

derive value from it in practice, particularly in dynamic and uncertain environments. 

2.3 Strategic Decision-Making as an Iterative Learning Process   

2.3.1 Organizational Learning under Uncertainty 
Given that early-stage startups operate under both technological and market uncertainty, a 

central question is how strategic decisions are formed and revised when neither technical 

feasibility nor market demand can be predicted in advance. Research on strategic 

decision-making under uncertainty suggests that strategic priorities are continuously 
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re-evaluated and adjusted over time (Eisenhardt, 1989; March, 1991; Packard et al., 2017). 

March (1991) furthers this view by describing organizational learning as a balance between 

exploration and exploitation. Exploration involves searching and experimenting, while 

exploitation refers to refining existing knowledge with more predictable outcomes. 

According to March (1991), the trade-off between exploration and exploitation becomes 

particularly complex in situations characterized by uncertainty, where exploration involves 

more uncertain and long-term outcomes, while exploitation provides faster and clearer 

feedback. This asymmetry means that organizations risk prioritizing short-term 

improvements (exploitation) over more uncertain development initiatives (exploration), 

which makes continuous reassessment of strategic priorities central in uncertain contexts 

(March, 1991). 

2.3.2 Experimentation as a Strategic Response to Uncertainty 

Several studies highlight experimentation as a central principle in entrepreneurial 

decision-making and strategy formulation (Koning et al., 2022; Nicholls-Nixon et al., 2000; 

Hall & Hasan, 2023; Lichtenstein et al., 2003). Instead of basing strategic choices on 

assumptions or intentions, organizations experiment systematically by testing ideas with 

controlled experiments and then basing decisions on empirical results. Digital 

experimentation, for example, through A/B testing, enables a systematic and controlled 

decision-making process where entrepreneurs can compare alternative solutions and 

empirically evaluate which alternative generates the best outcome (Hall & Hasan, 2023). By 

collecting user feedback through methods such as interviews, the usability and functionality 

of the product can also be iteratively improved (Hall & Hasan, 2023; Koning et al., 2022). 

Experimentation can thus be applied not only for incremental adjustments, but also to 

evaluate broader strategic changes, such as new products or alternative business models 

(Koning et al., 2022). 

 

Research indicates that strategy formation in startups largely occurs through an iterative 

process of trial and error, where entrepreneurs gradually develop mental models and make 

continuous adjustments to understand and adapt to their environment (Nicholls-Nixon et al., 

2000; Levitt & March, 1988). From an organizational learning perspective, trial-and-error 

working methods result in new routines and beliefs that explain how the probability of using 

a routine increases when it is associated with something successful, which provides selective 
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advantages (Levitt & March, 1988; Lichtenstein et al., 2003). Startups can therefore gain an 

advantage from this type of learning as they are in a developmental phase and are not yet 

bound by established organizational routines (Lichtenstein et al., 2003). 

 

Building on this, strategic decisions evolve through iterative feedback loops, where outcomes 

are continuously evaluated against underlying assumptions and used to guide subsequent 

adjustments (Ries, 2011). Within Ries’ Lean Startup logic, this process is captured in the 

Build-Measure-Learn cycle, where hypotheses are tested through experiments and simplified 

product versions to enable empirical evaluation. Through this process, validated learning is 

achieved, which Ries describes as a more systematic way of empirically assessing whether 

the team has gained insights into the viability of the startup, and thereby reducing the risk of 

efficiently executing plans that may ultimately lead to failure. A control mechanism in such 

processes is threshold-based decision-making, where organizations implement changes only 

if experimental results exceed a predefined level of improvement (Hall & Hasan, 2023). 

Thresholds thus function as decision criteria that indicate when a strategy should be 

continued or revised, helping to balance rapid iteration with the need for stability and 

long-term performance. 

 

Taken together, the reviewed literature is summarized in Figure 1, which presents the 

theoretical framework guiding this study. 

 

Figure 1. Theoretical framework developed by the authors. 
 

The theoretical framework integrates three interconnected bodies of literature. Strategic 

decision-making under uncertainty is conceptualized as an adaptive and emergent process 
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shaped by bounded rationality and real-time adaptation (Simon, 1979; Eisenhardt, 1989; 

Mintzberg & Waters, 1985). In early-stage AI startups, the rapid development of AI further 

amplifies uncertainty and shapes the conditions under which strategic decisions are formed 

and revised (Abbas & Al-Lawati, 2025; Tian et al., 2026). In this context, two forms of 

uncertainty are particularly central: technological uncertainty, concerning whether a solution 

can be realized in practice (Sommer & Loch, 2004; Teberga & Oliva, 2018), and market 

uncertainty, concerning whether there is actual demand for it (Packard et al., 2017; 

Gilbert-Saad et al., 2018). To navigate these uncertainties, the literature emphasizes 

experimentation, organizational learning, continuous feedback, and adaptation as central 

mechanisms through which strategic direction gradually evolves over time (March, 1991; 

Ries, 2011). 
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3. Methodology 

This chapter presents the methodological starting points of the study and explains the 

methodological choices that form the basis for answering the research question. The chapter 

is structured in sections that address the research strategy, research design, data collection, 

data analysis, research quality, and ethical considerations, with the aim of creating 

transparency about how the study has been conducted. 

3.1 Research Strategy 

The study adopts a qualitative research strategy, as the aim is to explore how strategic 

decisions are formed and revised in an early-stage startup. According to Bell et al. (2022), a 

qualitative approach is appropriate for studies that seek to understand and capture 

participants’ perspectives and interpretations, rather than to measure frequency or variation. 

Since the study is guided by a how-oriented research question, it aims to explore actors’ 

experiences, reasoning, and interactions within a complex and uncertain organizational 

context over time. 

 

The study follows an abductive research approach that integrates both deductive and 

inductive elements, where initial theoretical concepts related to technological and market 

uncertainty informed the empirical focus, while the analysis remained open to new insights 

emerging from the data (Saunders et al., 2023). This approach is suitable for a case study, as 

it allows for an iterative analysis where insights are developed progressively during the 

research process (Saunders et al., 2023). To illustrate how the abductive approach was 

applied in practice, Figure 2 presents examples of how theoretical assumptions and empirical 

observations iteratively informed each other during the analysis. 

 

A quantitative research strategy is considered less suitable for the purpose of this study, as it 

risks simplifying a complex and context-dependent phenomenon (Bell et al., 2022). This 

study instead focuses on analytical depth and understanding of processes rather than on 

statistical generalizability. 
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Figure 2. Illustration of examples of how theoretical assumptions and empirical insights iteratively 

informed each other during the abductive research process. 

3.2 Research Design 

Based on the qualitative and exploratory research strategy described above, the study is 

designed as a case study. According to Bell et al. (2022), a case study design is appropriate 

when the aim is to conduct an in-depth and contextual analysis of a phenomenon that is 

characterized by complexity and situational dependence. The case study thus enables an 

analytical understanding of how decision-making processes are shaped and practiced in an 

early startup. This design is also particularly suitable for addressing how-questions, which 

aligns with the study’s research question on how strategic decisions are formed and revised 

under technological and market uncertainty (Yin, 2009). 

 

The study is based on a single-case design, where the focus is on a specific company rather 

than comparisons between multiple cases. This choice is motivated by the exploratory nature 

of the study and by the ambition to achieve analytical depth rather than identifying patterns 

across cases. According to Mariotto et al. (2014), a single case study can be a valuable 

approach to theory building despite frequent criticism regarding its limited statistical 

generalizability, as it enables an in-depth understanding of complex phenomena and allows 

researchers to capture nuances that may be overlooked in multiple-case studies. 

 

Consistent with the study’s delimitation of viewing strategic decision-making as an ongoing 

and iterative process rather than a series of isolated and discrete choices, the study adopts a 

process-oriented perspective. This implies a focus on how strategic decisions evolve over 
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time through sequences of iterations, adjustments, and shifts in strategic direction, shaped by 

ongoing interactions between technological development and market feedback.  

3.2.1 Case Company 

Weon is an AI startup operating in the fashion e-commerce industry. The company has 

developed AI-based B2B solutions that aim to support fashion e-commerce companies in 

managing challenges related to fit and size selection in the digital shopping process. Their 

solutions are designed to increase customer confidence in purchasing decisions and thereby 

address issues related to product returns and conversion rates (Weon, n.d).  

 

At the time of the study, Weon operates in a phase characterized by ongoing development and 

early commercialization. The company has developed three versions of its offering: Version 

1, consisting of AI-generated Photoshoots, Version 2, a data-driven size recommendation 

solution, and Version 3, a more advanced solution that enables the end customer to visualize 

clothing fit on a personal AI-generated avatar, called “perfect fit”. While Version 2 has been 

partially commercialized, Version 3 is still under development and is expected to launch in 

late spring 2026. Since the company was founded in 2022, the company has progressed 

through multiple iterations of its solution, including continuous adjustments in both 

technological development and market positioning. This makes the case particularly suitable 

for examining how strategic decisions are formed and revised over time in an early-stage 

context. 

 

Studying Weon enables an empirical explanation of how strategic decision-making is shaped 

in a context where technological and market uncertainty coexist and continuously influence 

each other, rather than occurring sequentially. In addition, the company operates in a rapidly 

evolving AI field, where both the technology and the market have developed at a fast pace in 

recent years. This means that Weon has continuously had to manage changes linked to both 

technological opportunities and customer needs.  

 

In addition to its empirical relevance, Weon is interesting to study from a theoretical 

perspective. As outlined in the literature review, strategic decision-making in early-stage 

startups is characterized by a high degree of uncertainty, where both technological and market 

dimensions are difficult to predict and analyze in advance. Despite this, much of the existing 
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research is either conceptual or treats these dimensions separately, which means that there is 

still limited understanding of how these two interact in practice in early stages, especially in 

contexts where AI further amplifies this complexity.  

 

Against this background, Weon represents a suitable case for addressing the study’s research 

question. The feasibility of the study is strengthened by good access to the company via 

established contacts with the founders, which enables the collection of primary data through 

interviews with people in central roles. 

3.3 Data Collection 
The study collected and used both primary data and secondary data. By using multiple 

sources, it aims to enrich the analysis and increase the credibility of the study (Bell et al. 

2022). The primary data collection consisted of semi-structured interviews with individuals at 

the case company, while secondary data were collected from multiple sources to enable 

triangulation and complement the interviews. According to Bell et al. (2022), this approach is 

particularly relevant in a single case study, as the use of multiple data sources enables a more 

comprehensive understanding of the case and enhances the validity of the study. 

