
 

 

 

 

 

 

 

 

 

THE ROLE OF ARTIFICIAL INTELLIGENCE IN ACHIEVING COMPETETIVE 

ADVANTAGE IN FASHION PROCUREMENT 

Study of Nordic Fashion Retail Companies 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Lappeenranta–Lahti University of Technology LUT 

Bachelor’s Programme in Supply Management, Bachelor’s thesis 

2026 

Julia Liikkanen 

Examiner: Post-doctoral researcher Iryna Malacina 

  



 

 

ABSTRACT 

Lappeenranta–Lahti University of Technology LUT 

LUT Business School 

Business Administration 

 

 

Julia Liikkanen 

 

The role of artificial intelligence in achieving competitive advantage in fashion 

procurement: Study of Nordic Fashion Retail Companies 

 

Bachelor’s thesis 

2026 

71 pages, 4 figures, 2 tables and 1 appendix 

Examiner: Post-doctoral researcher Iryna Malacina 

 

Keywords: fashion industry, procurement, artificial intelligence in fashion industry, artificial 

intelligence in procurement 

 

Fashion industry procurement operates in a constantly changing environment affected by 

fluctuations in demand and trends. Staying competitive requires agile procurement activities 

and maintaining up-to-date industry knowledge. Artificial intelligence (AI) has increasingly 

attracted attention due to its ability to perform tasks rapidly and process large volumes of 

data simultaneously. This indicates the potential to enhance the efficiency of procurement 

functions. 

 

The aim of this bachelor’s thesis is to examine how artificial intelligence contributes to 

competitive advantage in procurement activities. In order to gain a comprehensive 

understanding, qualitative data were collected in the form of interviews from six 

procurement professionals in the fashion industry across three different companies operating 

in the Nordic countries. 

 

The findings indicate that AI adoption in the industry is still at an early stage. Experts 

perceive AI as a tool that can reduce manual work and free up time for core procurement 

activities. According to the findings, procurement professionals do not yet possess sufficient 

skills to effectively utilise AI in their work. None of the companies appeared to 

have company-level AI-handbook, and chatbots were utilised primarily at an individual 

level. However, two of the companies were either utilising or piloting AI-enabled 

procurement decision-support systems. 
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Muotialan hankinnan ammattilaiset työskentelevät ympäristössä, joka muuttuu jatkuvasti 

kysynnän ja trendien vaihtelun seurauksena. Pysyäkseen kilpailukykyisenä yrityksen 

hankintatoimen on oltava ketterää sekä ylläpitää ajantasaista osaamista ja tietoa alasta. 

Tekoäly on enenevissä määrin herättänyt keskustelua sen kyvyllä suorittaa tehtäviä nopeasti 

samalla käsitellen laajaa määrää dataa. Tällaiset ominaisuudet voisivat  parantaa ja kehittää 

hankintatoimen työskentelyn tehokkuutta. 

 

Tämän kandidaatintutkielman tarkoitus on selvittää miten tekoäly vaikuttaa kilpailuedun 

muodostumiseen muotialan hankinnoissa. Kokonaisvaltaisen kuvan saamiseksi tutkimus 

toteutettiin kuuden ammattilaisen haastatteluna kolmesta eri yrityksestä, jotka toimivat 

pohjoismaiden alueella. 

 

Tutkimustulokset paljastavat, että tekoälyn käyttö hankintatoimen tiimeissä on vielä 

suppealla tasolla. Ammattilaiset näkevät tekoälytyökalujen potentiaalin manuaalisten 

tehtävien poistajana ja mahdollisuutena vapauttaa aikaa työn ydintehtäville. Tutkimuksessa 

selvisi, ettei ammattilaisilla ole tällä hetkellä tarvittavia taitoja hyödyntää tekoälyä 

tehokkaasti työssään. Yhdelläkään yrityksistä ei ollut organisaation tasoista käsikirjaa 

tekoälyn käytöstä ja chatbotteja hyödynnettiin lähinnä yksittäisiin yksilöiden tarpeisiin. 

Kaksi yrityksistä kuitenkin hyödynsivät tai pilotoivat parhaillaan tekoälyllä varusteltua 

päätöksentekoa tukevaa ohjelmaa. 
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1  Introduction 

The fashion retail industry faces a variety of challenges, ranging from high demand 

fluctuations and constantly changing seasonal collections to rapidly evolving trends and 

sustainability challenges. To succeed, fashion retailers must understand their customers’ 

preferences and be able to respond to their needs. This makes accurate demand forecasting a 

crucial decision-support tool for purchasing in a fast-paced and dynamic business 

environment. Futurists create perspectives on upcoming trends, from which fashion 

professionals and business strategists gain valuable insights for their work. Fashion industry 

demand forecasts are traditionally seen as processes that require a relatively large amount of 

time and manual labour. However, the emergence of AI has enabled companies to analyse 

trend data in near real time. (Hur, Hemingray & Westland 2025) 

Until the 1980s, production and operations management focused primarily on internal 

manufacturing operations. Later research identified four key factors that needed to align with 

the strategic direction of the corporation, thereby improving financial performance. These 

competitive factors enabled firms to differentiate from competitors in the market. The 

identified competitive factors included quality and cost of the product, on-time performance, 

and responsiveness to demand. (Harland & Sarkis 2024) The core competitive factors in 

procurement continue to be grounded in these foundations. 

Efficient supply chain management contributes directly to the competitive advantage of a 

company (Datta 2017). Through the systematic implementation of AI, companies could 

make purchasing processes more efficient. They could potentially predict the right order 

quantities for collections and the needed size range based on historical sales data leading to 

more accurate procurement decisions. Through these practices companies would avoid 

markdowns of unsold pieces from seasonal collections and would improve profitability. 

These factors together raise a question of how and to what extent fashion retail companies 

nowadays use AI to make purchases with maximum accuracy. 
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Social media currently has a significant impact on fashion trends, which are changing faster 

than ever. With the emergence of the internet, fashion shows and runways became easily 

accessible sources of inspiration for fashion-loving consumers. A highly dynamic 

environment requires fashion procurement to respond rapidly and maintain competitiveness 

through the use of an agile sourcing system. With the development of AI, procurement 

functions are now on the verge of implementing entirely new sources of competitive 

advantage into both strategy and operations.  

Company’s ability to adapt to digital transformations has frequently been examined through 

Dynamic Capabilities Theory. Teece introduced the theory as a framework explaining how 

firms integrate, build, and reconfigure competences. Dynamic Capabilities Theory consists 

of three core dimensions – sensing, seizing, and reconfiguring. This set of capabilities is 

essential for a company to adapt to rapidly changing environments and markets. At present, 

AI is emerging as a supportive tool in procurement and is driving significant transformation 

within the field. The theory provides a coherent and theoretically grounded framework and 

a tool for examining the implementation of AI in procurement activities within fashion 

companies. (Ellström, Holtström, Berg et al. 2022) 

1.1  Literature background 

Previous research on utilization of AI in fashion industry procurement functions remains 

relatively limited. Most of the existing studies consist of literature reviews and directions for 

future research. In addition, existing research has primarily focused on usage of AI in general 

purchasing department activities without a specific focus on procurement in the fashion 

industry. 

Companies have increasingly begun piloting and implementing AI in their day-to-day tasks, 

beginning with the simplest ones. Despites this, the implementation process is still in a 

developing stage. Existing researches have shown that the adoption of AI presents several 

promising implementation opportunities in procurement and decision-support (DS) 

processes (Balkan & Akyuz 2025). Researchers concluded that AI would be highly 

beneficial in assisting end-to-end supply chain management (SCM) as a decision support 
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system (DSS). According to them, these SCM processes include tasks such as market 

assessment, demand prediction, planning and forecasting future sourcing, searching and 

scouting for potential suppliers, contract negotiating, selecting suppliers, and managing 

contracts and orders. In addition, AI can be trained to provide real-time incident alerts in 

supply chain and assist in sustainability concerns. 

In the fashion industry demand forecasting is one of the most challenging tasks. The main 

reason is the lack of reliable historical sales data resulting from the characteristics of the 

industry. New collections are welcomed every season and even more frequently. They 

consist of new product introductions, which makes getting sales history complex. Demand 

forecasts are usually done by retailers’ personal experience, sometimes leading to 

overstocking and surplus inventory. An additional issue is that sales data by itself doesn’t 

fully reveal customer preferences. For these reasons latest studies are examining fashion 

demand forecasting by using fitting room data. Anitha and Neelakandan (2024) studied the 

opportunities of radio frequency identification tags (RFID). The study showed that the tags 

can provide retail companies an opportunity to collect in-store data of customer preferences 

automatically and gain valuable insight for decision-making support. (Anitha & 

Neelakandan 2024) 

Optimization of fashion procurement activities is a complex task due to constantly changing 

trends, seasonal shifting, long lead times, and a substantial increase in stock keeping units 

(SKU). These factors are forcing retailers to adopt a dynamic replenishment strategy in order 

to gain a competitive edge in highly competitive replenishment frequency (Anitha & 

Neelakandan 2024; Fares & Lebbar 2019). For example, Zara’s manufacturing strategy 

includes lean thinking and a design-to-sell approach, resulting in an end-to-end process from 

design to store that takes only six weeks (Fares & Lebbar 2019). Inditex, Zara’s parent 

company, was identified as one of the leading apparel retailers worldwide in the Statista 

2024/25 listing with a revenue of 41.6 billion U.S. dollars (Forbes 2025). Success is possible 

when business operations are guided by a clear strategy and well-defined goals. 