 

Data Source Title Date(s) Length of interview(s) Location 

Monthly 
update 
meeting 

Co-Founders 2026-01-28 
2026-02-16 
2026-03-25 

30 min 
15 min 
25 min 

Zoom/Teams 

Interview (1) Co-Founder A 2026-03-13 
2026-04-20 

50 min 
25 min (follow-up 
interview) 

Teams 
On-site 

Interview (2) Machine Learning Engineer 2026-03-17 32 min Teams 

Interview (3) Co-Founder B 2026-03-17 
2026-05-21 

48 min 
20 min (follow-up 
interview) 

Teams 
 

Interview (4) Co-Founder C 2026-03-17 36 min Teams 

Interview (5)  Founder’s Associate  2026-03-18 41 min Teams  

Interview (6)  Machine Learning Engineer 2026-03-29 28 min Teams 

Internal 
documents 

N/A 2023-2026 ≈ 60 Pages Provided by Weon 
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External 
documents 

3 Articles 
1 Podcast 
1 Live Webinar 

2024-2026 3 pages 
19 minutes 
43 minutes 

Publicly available 
media sources 
(see Appendix II) 

Table 1: Overview of data sources and interview participants. 

3.3.1 Primary Data Collection 

3.3.1.1 Sampling Process 

The purpose of the sample composition was to ensure variation in perspectives rather than 

breadth in the number of respondents. The respondents were therefore selected from strategic 

management roles, technical development roles, and roles with responsibility for 

market-related issues. By including participants from different functional areas within the 

organization, the study aimed to capture a range of perspectives on how strategic decisions 

are formed and revised under uncertainty and thus enabling an analysis of both common 

patterns and differences within the same organizational context (Bell et al., 2022). In 

early-stage startups, decision-making is typically concentrated among a limited number of 

key actors (Gilbert-Saad et al., 2018), meaning that a smaller sample can still capture the core 

strategic processes within the organization (Saunders et al., 2023). As Weon operates with a 

small core organization of six full-time employees, the interview sample was considered 

sufficient to capture relevant organizational perspectives. Four full-time employees and two 

part-time employees were interviewed. As the two remaining full-time employees held 

organizational roles similar to those already represented in the sample, part-time employees 

were included to provide complementary perspectives and experiences relevant to the study. 

Furthermore, a criterion was that all interviewees had worked at the company for at least one 

year. To ensure anonymity, specific roles, especially among co-founders, have been 

generalized in Table 1, as more detailed role descriptions would allow for identification of 

individual respondents given the small size of the company. 

3.3.1.2 Semi-structured Interviews 

The collection of data was conducted through semi-structured interviews. This method 

enables the gathering of detailed and contextualized empirical data that captures the 

respondents’ experiences and interpretations in relation to the study’s research question (Bell 

et al., 2022). The interviews were conducted individually with selected respondents within 

the studied company.  
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The interview guide was structured based on the research question and guided by the 

theoretical framework, which helped identify key dimensions of strategic decision-making in 

early-stage startups. It was further refined using both internal and external sources, including 

company documents, media interviews, and articles about the case company. This supported 

the formulation of relevant and case-informed questions, while still allowing the flexibility to 

follow up on emerging themes during the interviews. Figure 3 illustrates how the interview 

guide was developed through a combination of an initial chronological mapping of the 

company’s development, internal and external documents, and insights from the literature 

review, to make sure that the questions were anchored in both theoretical concepts and key 

events in the firm’s history. To capture this process empirically, respondents were asked to 

reflect on how the company’s strategic direction had evolved since its founding, including 

key turning points, revisions, and shifts in priorities. 

 

The same interview guide was used across all respondents; however, the interviews were 

adapted through follow-up questions based on the respondents’ roles and areas of 

responsibility. This allowed for the exploration of different perspectives while maintaining a 

consistent analytical focus. To ensure anonymity, all interview participants have been 

assigned identifiers (Interviewee 1–6). These identifiers are used consistently throughout the 

empirical findings when presenting interview excerpts.  

 

 

Figure 3. Development of the interview guide based on empirical mapping and literature. 
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3.3.2 Secondary Data Collection 
Internal documents, including meeting notes, pitch decks, and presentation materials, were 

reviewed to gain further insight into the company’s development and decision-making 

processes. These internal documents were shared by the case company under conditions of 

confidentiality. As such, they are not publicly accessible and have been used exclusively to 

complement and support the analysis of the empirical data. External data consisted of 

previously published articles and interviews from industry media, as well as podcast and 

webinar material. Links to the external documents can be found in Appendix II.  

3.3.3 Literature Collection 

To ensure a systematic literature review, literature searches were conducted in Google 

Scholar as well as in the University of Gothenburg’s database “Primo Super-Search”. 

Peer-reviewed status of the articles was verified through database filters in Primo 

SuperSearch and, when necessary, through manual assessment of journal credibility. The 

search process began with broader concepts and keywords such as strategic decision-making 

and early-stage startups to gain a general understanding of the research field. It was then 

refined using more specific dimensions relevant to the study, including technological 

uncertainty, market uncertainty, and artificial intelligence. This approach enabled the 

identification of central themes and perspectives, which, in line with Webster and Watson 

(2002), contributed to establishing the overall direction of the study’s research question. 

 

To balance theoretical depth and contemporary relevance, the review integrates both 

foundational and recent literature. Earlier studies were included to capture core theoretical 

perspectives on decision-making, while more recent articles, particularly within the field of 

AI, were prioritized to reflect the rapidly evolving nature of the research context. For 

AI-related literature, emphasis was therefore placed on studies published from 2021 onwards. 

Given the broad nature of artificial intelligence, the search was limited to studies that relate 

AI to strategic decision-making, with a particular focus on startups and entrepreneurial 

contexts. 

3.4 Data Analysis 

Following each interview, the recordings were transcribed using the built-in transcription 

function in Microsoft Teams. The analysis was conducted using thematic analysis, where the 
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interview material was systematically coded and analyzed to identify recurring patterns and 

themes in how uncertainty is interpreted and managed within the company. This approach 

enabled a structured analysis of the qualitative data, where the empirical material was 

organized and interpreted in relation to the study’s research questions (Bell et al., 2022).  

 

The thematic analysis was inspired by the framework proposed by Braun and Clarke (2006), 

where the empirical data was systematically processed through successive stages of coding 

and theme development. Initially, all interviews were transcribed to create a manageable 

analytical basis for further processing, and these transcripts were read multiple times to 

become familiar with the material. Then, an initial coding of the material was done, where 

meaningful data segments were identified and preliminary codes were assigned that were 

close to the respondents’ own answers. These initial codes were then compared and grouped 

into more abstract broader categories, based on their centrality to the research purpose. These 

concepts were then combined and organized into themes that captured central patterns in the 

respondents’ reflections on decision-making processes under uncertainty. The aim was to 

create themes that could tell something helpful about the data and were therefore 

continuously reviewed and adjusted in relation to the empirical material to ensure that they 

were clearly defined and relevant to the purpose of the study (Braun & Clarke, 2006). 

Appendix III shows an overview of the thematic analysis, including the coding structure and 

the development of the themes. 

3.5 Research Quality 

3.5.1 Trustworthiness  

Given the qualitative research approach used in this thesis, research quality is evaluated 

through the framework of trustworthiness, which includes the criteria of credibility, 

transferability, dependability, and confirmability (Lincoln & Guba, 1985). These criteria have 

been used to ensure the rigor and quality of the study throughout the research process. 

3.5.1.1 Credibility 

Credibility within trustworthiness refers to the extent to which the study’s findings are 

perceived as believable (Lincoln & Guba, 1985). In qualitative research, the concept largely 

corresponds to internal validity and focuses on whether the researcher’s interpretations 

convincingly reflect the social reality being studied (Bell et al., 2022). 
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Within this study, credibility was strengthened through the use of semi-structured interviews 

with a purposive sampling approach. Respondents were selected based on their relevance to 

the research question, and by including individuals with different roles within the company, 

the aim was to capture a variation of perspectives within the same organization.  

 

Furthermore, the study applied triangulation to strengthen credibility, where the 

semi-structured interviews were complemented with secondary data (Bell et al., 2022). This 

secondary data consisted of internal protocols and documents from the company, as well as 

public sources. By combining different types of data, the study’s findings could be analyzed 

from multiple perspectives, which further contributed to strengthening the study’s credibility 

(Bell et al., 2022). As the study relies on participants’ reflections on past decisions, there is a 

risk that their accounts are influenced by retrospective sense-making. In addition to this risk, 

the secondary data used, such as articles and digital events, may partly be influenced by how 

the company communicates in the media. To address these limitations, internal documents, 

such as meeting notes, constituted a valuable complement, as they originated from the 

relevant time period and provided access to internal accounts that could be used to compare 

both interview data and external representations.  

 

To further strengthen the study’s credibility, respondent validation was also conducted. 

Follow-up conversations were conducted with two of the co-founders at later stages of the 

research process, approximately one month and two months after the initial interviews, 

respectively. During these conversations, the interview transcriptions and interpretations of 

the empirical material were discussed. As the study is based on a single case design and a 

limited number of interviews, it was important for the authors to ensure that the respondents’ 

perspectives were interpreted correctly. During these follow-up conversations, the 

respondents were also given the opportunity to clarify or correct previous statements, which 

contributed to ensuring that the interview material accurately reflected their experiences. 

While the validation was conducted with only two of the respondents, these persons held 

central roles within the organization, providing a comprehensive overview of the studied 

case. Due to time constraints and the respondents’ focus on finalizing their most advanced 

product to date, set to be launched during late spring 2026, additional participants did not 

have sufficient time to participate in the validation process. However, it is acknowledged that 

involving more respondents could have further strengthened the credibility of the findings. 
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3.5.1.2 Transferability 

Transferability refers to the extent to which the findings of a study can be relevant or 

applicable in other contexts or social settings (Lincoln & Guba, 1985). As this study is based 

on a single case study and a limited number of interviews, the findings are rather 

context-specific. The aim is therefore not to achieve statistical generalizability, but to 

contribute to a deeper understanding of how strategic decisions are shaped in an early-stage 

AI startup (Bell et al., 2022). At the same time, Weon represents a particularly relevant case 

due to its operation at the intersection of a rapidly evolving technology and an industry 

undergoing significant digital transformation, and the patterns identified may be applicable to 

other early-stage AI startups operating under similar conditions of high technological and 

market uncertainty. 

3.5.1.3 Dependability 

Dependability refers to the extent to which the research process is transparent and 

systematically documented, allowing the reader to follow how the study’s findings have been 

developed (Lincoln & Guba, 1985). In this study, dependability was strengthened through a 

clear account of the research process, including how the abductive approach was applied. By 

describing how the study moved between theory and empirical data during the analysis, the 

reader is given insight into how interpretations and conclusions were developed throughout 

the study. 

 

To further strengthen the study’s dependability, an interview guide was used and shared with 

the company and respondents before the interviews were scheduled. The purpose was to 

provide participants with a clear understanding of the topics intended to be covered in the 

interviews. This contributed to a more structured and transparent data collection process. 

 

Furthermore, the research process and preliminary findings were discussed on a monthly 

basis with the supervisor and fellow students. By receiving feedback and discussing 

methodological choices and interpretations, this enabled the authors to develop and refine 

arguments, which according to Bell et al. (2022), contributes to ensuring that the conclusions 

are well grounded in the empirical material. 
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3.5.1.4 Confirmability 

Confirmability constitutes the final component and refers to the extent to which the study’s 

findings are grounded in the empirical material rather than in the researchers’ own values 

(Lincoln & Guba, 1985). In qualitative research, complete objectivity is considered difficult 

to achieve, as the researcher’s perspectives, experiences, and methodological choices may 

influence how data is collected, interpreted, and analyzed (Bell et al., 2022). 

 

To strengthen confirmability, the researchers have aimed to act in good faith and not 

consciously allow personal values to influence the results. This has been pursued through a 

transparent account of the research process, where data collection, sampling, and analysis are 

clearly described. By following a systematic thematic analysis in line with Braun and Clarke 

(2006), the researchers have strived to ensure that the identified themes are clearly linked to 

the participants’ actual responses and perspectives. It should, however, be noted that it is still 

impossible to fully eliminate all bias in a qualitative study, as the researcher inevitably 

influences the research process through their own interpretations (Bell et al., 2022). 

3.6 Ethical Considerations and Limitations 

3.6.1 Reflection on Research Ethics 

In accordance with the ethical guidelines outlined by Remenyi (1998), all participants in the 

data collection process were informed about the purpose of the study and what their 

participation entailed. The participants were also given information about what the interviews 

would cover and which topics would be discussed, which allowed them to make an informed 

decision about their participation. Furthermore, the participants were informed about how the 

collected data and material would be used exclusively for research purposes within the 

framework of this thesis. 

 

Participation in the study was completely voluntary, and all participants gave their consent to 

participate. The respondents were also informed that at any time during the interview, they 

had the opportunity to refrain from answering a question or not to share information that they 

did not feel comfortable providing. In this way, it was ensured that participation took place on 

the participants’ own terms. 
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During data collection, the aim was to only collect information that was relevant to the 

purpose of the study and research questions. No sensitive personal data was requested or 

intentionally collected. In cases where such information was nevertheless mentioned during 

the interviews, this has been removed, in dialogue with the respondent, in connection with the 

transcription to ensure that no sensitive information is processed in the material and in 

accordance with Swedish Data Protection Regulations, Dataskyddsförordningen (GDPR) 

(University of Gothenburg, n.d.). 

 

To ensure confidentiality and protect the identity of the participants, all names have been 

anonymized in the report. The interviews were recorded in order to enable correct 

transcription and to not lose the data. The participants were informed about the recording 

before the start of each interview and were asked to give consent to the interview being 

recorded, which all respondents agreed to. After the thesis has been completed, all recordings 

and associated material will be deleted (University of Gothenburg, n.d.). The data collected 

within the framework of the study have been used exclusively for research purposes and only 

in connection with the work on this thesis. No information has been used in other contexts or 

shared with outsiders. The guidelines from the University of Gothenburg regarding GDPR 

have been followed to ensure that personal data has been handled correctly (University of 

Gothenburg, n.d.). 

3.6.2 Use of Artificial Intelligence 

Throughout this thesis, generative AI has been used in a limited and transparent manner in 

accordance with the School of Business, Economics, and Law’s guidelines for the use of 

generative AI in higher education. AI-based tools have been used exclusively as support for 

improving grammar, suggesting improvements to the logical flow and structure of the thesis. 

The reasoning, interpretation, and conclusions contained in this work belong to the authors 

and are grounded in relevant academic literature. AI tools have not been used as a source. 
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4. Empirical Findings  

This chapter presents the study’s empirical results, which are primarily based on interview 

data and complemented by secondary data. The findings are structured around three 

interrelated dimensions of strategic decision-making: (1) the iterative process through which 

decisions evolve, (2) tensions that shape and reshape this process, and (3) contextual drivers 

that enable and constrain this decision-making process. 

4.1 Strategic decision-making as an iterative and market-driven 

learning process 

The first theme examines how decision-making in the company evolves as an iterative and 

market-driven process, where direction is shaped over time through learning, experimentation 

and interaction with customers. The results also show how the company balances long-term 

ambitions with short-term demands for survival. 

4.1.1 Experimentation and learning in decision-making 

The results showed that decision-making in the company does not follow a linear or 

predetermined process, but develops through continuous testing, evaluation and 

reformulation of ideas, where the direction is gradually shaped as new insights are created. 

This is particularly evident in how Weon’s business concept has changed over time. Initially, 

the company operated under the assumption that AI-generated photoshoots could replace 

traditional photoshoots. Despite a high level of confidence in the idea, tests and customer 

interactions showed that the solution did not meet market requirements, primarily due to 

insufficient image quality. This led the company to reformulate its offering and instead focus 

on solutions linked to size recommendations, with the aim of addressing problems related to 

returns.  

 

 

Figure 4. Initial shift from AI photoshoots to fit and sizing solution. 
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Beyond this more substantial shift, it is evident that smaller adjustments and adaptations also 

have occurred continuously. A recurring pattern among respondents is that hypotheses are 

tested through customer dialogues, pilot projects, and prototypes before being further 

developed or reformulated. These tests, for example, involve integrating Weon’s solution into 

different customers’ websites to collect data on how the product is used, such as how end 

users interact with the solution. Several respondents highlighted how these tests often lead to 

initial assumptions being re-evaluated, as solutions that appear viable in theory do not 

necessarily hold in practice. Consequently, solutions that do not meet a sufficient standard or 

lead to improvements based on these test outcomes are typically not further developed. 

 

Interviewee 4: It’s a back and forth process: we get an idea, show it to a customer, get 

feedback, work on it technically, show it again, get new feedback, and so on. 

 

Building on the insights generated through both technical development and customer 

interactions during the second version of the size recommendation offering, the company has 

since initiated the development of a third and more advanced version. Rather than simply 

providing data-driven size advice based on measurements such as height and weight, their 

third version aims to enable the end customer to visualize how clothes fit on a personalized 

AI-generated avatar that resembles their own body. This third version is not intended to 

replace the existing solutions, but to complement them, and form part of a broader portfolio 

of parallel solutions targeting different aspects of the customer experience. 

 

The results further showed that the changes and adjustments that occur in the 

decision-making process are not necessarily perceived as failures, but rather as a central part 

of an ongoing learning process in their startup journey. Several respondents described how 

previous decisions, despite being ineffective or time-consuming in retrospect, have 

contributed to an increased understanding of both technical and business aspects. At the same 

time, it is evident that this learning does not come without costs, and often involves 

significant resources being invested in solutions that are later abandoned or reformulated. 

 

Interviewee 4: It is difficult to say that our previous decisions or areas of focus have been 

wrong, because we have learned a lot from them, but they have also taken a lot of 

development time. 
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The results further showed that decision-making does not occur as a sequential process with 

clearly defined steps, but that several activities, such as internal discussions, technical 

development and external activities, are ongoing simultaneously and overlap over time. 

Interviewee 5 described how the company works with several versions of its solution and 

different offerings at the same time, where development tracks continue in parallel rather than 

replacing each other in a linear sequence. 

 

Furthermore, it is evident that the development process does not move solely forward, but 

that earlier ideas and solutions are also revisited. Interviewee 4 described how the company 

has returned to previous concepts, where one of the most recent additions to their product 

offering is based on a solution they initially started with. Rather than following a linear 

progression from one idea to the next, the startup has gradually “reintroduced” earlier 

solutions as part of the ongoing process. 

 

Interviewee 4: If we take our latest addition to the product catalog, which, ironically, is what 

we originally started with — photoshoots. 

 

 

Figure 5: Development of Weon’s product offerings over time. 

4.1.2 Customer feedback and market influence on decision-making 

The results showed that decision-making is largely influenced by market needs, with 

customer feedback playing an important role in how priorities and development decisions are 

made in the company. The interviews revealed that customer feedback has influenced several 

aspects of the product, from the overall user experience to more specific details in design and 
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functionality. Interviewee 1, for example, described how the company has adjusted the 

placement of different features and how they are displayed on a customer’s website, in order 

to better support the customer during the purchasing process. 

 

Furthermore, other respondents described how decision-making was not always 

market-driven from the outset, but that early decisions were to a greater extent based on 

internal assumptions and judgments. At that stage, the company largely relied on solutions 

they themselves perceived as problem-solving, which formed the basis for their initial 

offering of AI photoshoots. However, when this offering was tested with customers, it 

became evident that the solution did not meet market demands, primarily because the product 

was not considered to be of sufficient quality for practical implementation.  

 

Interviewee 1: Another important lesson is to incorporate customer feedback earlier in the 

process, instead of relying on our own assumptions and striving for perfection. We worked for 

a long time trying to make a solution “perfect,” but later realized that what we had built was 

not even something customers actually wanted. 

 

The subsequent focus on size recommendation solutions is described as a clear contrast, 

where greater emphasis was placed on understanding actual demand and the extent to which 

the solution was perceived as valuable by customers, rather than relying solely on the 

company’s own assumptions. This has led to an adjusted strategy and an important lesson in 

increasingly listening to customers and allowing their feedback to guide product development 

at an early stage, which forms the basis of their current solutions. The respondents described 

how the company maintains an open dialogue with the market, continuously sharing what 

they are working on and asking for feedback, rather than presenting a finished solution. They 

further argued that adopting this approach earlier could have resulted in both time and 

resource savings, as well as enabled the company to reach more customers at an earlier stage. 

 

Interviewee 3: If we had instead shown a semi-finished version earlier and asked if it was 

something they would like, we could have saved a lot of time and resources. 
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4.1.3 Long-term vision and short-term priorities in decision-making 

The results showed that decision-making within the company encompasses both long-term 

ambitions and more short-term priorities. In their pitch deck from 2024, a clear vision 

emerges of developing a scalable AI-based solution with the potential for broad 

implementation. This is reflected in a defined timeline for the coming three years, outlining 

the development of the technology, customer integration, testing phases, as well as a gradual 

scaling toward full implementation and international expansion. A similar picture emerges 

from the interviews, where respondents described a clear strategic structure consisting of 

three main stages: an initial phase focused on short-term capital acquisition, followed by 

broader expansion and customer growth, as well as the parallel development and launch of 

new services that complement their current offerings.  

 

At the same time, several respondents emphasized that decision-making is strongly shaped by 

what is currently feasible, with offerings and activities being adapted to available resources 

and technical constraints. 

 

Interviewee 1: We have a long-term roadmap that describes our overall goals and where we 

want to go in the long term. At the same time, we need to continuously adapt to what is 

realistic to implement at the moment, especially with a focus on generating revenue in the 

short term. 

 

The respondents also described how simpler versions have been developed and 

commercialized at an early stage, while more advanced solutions continue to be developed in 

the longer term. This shows that the company is working both with solutions that can 

generate revenue in the near term and with more advanced initiatives that are linked to the 

long-term vision. The respondents connected this to the need to establish an early market 

presence, where even a less developed version of the product serves an important function. 

By having a solution in use with customers, the company is able to demonstrate value in 

practice and build references that can be leveraged in the sales process. Furthermore, 

respondents emphasized that early commercialization enables continuous feedback from the 

market, which in turn helps guide and prioritize the development of more advanced solutions 

in alignment with the company’s long-term vision. 
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Although the company has changed its solution over time, the interviews show that the 

overall strategic direction has been relatively consistent. Respondents described how the 

focus from the start has been on developing AI-based solutions to improve the customer 

experience, even if the design of their product offering has changed. 