Previously published literature review and study on future research opportunities propose 

variety of research avenues on how AI and machine learning (ML) could be implemented in 
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procurement and purchasing DS. The proposed research directions concerned, for example, 

AI implementation challenges, real-time risk management, and AI-enabled spend analysis 

and reporting, as well as how AI could be integrated into company’s ERP systems. (Balkan 

& Akyuz 2025) A clear research gap exists in the current literature. This further underlines 

the importance of conducting the study, highlighting its contribution to existing research, 

particularly by providing empirical insights into the situation of Nordic fashion companies. 

1.2  Aims and research questions 

This research aims to explore how and in what ways implementing AI in procurement and 

purchasing decision making processes can contribute to a company’s competitive advantage. 

The goal of the study is to provide new insights on how AI is used in fashion industry 

procurement processes and what benefits it is providing. The implementation process 

involves several obstacles, pitfalls, and challenges, which the study aims to identify and 

analyse. In this way, the study will provide a comprehensive analysis of factors that have an 

influence on the AI adoption process. In addition, it will provide a holistic understanding of 

the key factors contributing to a successful and efficient outcome of AI implementation into 

the procurement decision support systems.  

The study is structured around the main research question, which is going to be answered 

through three sub-questions. This method was chosen in objective of aligning the research 

questions with the three stages of Teece’s (2014) Dynamic Capabilities Theory, which serves 

as the theoretical foundation of this paper. Theory divides enterprises’ dynamic capabilities 

into three comprehensive parts; sensing the opportunities and threats in the business 

environment, seizing the opportunities, and ability to stay competitive by means of 

reconfiguration of current resources.  

Based on the research setting and the chosen theory, the main research question and three 

sub-questions were defined as follows: 

Main RQ: How does AI contribute to competitive advantage in procurement activities? 
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RQ1: What types of opportunities and threats does AI 

help procurement professionals recognise, and how?   

RQ2: How does AI support procurement decision-making?  

RQ3: How is AI transforming the role of buyers?   

1.3  Research method 

The research approach of this study is an abductive qualitative multiple-case study. The 

interview and research questions are formulated through the lens of Teece’s (2014) Dynamic 

Capabilities Theory. The data of the study is collected using semi-structured thematic 

interviews. The use of this method keeps interviews comparable, but flexible, allowing the 

researcher to ask follow-up questions and themes to emerge freely from the interview data. 

The collected data is further analysed using the Gioia method, which provides a deep 

understanding of complex phenomena by identifying patterns and interpreting experiences 

of the interviewees. The methodology is discussed further in Chapter 3. Ethical 

considerations are addressed by ensuring the anonymity of the interviewees and the 

companies, and voluntary participation in the interviews.  

The empirical data consists of five interviews conducted with a total of six interviewees. The 

criterion for participation is that the company is piloting or has already implemented AI to 

some extent of procurement activities. Interviews are executed via Microsoft Teams and 

lasting approximately 30 to 50 minutes. The interviews are recorded and transcribed with 

permission obtained in advance, to ensure data accuracy during the later analysis phase of 

the research. 

 The company selection is limited to Nordic countries in order to ensure a broader 

perspective for the research, considering relatively small size of the Finnish business markets 

on its own. The sizes of addressed companies vary from medium-sized to large enterprises, 

while excluding small companies due to their limited capacity and, consequently, a lower 

chance of having already implemented AI in their procurement DSS. Approached 
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employees’ job titles and positions included, for example, titles as Head of Product 

Development, Category Manager, and Business Development Manager. This type of 

delimitation enables getting a broad perspective of the employees’ experiences on the 

research topic. 

The study faces certain transferability limitations. Due to the relatively small research 

sample consisting of only three companies, the results may not be generalizable as such. 

Additionally, interviewees represent only procurement operations and supply chain 

activities, which excludes other AI adoption possibilities from the scope of the study.   