 

Interviewee 1: Despite the overall strategic direction has remained the same, we have 

gradually learned new things and adjusted how we work and make decisions based on these 

insights. 

4.2 Tensions shaping strategic decision-making 

The second theme examines how strategic decisions are shaped by various tensions that arise 

both in relation to external factors, such as customer feedback and market expectations, and 

internal organizational processes, including technological limitations and coordination of 

decision-making. 

4.2.1 Balancing customer feedback and internal vision 

As described in the previous chapter, the findings showed that customer feedback constitutes 

an important starting point in decision-making, with its significance increasing over time and 

becoming more central to how product development is guided. 

 

Interviewee 1: Previously, we could develop solutions that we ourselves perceived as 

innovative, but which the market did not really demand or could implement in practice. As a 

result, we have adapted our strategy to listen to customers to a greater extent and let their 

feedback guide the development of the product. 

 

At the same time, the interviews revealed that this emphasis on feedback is also questioned 

and varies among respondents. Interviewee 4 expressed uncertainty regarding the extent to 

which feedback provides a reliable indication of what customers actually want, particularly in 

early stages where needs may be difficult to identify. He further reflected on this, stating that 

“it is difficult to say what would have been right, but we may have somewhat taken for 

granted that pilot projects and customer feedback are always the way forward.” 
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Taken together, these findings highlight differences in how customer feedback is perceived 

and used in decision-making. Some respondents working in more sales and market-oriented 

roles argued that the company, in retrospect, should have listened more to customers, while 

others working closer to the technical development expressed that, in some cases, they may 

have relied too much on feedback. 

 

The interviews also showed that the company has become more selective in what feedback is 

taken into account in the development process. 

 

Interviewee 3: Previously, we were very open and humble towards all feedback, as we did not 

know much ourselves. But today, we are a bit more confident — we have spoken to so many 

people that we understand the value we can create. So now we can be more selective and say, 

“this is what we are doing, we believe in it,” instead of trying to adapt to everything people 

say. 

 

Furthermore, it emerged that this increased selectivity is also linked to the fact that customer 

feedback does not always provide a clear direction, as it can be difficult to determine which 

feedback should be prioritized and translated into development efforts. This was described as 

leading to situations where multiple development paths appear relevant simultaneously. 

 

Interviewee 4: So you need to consider where the feedback is coming from and why. The 

feedback itself is not wrong, but there is a risk that you are listening to the wrong person and 

drawing the wrong conclusions. 

 

Furthermore, respondents described that the company previously largely adapted to 

individual customer requirements, which in some cases led to development being pulled in 

different directions depending on which customer needs were prioritized, rather than moving 

towards a more cohesive solution. This has, in turn, contributed to an increased emphasis on 

developing more general and scalable solutions, where the company relies more on its own 

assessment of which direction to prioritize, rather than only adapting to individual customer 

needs. 
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4.2.2 The role of technological constraints in decision-making 

The results showed that technological limitations are a central factor that both shapes and 

limits the strategic scope of action in the company. Several respondents described how 

technological development is subject to a high degree of uncertainty, where it is not only a 

question of how well a solution can work, but whether it is even possible to implement it. 

 

Interviewee 3 argued that this uncertainty is particularly pronounced given that they are 

developing something that does not yet exist, which shifts the focus from uncertainty about 

“how good can it become?” to a more fundamental question of “is it even possible to build?”. 

The findings also showed that the development process has consistently taken longer than 

expected, despite a strong belief in their own capabilities and the potential of the idea. This is 

largely due to the fact that the company is developing a solution without clear reference 

points or established knowledge, which contributed to the founders initially underestimating 

the complexity involved. 

 

Interviewee 1: I don’t think any of us, especially on the tech side, really understood the 

complexity at the beginning. We thought we would be done much sooner than we actually are. 

 

A limitation that many respondents highlighted as a technological constraint was scalability. 

Even when technical solutions work on a smaller scale, the findings showed that these are not 

necessarily feasible in practice. The respondents described how manual adjustments can work 

in limited test environments but become unsustainable at larger volumes, where the solution 

must be fully automated. They emphasized that the ability to implement solutions at scale is a 

key consideration in technical decision-making, rather than focusing solely on functionality 

or quality in individual cases. In this context, respondents also described how considerations 

related to implementation time and the potential to reach a broader market influence which 

solutions are prioritized. 

 

Interviewee 3: We can’t manually sit and look at 500,000 images and find the bad ones. When 

there are volumes like that, nothing can be done manually – everything has to happen 

automatically. 
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In addition, the results showed that the company actively works to manage technological 

uncertainty through an experimental and iterative development process. Respondents 

described how they practically “conduct research” by developing and testing their own 

technical solutions, where different alternatives are evaluated both quantitatively and 

qualitatively. If a solution shows sufficiently promising results, it is further developed, while 

other solutions are abandoned or replaced by previous technological traces. 

 

This process has also led to a more differentiated product portfolio, where the company 

develops multiple solutions with varying degrees of technical complexity in parallel. These 

range from simpler visualizations and data-driven recommendations to more advanced 

generative AI solutions, culminating in the company’s long-term vision of a highly realistic 

fit simulation. 

 

Respondents also reflected that, despite recurring delays and increased insight into the 

technical complexity, the development has not diminished faith in the overall solution of 

using AI to improve the customer experience. Rather, the respondents’ faith seemed to have 

persisted, and in some cases strengthened, as the company gained a clearer understanding of 

both the technical possibilities and the market demand. 

 

Interviewee 1: Despite this, we have for some time felt that we had sufficient competence and 

understanding to be able to drive the project forward, even if in practice it has proven to be 

more complex than expected. 

 

This confidence was also reflected in how respondents described the relationship between the 

long-term end product and the short-term solutions that have been developed. Although the 

more advanced product is not yet fully developed, a strong belief in its potential remained, 

particularly after the company identified a clear demand in the market. 

4.2.3 Tensions between technological development and market expectations 

The results showed that strategic decisions emerge through a continuous interaction between 

technological development and market expectations, where the two dimensions are closely 

intertwined. Several respondents described how decisions are not made in separate functions, 

but arise through an interaction between the sales and tech team. 
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Interviewee 4: We get an idea, show it to a customer, get feedback, work on it technically, 

show it again, get new feedback, and so on. 

 

 
Figure 6. Weon’s approach to product development as an interaction between technological 

development and customer dialogue. (Source: Weon’s pitch deck, 2024)  

 

Respondents explained that ideas and needs are often initiated from the sales side, but that 

these are then reviewed and redesigned in collaboration with the tech team, based on what is 

technically possible to implement. 

 

Interviewee 3: From the business side, we outline the things we consider important and 

create some form of prioritization list. Then the tech team looks at it — what is feasible, what 

we are confident we can solve, and how long it will take. Based on that, we jointly establish a 

plan for what to do. 
 

At the same time, the findings showed that this collaboration is not frictionless, but rather 

characterized by recurring tensions between technological constraints and market demands. 

Several respondents described how different functions within the company operate from 

distinct starting points, where the sales side is often driven by the need for speed and market 

presence, while the tech team emphasizes the need for time to develop a functional and 

scalable solution. This can lead to situations where sales activities need to be paused while 

awaiting technical development, which is perceived as challenging from a commercial 

perspective. 

 

Interviewee 5: “We are more like, ‘can’t we just go for it?’, while they need the time to 

actually build it. So sometimes you have to wait for them. It’s very much about pace — we 

want to move faster, while they need to work at their own pace.” 

38 



 

At the same time, the results showed that similar challenges arise in the opposite direction, 

where technical solutions in some cases do not meet market expectations. Respondents within 

the tech team described how work that has required significant time in some cases needs to be 

reconsidered or abandoned, which was described by one respondent as “tough” and in some 

cases as “dark”, especially in cases when efforts spanning several months do not result in a 

solution that is actually used in practice. 

 

The findings also showed that respondents hold different views regarding the maturity of the 

product. The tech team described how they base their work on what can realistically be 

developed within a given timeframe, given the current level of technological capability. At 

the same time, it emerged that the sales side in some cases operates from a more developed 

version of the product, more as a “target image” of the product, where functions and features 

that are not yet fully implemented are included in how the solution is presented. This has led 

to situations where solutions have been communicated to customers before they have been 

fully realized technically. 

 

Interviewee 2: In some cases, it meant that they were selling something that did not yet fully 

exist in reality. 

 

The respondent further reflected: “I also think that the sales side was previously not 

sufficiently involved in the technical work. Since it is fundamentally a technical product being 

sold, there should have been a closer connection between tech and sales. In hindsight, we 

needed better communication and coordination between these functions.” 

 

At the same time, the results showed that the collaboration and communication between 

technology and the market has developed over time. The previous lack of coordination, 

where the sales side did not always have full insight into the technical development and thus 

contributed to the ambiguity about what could actually be delivered, has improved in line 

with organizational changes and increased internal communication. 

 

Interviewee 2: Today, I feel that the sales side is more informed about what the technical 

reality actually looks like. 
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Furthermore, the findings showed that the company made an early strategic decision not to 

focus solely on technical development, but also to work closely with the market. This 

decision was based on experiences and observations from other technology startups. 

 

Interviewee 4: There, we observed that they might have five developers and one salesperson, 

and they have a product that feels like it could become something, but they never quite make 

it out into the market. 

 

Therefore, the company ensured early on that individuals working with sales were involved, 

enabling them to engage with potential customers and gather their input. When the solution 

did not meet these requirements, for example in terms of insufficient image quality, technical 

revisions or new approaches were required. 

 

Interviewee 4: We receive feedback that “the images don’t look good enough,” and then we 

have to rethink — perhaps find a new technological solution that achieves the same outcome, 

but in a better way. 

4.2.4 Collective decision-making and internal coordination challenges 

To generate and develop ideas, decision-making is largely done through collective meetings 

and processes within the team, with workshops being a central part of idea development and 

initial discussions around new solutions. Respondents described how these sessions often 

begin with brainstorming in small groups, followed by joint discussions where proposals are 

presented and evaluated. Decision-making is often organized around a so-called core team, 

consisting of co-founders and the persons who work full-time on the tech side, as well as 

other functions when necessary. This team is responsible for setting goals, defining projects 

and deciding which functions should be developed. The scope of the projects is then 

discussed, what is required to implement them and how they should be prioritized from a 

time perspective. Once this has been clarified, the projects are distributed further within the 

organization. 

 

Several respondents also emphasized the importance of involving people from different 

functions in the decision-making process to make informed decisions, where both technical 

and business perspectives are taken into account: 
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Interviewee 1: I think it is especially important in the startup phase to involve the entire team 

in decision-making processes. 

 

In this context, respondents described how communication between different functions 

influences how decisions are made and which decisions are considered feasible. At the same 

time, this collective process can entail challenges, such as slower decision-making and 

ambiguity regarding the distribution of responsibilities. 

 

Interviewee 2: It can sometimes become quite unclear what is actually supposed to be 

achieved and at what level, especially when many people are working in parallel on their 

own parts. This makes it difficult to maintain an overall perspective, and there is a risk that 

different individuals move in different directions or get sidetracked. 

 

Furthermore, the findings showed that a certain degree of disagreement is common in the 

decision-making processes, where different proposals are gathered and discussed collectively. 

In these situations, respondents described how the alternatives are often structured into a 

smaller number of concrete courses of action, which are then weighed against each other 

through joint deliberation. In cases where consensus is not reached, decisions are made 

through voting, which serves as a last resort to arrive at a collective decision despite differing 

views. 

 

At the same time, respondents highlighted that the absence of clear leadership in collective 

decision-making processes within the company can lead to inefficiencies, with the 

organization being described as characterized by a flat hierarchy. When multiple people with 

similar mandates are involved in decision-making, discussions can drag on, especially in 

situations where opinions differ. One respondent explained this as a need for clearer direction 

in the decision-making process: 

 

Interviewee 4: Maybe we should have brought in a clearer leader, in a sense. It is easy to end 

up in discussions that never really reach a conclusion if two people with roughly equal 

mandates hold different views. 
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4.3 Contextual drivers shaping decision-making 

The third theme illustrates how strategic decision-making is shaped by a set of contextual 

conditions that define the boundaries of what is feasible. The findings highlighted how 

factors such as resource constraints, the rapidly evolving AI landscape, and temporal aspects 

influence decision-making. 

4.3.1 Resource constraints shaping decision-making 

The findings showed that access to resources constitutes a central aspect of decision-making. 

The interviews highlighted how limited funding affects decision-making in day-to-day 

operations, where the need to ensure continued survival and cash flow leads to a more 

operational and short-term focus. 

 

Interviewee 4: You constantly have to consider when the money will run out. 

 

Thus, the interviews indicate that product development is balanced against the need to 

generate revenue in order to sustain ongoing operations. Less advanced or more pragmatic 

solutions are therefore prioritized over more technically sophisticated alternatives, as they can 

generate short-term revenue by being more efficient to implement and requiring fewer 

resources. At the same time, respondents described how the company has maintained its 

primary focus on a more advanced solution aligned with its long-term vision, despite the 

associated resource constraints. 

 

Interviewee 1: The more advanced solution, which we see as potentially groundbreaking, has 

been our main focus over the past year. At the same time, its development has been delayed, 

which has gradually depleted our resources and created a real risk of financial difficulties. 

4.3.2 The role of AI in strategic decision-making 

Despite AI constituting the core of the company’s service, the technology is used in a limited 

capacity in the company’s strategic decisions. The results showed that AI is primarily used as 

an operational tool for developing and streamlining internal processes rather than as a direct 

support for key decisions. Several of the respondents expressed low trust in AI as a basis for 

decision-making and do not rely on its analyses. 
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Interviewee 1: For example, we would never make a major decision that affects our code or 

product based on AI-generated data that we have not verified. However, when it comes to 

smaller decisions, we can sometimes act directly based on that type of data. 

 

Respondents argued that more extensive decisions within the company are instead preceded 

by discussions in which experience-based knowledge and industry insight are taken into 

account. In these situations, decision-making takes place through dialogue with people with 

relevant expertise in the area, rather than being based on AI-generated insights, where these 

individuals contribute assessments about, for example, market requirements and product 

design. 

 

Interviewee 2: As an engineer, you always need to be able to assess an implementation 

yourself, and AI cannot replace that responsibility. 

 

This respondent further noted that individuals in more outward-facing roles, such as sales, 

may be exposed to more optimistic narratives surrounding AI, which can contribute to a more 

positive perception of the technology’s capabilities. He further suggested that this may lead to 

an overestimation of what AI is currently able to achieve in practice, where expectations may 

exceed the actual level of technological maturity.  

 

The interviews further indicated that AI is primarily used as a support tool in ongoing work, 

particularly in relation to data collection, analysis, and the preparation of supporting 

materials. Respondents described how AI-based tools are used, for example, to analyze return 

rates across different markets, estimate the potential effects of the company’s solution, and 

prepare materials for customer meetings and investor discussions. 

 

Interviewee 1: Data collection and analysis is largely done using AI-based tools, but is also 

supplemented with our own assessments and analyses. 

 

AI-generated data was used in these contexts primarily as input in the early stages of work, 

while more significant decisions were not based on AI but instead made by individuals within 

the organization. This type of input was therefore combined with other sources of 

information, such as industry contacts, prior experience, and additional verification of data, 
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particularly in situations where decisions were considered to have a greater impact on the 

business. 

4.3.3 Temporal dynamics and timing in decision-making 

The findings also showed that the development of AI was gradually changing what was 

technically possible, which in turn created new opportunities for the company. As the 

technology developed, certain solutions that had previously been difficult to realize became 

feasible, while the market’s acceptance of AI-based solutions had gradually increased. This 

was clearly evident in the interviews, where respondents described an initial uncertainty 

about whether the market and end customers were ready to adopt this type of technology. 

 

Interviewee 4: It was partly a question of whether they were ready for this type of technology 

– that is, whether they trusted it, and whether the end customers trusted it. 

 

The findings further showed that strategic decisions cannot be understood solely in terms of 

what is possible at a given point in time, but also in relation to how these possibilities evolve 

over time. A clear example that shows how ideas that were initially rejected by the market 

later became accepted as the technology developed and the market’s acceptance changed is 

their original idea with AI Photoshoots. At the time of the initial idea, many potential B2B 

customers were reluctant to use AI and also lacked the budget for such solutions, which 

limited the possibilities to commercialize the offering. However, as AI technology has 

matured, both attitudes and economic conditions have changed, with Interviewee 1 reflecting 

that companies increasingly seem to view AI as a tool for greater efficiency, cost savings, and 

improved work processes: “If we look at the current situation, the situation is different, but 

about two years ago, when we were working with AI-generated images, we faced significant 

market uncertainty. A recurring form of feedback was that customers did not want to use 

solutions that were perceived as AI-generated, as it was considered that it could negatively 

impact their brand.” 

This can also be understood in relation to broader industry conditions. One respondent 

described how there has historically been a certain resistance to technological solutions 

within the fashion industry, while technology actors have not always had a sufficient 

understanding of the industry’s needs. 
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Interviewee 1: This lack of collaboration between technology and the market has likely been 

a contributing factor to the relatively slow pace of development in this area. 

This gap between technological innovation and industry adaptation has meant that ideas that 

were initially rejected have been able to be commercialized later as the technology matured. 

Overall, the result showed that market acceptance significantly increased when AI-generated 

solutions reached a level of quality that could meet the specific aesthetic and brand image 

requirements of the fashion industry. 
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5. Discussion 

This chapter discusses the study’s findings in relation to previous research on strategic 

decision-making in early-stage startups. Based on the three identified themes, the analysis 

explores how strategic decision-making is shaped as an integrated process, where iterative 

learning, underlying tensions, and contextual conditions interact. Finally, these insights are 

integrated into a process model that explains how strategic decisions evolve and are revised 

over time. 

5.1 Strategic decision-making as a non-linear and iterative process 

The results indicate that strategic decision-making at Weon does not follow a linear or 

predetermined process, but rather evolves over time through a continuous interaction between 

technological constraints and market feedback. Decisions within the startup do not appear to 

be the outcome of long-term planning, but instead something that is gradually shaped and 

reshaped as new information and changing conditions emerge. This is in line with previous 

research that emphasizes that strategic decision-making in dynamic and uncertain 

environments is characterized more by real-time adaptation than rational planning 

(Eisenhardt, 1989). Rather than being a sequential process, the results show that 

decision-making is shaped by a recurring interaction between technological opportunities and 

constraints, customer and market feedback, experimental activities, and previous experiences, 

where these factors collectively drive and reshape the process over time. 

 

Furthermore, the empirical findings show that Weon initially focused on AI-generated 

photoshoots but later reformulated its offering toward size recommendations. This illustrates 

how the initial strategy did not follow a fixed plan, but rather emerged through a process of 

reassessment and new insights. This can be understood as an emergent strategy, in line with 

Mintzberg and Waters’ (1985) description of how strategic patterns develop over time 

through the organization’s actual actions rather than through predefined plans. In this case, 

technological limitations and customer feedback appear as central mechanisms that gradually 

shape the direction of the strategy. At the same time, the findings indicate that the overall 

direction has remained relatively consistent, with a continued focus on leveraging AI 

solutions for B2B fashion companies, particularly in addressing clothing-related challenges. 

While the company’s product offerings have evolved over time, all versions of the offering 
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have been developed within this overarching direction. This points to a hint of deliberate 

strategy, where a fundamental direction persists over time despite changes in how the strategy 

is operationalized. The strategy can thus be understood as a combination of a stable 

overarching direction and strategies that emerges and evolve over time, which aligns with the 

concept of umbrella strategy as discussed by Mintzberg and Waters. 

 

The findings further show that decision-making is characterized by a continuous learning 

process in which the understanding of both problems and solutions develops over time. The 

interviews illustrate how the startup gradually has developed its understanding by learning 

from previous experiences and subsequently adjusting both ways of working and 

decision-making in line with these insights. This pattern of learning over time becomes 

particularly evident when examining the progression across the three product versions. While 

the transition from Version 1 to Version 2 was primarily reactive and driven by market 

rejection and insufficient technical quality, the movement towards Version 3 reflects a more 

proactive logic, which is grounded in accumulated technical knowledge and a growing 

confidence in both the feasibility of the solution and the market’s increasing readiness to 

adopt more advanced AI-based tools. In this way, each product version created learning that 

enabled and informed subsequent stages of development. The findings therefore show that 

these changes and adjustments occurring in the decision-making process are not perceived as 

failures, but instead as an integrated part of an ongoing learning process. This indicates that 

decision-making is not primarily about making the “right” decision from the outset, but about 

gradually developing understanding through action and adaptation. This can be linked to 

Levitt and March’s (1988) view of organizational learning, where decision-making is 

conceptualized as a continuous process of exploration and learning rather than an effort to 

optimize given alternatives. 

 

Such an iterative and learning-based approach to decision-making is also consistent with 

research on experimentation-driven strategy development, where organizations systematically 

test different alternatives to reduce uncertainty (Koning et al., 2022; Hall & Hasan, 2023).  

Weon’s way of working, where solutions are developed and tested through hypotheses, 

prototypes, customer dialogues, and pilot projects, reflects several principles from Lean 

Startup logic and the Build-Measure-Learn cycle, in which learning occurs through 

continuous testing and evaluation of ideas. In line with Eric Ries (2011), these tests do not 

appear as isolated experiments, but are closely linked to how the company continuously 
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reformulates both its product and its overall offering. At the same time, the findings show 

that experimentation is not only an effective mechanism for learning, but also entails costs in 

terms of time and resource allocation. This points to an internal trade-off in 

experimentation-based decision-making, where the company must balance the value of 

learning, regarding both technical and business aspects, against the costs associated with 

testing and revising different solutions. 