1.4  Structure of thesis 

The structure of the thesis follows six chapters. The second chapter addresses the existing 

literature relevant to the research topic, elaborating buying processes in the fashion industry, 

followed by the opportunities of AI implementation, and concluding with the Dynamic 

Capabilities Theory. The third chapter presents the research methodology. The fourth 

chapter reports the findings, while the fifth chapter provides a discussion of the results 

together with practical guidelines. Finally, the sixth chapter presents the conclusions. 
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2  Literature review 

Supply chain management (SCM) and procurement activities are a crucial part of a 

business’s financial performance. Research shows that supply chain improvements correlate 

positively with a company’s performance on several areas, such as market, financial, and 

operational areas (Silva, Sousa, Moreira et al. 2020). They state that besides improving a 

company’s overall performance, careful work in SCM activities also enhances competitive 

advantage.  By making an effort and maintaining up-to-date knowledge in the field, it is 

possible to get ahead of competitors. 

AI and machine learning (ML) are capable of supporting nearly all supply chain and 

purchasing processes and can play an important role in end-to-end supply chain 

management. The first sub-section 2.1 will address the practices and challenges of fashion 

industry. Following sub-section 2.2 will address the opportunities and potential 

implementations of AI in fashion procurement activities. Lastly, sub-section 2.3 will explore 

and conceptualize the Dynamic Capabilities Theory. 

2.1  Fashion buying 

Fashion procurement operates in a highly agile sourcing environment. It has similar 

characteristics to procurement in other industries, however, it is characterized by rapid 

changes in what is considered a trend. In the 1980s, the fashion calendar had typical pattern 

of Fall/Winter and Spring/Summer seasonal collections. At that time, seasonal ranges were 

usually developed in one full year. During the 1990s, increasing market rivalry and 

phenomena of adding more phases to existing four seasons led companies to begin shifting 

their strategies. (Bhardwaj & Fairhurst 2010) This was the first major change in the industry 

that began to shape fashion procurement into what it is today – a complex and rapidly 

changing environment.  
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Supply chain management 

The term supply chain management was introduced in 1982 to conceptualize the value of 

upstream and downstream flows. During the early conceptual development, scholar in 

purchasing and supply management focused on how procurement should work to achieve 

the best performance level. The Five Rights framework enhanced the idea of right quality, 

quantity, price, service, and delivery. Scholars argued that these factors were traded-off or 

balanced and served as key criteria for supplier selection. These criteria established and 

developed today’s understanding of supply chain management into a strategic and cross-

organisational topic. (Harland & Sarkis 2024) 

The core of today’s supply chain management is sustainable supplier selection. Sustainable 

supply management (SSM) means integrating environmental, social, and economic factors 

into supplier selection, evaluation, and management (Kähkönen, Lintukangas & Hallikas 

2018). Knowledge about sustainability and environmental issues are growing among 

customers and stockholders. Due to this, being a forerunner in sustainable supplier managing 

provides a competitive edge for a company. (Gidiagba, Tartibu & Okwu 2025) A study 

identified that small and medium-sized garment companies are lacking clear supplier 

selection procedures, which leads to inconsistent decisions and different results depending 

on the decision-maker. (Amaranti, Supena & Ramadhani 2014) 

Choosing the right supplier directly affects product quality, costs, flexibility in responding 

to demand, and delivery speed (Amaranti, Supena & Ramadhani 2014). The study conducted 

by Kähkönen, Lintukangas, and Hallikas (2018) used the Dynamic Capabilities Theory and 

identified two dimensions of sustainable practices. Reactive practices are basic and 

compliance driven, whereas proactive practices are strategic and capability-building. This 

leads to an interpretation that proactive sustainability practises are those that create a 

company’s competitive advantage.  

Traditional supplier selection processes include steps such as identifying material needs, 

checking the number of supplier options available, and evaluating suppliers. These steps are 

followed by ranking and selecting a desired supplier. To reduce bias, produce consistent 
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rankings, and combine multiple decision-makers’ opinions, researchers provided an excel 

based analytical hierarchy process (AHP) application. This multi-criteria decision-making 

method starts with defining criteria for suppliers, followed by comparing suppliers pairwise, 

calculating weights and scores, and finally ranking suppliers. The simplicity of the tool is, 

besides being beneficial, also a limitation. The tool could be connected across departments 

and be integrated with databases to be applied in a broader way. (Amaranti, Supena & 

Ramadhani 2014) 

Radio frequency identification (RFID) holds a significant role in supply chain management. 