 

Although this iterative and learning-based process is in line with existing research related to 

strategic decision-making under uncertainty, the findings suggest that iteration in an AI 

startup may differ from how it is typically described in the startup literature. In Weon’s case, 

iteration is driven not only by feedback on how to improve an existing solution, but also by 

fundamental uncertainty about whether the solution is technically feasible to build at all. As 

interviewee 3 emphasized, the question is framed as “is it even possible?”, rather than just 

“how can it be improved?”. This indicates that the technical uncertainty in AI startups 

operates at a more fundamental level than is typically described for startups in the literature, 

where uncertainty often assumes that a solution is feasible but requires refinement (Sommer 

& Loch, 2004). The results showed that AI-driven development introduces a form of 

uncertainty where feasibility itself is continuously tested through iteration. As a result, 

iteration becomes not just a mechanism for optimization but a process for discovering the 

limits of what is technically achievable.  

 

A notable finding is that Weon’s previous ideas and solutions are re-actualized in later stages 

of the development process. This suggests that strategic decision-making does not move 

solely forward, but that earlier initiatives can be reintegrated into new contexts. The 

re-emergence of previous ideas is not only a result of organizational learning, but also by 

changes in external and technological conditions that make previously unfeasible solutions 

viable. This nuances a more simplified view of iteration as a sequence of incremental 

improvements by showing how previously abandoned or unfeasible ideas may re-emerge as 

technological and market conditions evolve. This further suggests that strategic 

decision-making reflects a recursive process, where past decisions and previously abandoned 

ideas continue to influence future strategic directions over time. 

In summary, while the results align with previous research, which describes entrepreneurial 

decision-making as an iterative and learning-based process, the study also reveals that 
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strategic decision-making in AI startups involves not only adapting to market feedback and 

uncertainty, but also continuously exploring and renegotiating the boundaries of what is 

technically possible over time. 

 

Figure 7: Strategic decision-making as an iterative process, illustrated through the development of 
Weon’s product offerings. 

5.2 Tensions as a mechanism shaping strategic decision-making 

5.2.1 Interplay between technological and market dimensions 
 
The results of the study show that technological and market considerations cannot be 

understood as separate or sequential dimensions in strategic decision-making, but rather as 

interdependent and continuously interacting. This contrasts with Arora et al. (2024) who 

describe the relationship as a sequential process where technological development precedes 

commercialization. Instead, the intertwined dynamics between technology and market can be 

understood through the logic presented by Gilbert and Saad (2018), where decision-making 

occurs under high uncertainty and both the technical solutions and market outcomes evolve in 

parallel as the entrepreneur’s strategy is tested and reshaped. 

 

This interplay implies that decision-making within the firm cannot be understood merely as a 

response to uncertainty, but rather as a process in which uncertainty is actively explored and 

reduced through the interaction between technological and market considerations. This aligns 

with the literature on the “experimental approach” (McGrath, 1999), where technical 

solutions are not seen as fixed choices, but as hypotheses that are tested and reshaped as new 

information emerges. In the empirical material, this is particularly evident in how 

technological development is continuously adjusted based on customer interactions. For 

example, tests of the initial AI photoshoot solution revealed that the technical quality did not 
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meet market expectations, which not only led to a market repositioning, but also to a 

reprioritization of which technical problems were considered worth solving. This suggests 

that technological development is not solely driven by what is technically feasible, but is 

shaped in relation to what is perceived as valuable by customers and their needs. At the same 

time, the findings reveal the reverse dynamic, where technological capabilities in turn 

constrain and reshape the market-related scope of action. For example, it is described how 

solutions that function in smaller test environments are not sustainable at larger volumes, 

meaning that the market offering must be adapted to what is technically feasible to scale. This 

reflects the challenge highlighted by Teberga and Oliva (2018), where technical constraints in 

the implementation phase become decisive for which solutions can actually meet growing 

demand and a larger number of users in a startup context.  

 

This interplay is also reflected in the company’s pitch material (see Figure 6), where the 

strategy is presented as dependent on a close integration between technology and market. The 

pitch emphasizes how technological development is intended to occur in continuous dialogue 

with the market, and how customer insights are expected to influence the technical direction, 

which further highlights that these two dimensions evolve in parallel and in interaction.  

 

In this context, the literature suggests that AI contributes to linking market needs with 

technological development, as data-generated insights are used to inform how the solution 

should be designed and further developed (Tian et al., 2026). In Weon’s case, AI is used to 

analyze, for example, return rates and market data to inform customer meetings and market 

selection, which provides a basis for identifying business opportunities and how the technical 

solution should be designed in relation to market requirements. This can therefore function as 

a tool for managing uncertainty, in line with Abbas and Al-Lawati (2025). At the same time, 

previous research highlights that a strong reliance on AI-driven insights can lead to startups 

relying more heavily on existing data patterns and thus risk prioritizing more incremental 

improvements over identifying new and more innovative market opportunities (Cristofaro et 

al., 2026). In Weon’s case, this risk appears to be mitigated by the more limited role of 

AI-based insights in decision-making, where input from industry actors and experience-based 

knowledge carry greater weight. By actively engaging in dialogue with individuals who have 

market experience, the company gains a deeper understanding of market dynamics, while 

AI-generated insights can be validated or challenged, which in turn influences how the 

solution is designed and further developed. 
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In summary, the findings show that although an analytical distinction between technological 

and market dimensions may be useful from a theoretical perspective, these are in practice 

tightly intertwined.  Instead, they continuously influence and reshape one another throughout 

the decision-making process, as decisions emerge through the ongoing interplay between 

technological feasibility and market demands. 

5.2.2 Tensions as a mechanism shaping decision-making 

The findings show that the tensions identified do not merely constitute challenges in the 

company’s decision-making, but function as central mechanisms that actively shape how 

strategic decisions evolve and are revised over time. In line with prior research on strategic 

decision-making under uncertainty, where decisions are understood as emergent processes 

(Eisenhardt, 1989; Mintzberg & Waters, 1985), the results indicate that these processes in 

Weon are driven forward through the management of competing demands and decision 

logics, such as market-driven feedback, internal vision, and technological constraints. 

 

A first central mechanism through which tensions shape decision-making concerns how 

customer feedback is interpreted, valued and selected. Respondents expressed different views 

on the role that customer feedback should play in decision-making, with these perspectives 

largely linked to their organizational roles. Respondents working more closely with technical 

development tended to question the overemphasis on customer feedback in the early stages 

and argued that the company should have relied more on its own vision of ​​how the product 

should be designed. In contrast, respondents with a more market-oriented role expressed the 

opposite view, arguing that the company should have placed even greater emphasis on 

customer input and involved the market earlier in the development process. 

 

This indicates that customer feedback does not merely constitute an external source of 

information, but also functions as an internal matter of interpretation, where different 

perspectives compete for influence. This can be explained by the fact that decision-makers 

act under bounded rationality (Simon, 1979), where their organizational roles act as cognitive 

filters that shape which information is prioritized and how uncertainty is interpreted. In a 

context characterized by high uncertainty, this gives rise to a tension between the need for 

external validation and the internal vision. While market-oriented roles emphasize customer 

feedback as a way to reduce market uncertainty (Sadeh & Dvir, 2020), technical roles instead 
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tend to rely on design heuristics (Gilbert-Saad et al., 2018) in order to protect the long-term 

product vision. At the same time, the findings show that this tension is not necessarily 

resolved over time, but rather reshaped. Although the company has increasingly begun to 

integrate customer feedback into its decision-making, it has simultaneously developed greater 

selectivity and confidence in its own strategic direction. This suggests that decision-making is 

characterized by a continuous balancing act rather than a clear trade-off between these 

perspectives. Furthermore, while Teberga and Oliva (2018) discuss market feedback as a 

central guide for developing products towards customer needs in startups, this assumes that 

customers have sufficient knowledge to articulate what they need. In a startup involving an 

AI product, however, this assumption may not hold, for example as interviewee 4 noted, a 

central question was whether customers were ready for this type of technology and whether 

they trusted it. This suggests that customers themselves may be unable to identify or express 

their needs when the technology is unfamiliar. Instead, this can be explained by Sadeh and 

Dvir (2020), who argue that in contexts of high technological uncertainty, the use and value 

of a solution may be completely unknown to customers, who may not even be aware of the 

need until they actually see the product. Therefore, the tension between external validation 

and internal vision can be particularly difficult to resolve in AI startups, where neither the 

market or the technology provides a stable reference point for decision-making. 

 

This tension is further amplified in relation to how the product’s maturity is perceived within 

the startup. The findings show that different functions operate based on distinct 

understandings of what is feasible and what should be prioritized. While the tech team 

focuses on the current technological capacity and the constraints shaping the development 

process, the sales side tends to adopt a more future-oriented view of the product, where 

features that are not yet fully developed are included in how the solution is communicated to 

the market. This dynamic can be linked to research on technological uncertainty, where it is 

often unclear not only how well a solution will function, but whether it is feasible to 

implement at all (Teberga & Oliva, 2018). At the same time, the findings indicate that the 

market team in some cases operates with a higher degree of confidence in the product’s 

potential, which can be understood in relation to overconfidence bias, where decision-makers 

tend to overestimate the likelihood that their judgments are correct and be overly optimistic 

about the outcomes of a given solution (Busenitz & Barney, 1997). This may lead to 

decisions being made based on assumptions about future technical feasibility rather than on 

what is currently possible, and thereby reinforcing the tension between technological 
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constraints and market demands. In addition to overconfidence, the results also point to the 

illusion of control as a relevant cognitive mechanism. As Nuijten et al. (2020) and Simon et 

al. (2000) discuss, this bias means that individuals overestimate their ability to influence 

outcomes that are in fact shaped by external factors. In Weon’s case, this becomes visible in 

how the founders initially underestimated the technical complexity, as well as in how the 

team believed they could realize solutions within timeframes that proved unrealistic. This is 

particularly relevant in an AI startup context, where feasibility is inherently uncertain and 

many outcomes depend on factors beyond the company’s direct control, such as the maturity 

of the underlying AI technology and market readiness. At the same time, this type of 

optimism and underestimation of risks may also have played a productive role by enabling 

continued experimentation and persistence despite high uncertainty. External material, such 

as articles and a podcast interview from 2024, further indicates continued belief in the 

long-term potential of the idea, as the company is still working toward realizing its advanced 

AI-based fitting solution today. This is in line with Nuijten et al.’s (2020) argument that such 

cognitive biases are not necessarily dysfunctional, but can also support entrepreneurial action 

in contexts of high uncertainty. 

 

Another central mechanism through which tensions shape decision-making concerns how the 

company balances long-term ambitions with short-term demands for feasibility and revenue 

generation. The findings show that the company is working to develop simpler, more readily 

implementable solutions that enable early customer integration, while more advanced and 

uncertain technological initiatives continue to be developed in line with the long-term vision 

of a more scalable AI solution. This can be understood in relation to March’s (1991) trade-off 

between exploration and exploitation, where the more directly implementable solutions can 

be seen as exploitation, characterized by faster feedback and more predictable outcomes, 

while the more advanced and uncertain initiatives correspond to exploration, and involve 

higher uncertainty and a longer time horizon. According to the respondents, the short-term 

solutions are not viewed solely as a means of generating revenue, but also as a way to enable 

the development of the advanced solution that represents the company’s long-term vision. 

Exploitation thus emerges not only as an alternative use of resources, but as an important 

precondition for generating the resources required for continued exploration. This nuance 

challenges March’s (1991) assumption that exploration and exploitation primarily compete 

for scarce resources, where increased investment in one comes at the expense of the other. In 

Weon’s case, exploitation instead functions as an enabler of exploration, as short-term 
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revenues and customer integration create the conditions necessary to advance more uncertain 

technological development. Rather than being constraining, this tension can therefore be 

viewed as enabling, as the short-term solutions contribute to strengthening confidence in the 

long-term vision by generating tangible value and empirical validation. 

 

In line with the previous sections, decision-making occurs through a non-linear interaction in 

which technological possibilities and market responses are closely intertwined. The identified 

tensions between customer feedback and internal vision, between technological constraints 

and market expectations, as well as between exploration and exploitation, thus function as 

central mechanisms through which this interaction unfolds. At the same time, these tensions 

do not solely represent conflicts, but also contribute to organizational learning and 

development over time. Taken together, this suggests that strategic decisions are not formed 

through clear choices between alternative paths, but rather through continuous negotiations in 

which different but interdependent priorities continuously shape decision-making. 

5.3 Contextual drivers shaping strategic decision-making 

5.3.1 Resource constraints shaping decision-making 

The findings show that resource constraints play a central role in determining which strategic 

decisions are feasible and can be pursued in early-stage startups. In contrast to more 

established organizations where strategic decisions can be based to a greater extent on 

long-term planning and extensive analysis, the results indicate that Weon’s limited financial 

resources affect strategic decision-making for which actions are considered viable.  This can 

be understood in relation to Sarasvathy’s (2001) theory of effectuation, where 

decision-making is based on available resources rather than predefined long-term goals. The 

findings align with the theory, as the company continuously adapts its strategic decisions to 

its financial situation, where the need to secure cash flow and ensure survival becomes 

decisive in shaping which decisions are prioritized. 

 

At the same time, the findings show that decision-making also contains elements of 

causation, where more planning-oriented reasoning is applied in certain contexts, such as in 

pitch decks where a long-term roadmap and three-year plan are communicated. While the 

operational activities are largely characterized by experimentation, adaptation, and learning, 

more goal-oriented and structured reasoning is thus used in external contexts, such as investor 
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meetings and communication with customers, in order to communicate a strategic direction 

and attract resources. This suggests that strategic decision-making shifts between effectual 

and causal reasoning depending on the organizational context and the need to either manage 

uncertainty or communicate strategic direction externally. 

5.3.2 The role of AI in the internal strategic decision-making 

The empirical result shows that AI, despite being at the core of the company’s offering, has a 

limited role in the company’s strategic decision-making. This can partly be explained by the 

challenges associated with AI implementation, including dependence on data quality as well 

as high demands on resources and capabilities, which constrain which solutions are viable 

(Basri et al., 2024). The respondents also express a low level of trust in AI as a basis for 

decision-making, which contrasts with parts of the existing literature, where AI is often 

portrayed as an enabler of more data-driven and analytical decision-making (Basri et al., 

2024; Tian et al., 2026). 

 

Instead, the findings are more closely aligned with the strand of literature that emphasizes 

that AI should be understood as a decision-support tool rather than a replacement for human 

judgment (Cui & Yasseri, 2024; Cristofaro et al., 2026; Csaszar et al., 2024). Interviewee 2 

stated, “As an engineer, you always need to be able to assess an implementation yourself, and 

AI cannot replace that responsibility.” which reinforces Cui and Yasseri’s (2024) argument 

that humans ultimately make the final decisions. 

 

At the same time, this can be seen as a contrast to Keding and Meissner’s (2021) research on 

the risk of automation bias, as the company actively avoids relying on AI-generated 

recommendations. Instead, the findings indicate the opposite, where decision-makers in the 

organization are cautious and in many cases skeptical of AI as a basis for decision-making. 

As reflected in the results, the company would, for example, never make a major decision 

affecting its code or product based on AI-generated data that has not been verified. This can 

be understood in relation to the uncertainty that surrounds both the technology and its 

application in the early stages, where limited reliability and the need for validation mean that 

AI’s output is not perceived as robust enough to serve as a foundation for strategic decisions. 

Accordingly, even though AI constitutes the core of the company’s product offer, its role in 

internal decision-making remains limited. The findings further indicate that this skepticism 
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was particularly pronounced among respondents working closer to the technological 

development, while individuals in more market-oriented roles appeared somewhat more 

optimistic about AI’s capabilities. This pattern can be understood as reflecting how deeper 

technical expertise and experience with AI solutions contribute to a greater awareness of the 

technology’s limitations, and thereby lead to a more critical and selective use of AI in internal 

decision-making. 

5.3.3 Temporal dynamics and timing in decision-making 

The findings also revealed that Weon’s activities are highly time-dependent, where both 

feasibility and outcomes are influenced by the timing of their implementation. This indicates 

that decision-making in early-stage startups cannot be understood only in relation to current 

conditions, but should also be viewed in relation to how these conditions evolve over time. 

This temporal dimension aligns with research on uncertainty, where technological and market 

uncertainty are understood not as static constraints but as dynamic dimensions that shift over 

time (Packard et al., 2017). For example, the company’s initial focus on AI-generated 

photoshoots faced resistance from the market, where both a lack of trust in the technology 

and negative perceptions limited the company’s ability to commercialize the solution. A 

recurring form of feedback was that customers were hesitant to adopt solutions perceived as 

AI-generated, where they feared these could negatively affect their brand. However, as AI 

technology has evolved and market acceptance has increased, similar solutions are now 

emerging as more legitimate and commercially viable. This indicates that both technological 

and market uncertainty change over time and that the same strategic idea can have different 

outcomes depending on when it is introduced. This is consistent with prior research showing 

that technical challenges and risks are often identified during or after implementation, while 

market responses evolve over time, which makes it difficult for actors to predict how new 

technologies will be perceived and adopted by the market (Teberga & Oliva, 2018; Packard et 

al., 2017). In Weon’s case, this became evident in how customers initially lacked knowledge 

about AI and its implications, which created skepticism toward the service offered. 

 

Taken together, the findings show that strategic decision-making in early-stage AI startups is 

deeply embedded in temporal dynamics, where timing constitutes a critical factor in how 

uncertainty is managed and how strategic opportunities are realized. This means that strategic 

decision-making is not only about identifying the right solution, but also about determining 
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when external and internal conditions, such as industry readiness, customer acceptance and 

institutional factors, are sufficiently favorable for implementation. The findings further 

indicate that the rapid development of AI has amplified the importance of timing, as changes 

in both technological possibilities and customer perceptions can occur over relatively short 

periods. As a result, strategic decisions can quickly become outdated, while new 

opportunities arise as both the technology and the market evolve. 

5.4 A process model of strategic decision-making in an early-stage AI 

startup 
 
To answer the study’s research question, the findings are developed into a process model of 

strategic decision-making in an early-stage AI startup. The model builds on the previously 

presented process illustrated in Figure 7, while also incorporating the tensions and contextual 

conditions identified in the analysis that shape how the decision-making process evolves over 

time.  

 

The model illustrates how strategic decision-making emerges through an iterative process of 

experimentation, feedback and learning, where decisions are continuously re-examined and 

revised. This aligns with previous research that has emphasized iteration as a way to reduce 

uncertainty through gradual learning and adaptation (Levitt & March, 1988; Ries, 2011). 

However, the study’s findings further suggest that iteration in early-stage AI startups is not 

only a mechanism for learning, but also a way to continuously balance technological 

possibilities with changing market expectations in a rapidly evolving AI environment. Unlike 

previous research presented in the literature review, which treats technological and market 

uncertainty as separate or sequential processes, the findings show that these evolve in parallel 

and continuously influence each other over time. In Weon’s case, customer feedback 

continuously shaped technological priorities, while emerging technological possibilities 

simultaneously reshaped how market opportunities were interpreted and pursued. The model 

also highlights how recurring tensions between customer feedback and internal vision, as 

well as between short-term survival needs and long-term ambitions, function as driving 

mechanisms in the decision-making process. In addition, the model illustrates how contextual 

conditions shape the feasibility and direction of strategic decisions. Resource constraints 
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shape which opportunities and development paths can realistically be pursued, while human 

judgment remains central in interpreting and evaluating AI-generated insights. 

 

It should be noted that the model does not aim to describe a final outcome, but rather to 

capture how the decision-making process takes shape and evolves in an early-stage startup 

context.  

Figure 8: Process model of strategic decision-making in an early-stage AI startup. The model 
illustrates the interaction between iterative decision-making, tensions, and contextual drivers shaping 
the decision-making process. Created by the authors. 

 

 

 

 

 

 

 
 
 

58 



 

6. Conclusion 
This study aimed to answer the following research question: ​​How are strategic decisions 

formed and revised in an early-stage AI startup? To address this research question, empirical 

material in the form of interviews and documents was analyzed in relation to existing 

research on strategic decision-making in uncertain and dynamic contexts.  

 

The findings show that strategic decision-making in an early-stage AI startup can be 

understood as an iterative process shaped by underlying tensions and contextual conditions. 

Rather than following a linear and planned path, the process evolves through continuous 

learning, feedback, and adaptation. The authors found that strategic decisions emerged 

through recurring cycles of experimentation and interaction with the market, where initial 

assumptions were often re-evaluated as new information emerged. This means that 

decision-making is not driven by a clear predetermined direction, but is shaped gradually 

over time in response to both internal and external insights. Furthermore, the results show 

that the decision-making process is not only about adapting to new information, but also 

about how insights related to both technology and the market are interpreted and evaluated 

within the company. Taken together, this suggests that strategic decision-making involves an 

active process of knowledge creation, where accumulated experience shapes how new 

information is interpreted and how future opportunities are prioritized. 

 

At the same time, this process means that previous experiences and new information need to 

be continuously interpreted and weighed against each other, which in turn gives rise to 

underlying tensions between different priorities and perceptions in the decision-making 

process. A central tension identified in the findings concerns the relationship between 

technological and market considerations, where strategic direction does not develop through a 

sequential process in which technological development precedes market considerations, but 

instead develops through a continuous balancing between what is technically feasible and 

what is demanded by the market. The findings show that these dimensions do not only 

coexist, but also actively reshape one another, as technical constraints influence which market 

opportunities are viable, while market demands shape which technical challenges are 

prioritized. 
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Beyond the tensions between technological and market considerations, the results show that 

these priorities also vary depending on how information is interpreted and evaluated within 

the company. The findings show that customer feedback is not always straightforward, as 

different perspectives influence how it is interpreted and used in decision-making. While 

more market-oriented roles tend to emphasize the importance of external validation to reduce 

uncertainty, technically oriented roles place greater emphasis on the internal vision and 

long-term product development. This implies that decision-making is shaped through a 

continuous negotiation between different ways of understanding what is considered relevant 

information and which direction should be prioritized.  

 

A third tension that emerges from the results concerns the relationship between short-term 

demands for feasibility and revenue generation, and long-term ambitions linked to more 

advanced technological development. The company works in parallel with simpler, 

implementable solutions and more complex initiatives, which implies that decision-making 

involves continuously balancing these rather than choosing between them. Short-term 

initiatives further appeared to create important conditions for the continuation of more 

uncertain and long-term development efforts, rather than functioning solely as competing 

priorities. Taken together, these tensions show that strategic decision-making is shaped 

through the ongoing management of competing demands, where the tensions not only pose 

challenges but also act as driving forces that shape and move development forward in the 

startup. 

 

At the same time, the decision-making process is strongly influenced by the contextual 

conditions surrounding the startup. Resource constraints emerge as a central driver that not 

only limits the scope of action, but also shapes which strategic alternatives are perceived as 

feasible, resulting in decision-making characterized more by adaptation than by planning. 

Furthermore, the findings show that AI, despite its central role in the company’s value 

proposition, has a limited impact on the company’s strategic decision-making, where human 

judgment and experience-based knowledge remain the primary basis for decisions. At the 

same time, the rapid development of AI technology contributes to making time a critical 

dimension in the decision-making process, as both technological opportunities and market 

receptivity continuously evolve. This implies that strategic decisions are not solely about 

identifying the right direction, but also about navigating when different opportunities become 

feasible. Taken together, this suggests that strategic decision-making is shaped by both 
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internal conditions and the broader context, which define the boundaries of what decisions 

are possible and how they evolve over time.  

 

Taken together, the decision-making process in Weon exhibits similarities to previous 

research on startups in several aspects, however, the results also reveal differences that 

indicate that strategic decision-making in AI contexts cannot be fully understood through 

existing theories. First, decision-making is characterized by a more fundamental form of 

technological uncertainty, where the question is not only about how a solution can be 

improved, but whether it is even possible to realize it. Second, the assumption of market 

feedback as a guide for product development is challenged, as customers may lack the 

knowledge or awareness to formulate needs related to new and complex technology. Finally, 

these two dimensions are further amplified by the rapidly evolving AI landscape, where the 

pace of technological development continuously reshapes both technological possibilities and 

market expectations, which makes it difficult to separate or sequence technological and 

market considerations in practice. 

6.1 Theoretical and practical contributions 

This study contributes to the literature on strategic decision-making in early AI startups by 

empirically demonstrating how decision-making is shaped as an iterative and emergent 

process, where technological and market uncertainty continuously interact rather than 

following a sequential logic. By integrating established theory with empirical insights from a 

company operating in the midst of major technological change and market establishment, the 

study contributes to a deeper understanding of how strategic decisions develop over time in 

practice. The resulting process model further shows how strategic decision-making is driven 

by the interaction between underlying tensions and contextual conditions, highlighting that it 

is this interplay, rather than individual elements, that shapes how decisions evolve. 

 

From a practical perspective, the findings suggest that early-stage AI startups benefit from 

treating technological development and market validation as parallel rather than sequential 

activities. This can reduce the risk of developing technical solutions that lack actual demand, 

but at the same time requires closer communication and coordination between technical and 

market-oriented functions, where customer feedback needs to be continuously interpreted and 

weighed against the firm’s internal strategic direction. However, as suggested by the findings 
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of this study, this process can be particularly challenging in AI startup contexts, where 

customers may lack the awareness to identify or express needs related to unfamiliar 

technology. This further highlights the importance of timing, where the right idea at the 

wrong time may fail, while previously dismissed ideas can become relevant as both 

technology and market conditions mature. The study also shows that AI currently primarily 

functions as a tool for generating insights, while strategic judgment continues to rely on 

human interpretation. This suggests that AI is better understood as a decision-support tool 

rather than a substitute for human strategic judgment in uncertain and evolving contexts. 

6.2 Limitations and suggestions for future research 
The authors are aware that the study contains certain limitations that should be considered 

when interpreting the results. First, as the study is based on a single case company, this limits 

the ability to generalize the results to other AI startups or industries. The identified patterns 

may therefore be specific to this particular company and its context. Second, the relatively 

small number of interviews may have limited the breadth of perspectives included in the 

study, where additional respondents could have contributed further nuances. Third, the use of 

retrospective interviews, where respondents were asked to reflect on decisions made some 

years earlier, introduces a risk that memories and interpretations may have been influenced 

by subsequent outcomes and evolving perceptions of the situation. 

 

Against the background of these limitations, the authors suggest the following directions for 

future research: 

 

-​ A longitudinal study that follows an AI startup in real time, rather than 

retrospectively, would allow for a more direct observation of how strategic decisions 

are made and revised over time, as well as how they are shaped by ongoing changes 

in both technology and the market. 

-​ A comparative multi-case study of several AI startups could examine whether the 

patterns identified in this study extends beyond this case, or whether they are shaped 

by context-specific factors, such as differences in industry conditions, technological 

maturity, and organizational characteristics across firms. Future research could also 

compare AI startups with startups operating outside AI-intensive contexts to further 
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examine which aspects of strategic decision-making are specific to AI environments 

and which reflect more general startup dynamics. 

-​ The inclusion of external perspectives, such as from customers and investors. Since 

this study is based solely on internal perspectives, it does not capture how external 

actors both perceive and shape strategic decision-making within early-stage AI 

startups. 
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 8. Appendix 

Appendix I: Interview Guide 

Role and Context 

1.​ Can you describe your role at Weon and your main responsibilities? 

2.​ How long have you been involved with the company? 

Development Over Time 

3.​ Looking back to when the company was founded or since your involvement began, how has 

your solution evolved or changed over time? 

Technological Development and Uncertainty 

4.​ When developing new features, what aspects have been the most uncertain? 

5.​ Have you built something that later did not work as intended? What happened in that 

situation? 

6.​ How have you decided whether to continue developing something or to stop? 

Market Validation and Uncertainty 

7.​ When you started the company, how did you go about testing whether there was actual 

demand for your solution? 

8.​ Has customer feedback led you to change aspects of the solution? Can you provide an 

example? 

9.​ What would you say has been the greatest source of market-related uncertainty during your 

development journey? 

10.​ Have there been situations where you wanted to develop something technically that the 

market did not demand, or vice versa? How did you handle that? 

Feedback and Re-evaluation 

11.​ Can you describe a situation where feedback from customers or other stakeholders led you to 

question an idea or decision you had made? How did you handle that situation? 
12.​ Can you describe a situation where you faced a major decision regarding your solution? How 

did you approach making that decision? 
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13.​ When making significant decisions, what factors tend to carry the most weight? Can you give 

an example? 

14.​ When making major decisions, do you typically rely on a clear long-term plan, or more on the 

resources and opportunities available at the time? 

AI in Internal Decision-Making 

15.​ Do you use data or AI-generated analyses as a basis for deciding what to develop or 

prioritize? 

16.​ Have there been situations where you chose to go against what the data or AI suggested? 

17.​ Do you think there is a risk of relying too heavily on data or AI-based analyses in 

decision-making? 

Closing 

18.​ Looking back at how decisions have been made so far, is there anything you would have done 

differently today? 

19.​ Is there anything we have not asked that you believe is important for understanding how 

decisions are made at Weon? 

Appendix II: External Documents 

Articles: 

Breakit.se (2024, October 2). Weon vill fixa problemet med storlekar på klädsajter. Retrieved 
[26-02-02], Available at: 
https://www.breakit.se/artikel/41305/weon-vill-fixa-problemet-med-storlekar-pa-kladsajter 

Ehandel.se. (2024, October 4). Göteborgare ska stoppa klädreturerna: "Först i världen med 
tekniken". Retrieved [26-02-02], Available at: 
https://www.ehandel.se/goteborgare-ska-stoppa-kladreturerna-forst-i-varlden-med-tekniken 

Foretagarna.se (2025, May 15). Returdödaren från västkusten: e-handelns nya favorit. 
Retrieved [26-02-02], Available at: https://www.foretagarna.se/nyheter/riks/2025/maj/weon/ 

Podcast:  

Private Markets by Axelina. (2024, October 4). Grundare av Weon. Listened to: [26-02-04], 
Available at: Spotify.  

Webinar: 
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Fashioninnovation DigiTalks. (2026, April 30). Founders discuss AI, virtual try-ons, and 
data-driven sizing. Live event. Accessed at: https://fashinnovation.nyc/digitalks/ 
 

Appendix III: Coding Structure Table 
 

Initial Codes Broader Categories Themes 

Receiving feedback and making changes  
 
 
 

Iterative learning and 
experimentation under 

uncertainty 

 
 
 
 
 
 
 
 
 
 
 
 

Strategic decision-making as an 
iterative and market-driven 

learning process 

Learn along the way 

Trial-and-error in development 

Solutions not working in practice 

Rapid testing and adjustment 

Testing ideas to evaluate what works 

Frequent interaction with customers to 
test ideas 

 
 

Customer feedback as a 
mechanism for iterative 

learning 
 

Adjusting solutions based on customer 
feedback 

Learning what works through customer 
input 

Having a roadmap while needing to adapt  
 

Balancing planning and 
adaptation in 

decision-making 
 
 

Balancing short-term and long-term 
priorities 

Focusing on what can be sold now 

Building simpler solutions first 

Inability to act on all customer feedback  
 

 
 

Tension between 
customer feedback and 

strategic vision 

 
 
 
 
 
 
 
 
 
 

Over-adaptation to customer feedback in 
early stages 

Difficulty in determining which feedback 
to prioritize 

Variation in customer needs and 
preferences 
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Tensions shaping strategic 
decision-making under 

uncertainty 

Following internal gut feeling rather than 
customer feedback 

Difficulty in making solutions work in 
practice 

 
 
 

Technological 
feasibility constraining 

strategic choices 
 

Uncertainty regarding whether solutions 
are feasible 

The solution works in theory but not in 
practice 

Underestimation of technical complexity 

Development taking longer than expected 

Different pace between sales and 
technology teams 

 
 

Misalignment between 
technological 

development and 
market demands 

Inability to sell solutions that are not yet 
developed 

Developed solutions not matching 
customer needs 

Difference between envisioned and actual 
product 

Decisions made collectively  
 

Collective 
decision-making and 
internal coordination 

challenges 

Decisions emerging through discussion 

Use of workshops and brainstorming in 
decision-making 

Time required to reach agreement 

Difficulty aligning different perspectives 

Concern about limited financial resources  
 

Resource dependency 
shaping strategic 

prioritization 

 
 
 
 
 
 

 
 
 

 

Need to generate revenue 

Prioritization of solutions that can be sold 
quickly 

Resource constraints shaping what is 
developed 

AI not used for strategic decisions  
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Contextual drivers of 
decision-making 

 AI as a contextual 
enabler rather than a 

decision-maker 
 

Low trust in AI for big decisions 

AI primarily used for operational tasks 

AI outputs require human verification 

Decisions are made by people, not AI 

Solutions previously not working 
becoming feasible over time 

 
 
Temporal sensitivity of 
strategic decisions 

Market not ready for the solution earlier 

Acceptance of AI has increased 

Technology has improved over time 
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