The technology uses radio waves to identify and track objects. Key components are the RFID 

tag, which is attached to the item, and the reader system, which collects and processes the 

data and location. The key benefit is the ability to track the item across the entire supply 

chain and through that improve inventory management, transportation tracking, warehouse 

operations, and production and replenishment planning. (Casella, Bigliardi & Bottani 2022) 

Denuwara, Maijala, and Hakovirta (2019) proposed that the data collected from RFID tags 

can be valuable to leverage by AI applications in decision support systems.  

Demand and trend forecasting 

Fashion industry procurement is largely driven by trend and demand forecasts. Before 

predicting demand, it is essential to understand how trends, which influence demand, are 

formed. Besides technological innovation, artistic and creative shifts, and serving as a form 

of historical record, fashion also reflects economic, political, societal, and cultural changes. 

(Hur, Hemingray & Westland 2025) Demand predictions are one of the most crucial 

components of a fashion company’s operational support system, as they enable retailers to 

offer the right fashion items at the right time. Future forecasts allow retailers to have greater 

flexibility in operations, and through this, contribute to the profitability of the company. 

(Ren, Chan & Siqin 2020) 

Fashion trend forecasters draw together multi-source data and analyse their findings into 

trend themes, moods, styles, materials, and colours that are expected to be most desirable 

and attractive to consumers looking for inspiration and purchasing new upcoming fashion 
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items. The data is gathered globally from a variety of design collections. Trends can be 

studied at three different stages: (1) mega or macrotrends, which can be observed at the 

global level; (2) meso-trends, which are considered to influence the national or regional 

level; and (3) micro-trends, which operate at the individual or sector-specific level. The 

WGSN trend forecasting company has over 6,500 customers from startups to multinational 

companies. With 25 years of experience, it is considered to be one of the most influential 

fashion trend forecasting companies. The WGSN forecasting technique uses the STEPIC 

method: society, technology, environment, politics, industry, and creative culture. The 

research method leverages five unique steps: observing, synthesizing, forecasting, 

focusing,  and re-evaluating. (Hur, Hemingray & Westland 2025) 

 

In addition to identifying trends, it is essential to understand how innovations, in this case 

trends, are adopted in society. One of the most widely accepted theories of diffusion of 

innovation was introduced by Everett Rogers (Sahin 2006). He presented the adoption of an 

innovation as a decision to make full use of an innovation and rejection as a decision not to 

adopt the innovation. The theory breaks decision-making into five stages: (1) knowledge, 

(2) persuasion, (3) decision, (4) implementation, and (5) confirmation. (Sahin 2006) In the 

fashion industry, these stages can be implemented as: (1) discovering a new trend, (2) 

evaluating aesthetic and social benefits as well as style fit; (3) adopting the trend, (4) 

wearing, experimenting, and introducing it to social circles by incorporating it into everyday 

wear; (5) reinforcing and advocating for the new trend and validating it through influencing 

others (Hur, Hemingray & Westland 2025). 

 

In a highly competitive environment, fashion retailers’ main goal is to ensure the right 

products, quantities, and locations at the right time. At the same time, companies are eager 

to reduce costs and improve efficiency for better profitability. Researchers propose a model 

for optimizing merchandise and replenishment planning in fashion retail. The model consists 

of two phases: pre-season, focusing on merchandising, and in-season, focusing on 

replenishment. The pre-season phase aims to create long-term plan for the upcoming season. 

It uses data provided by the retail company: historical sales data, store characteristics such 

as size, location, and turnover, and the product catalogue as well as forecasts for the period 

under review. As an output, the pre-seasonal phase provides a merchandise plan, which is 

based on sales data expected to be achieved in the given period.  The in-season phase enables 
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dynamic planning during the season. It continuously compares actual sales with forecasts, 

and provides a replenishment plan as an output, adjusting deliveries based on realized 

demand. The model shifts the strategy from a total push strategy to a push-pull version, 

which improves responsiveness and reduces inefficiencies. (Iannone, Ingenito, Martino et 

al. 2013) 

 

Failing in providing an appealing assortment for customers leads to losses in both current 

and future sales. Retailers must be able to identify customers’ preferred brands, and build an 

assortment that satisfies different consumer segments of the given company. (Liu & 

Kawaguchi 2022) The task requires data derived from sales history, customer membership 

programs, and other sources enabled by emerging technologies. 

 

Assortment planning 

Assortment planning always starts from a merchandise budget plan. The second step is to 

determine required stock levels, and create an assortment plan. The plan specifies what 

product types are needed, and the variety of each product type such as styles, price levels, 

and colours. The assortment plan is developed gradually and progressively in more detail 

over time. (Varley 2001) 

 

Retailers aim to maximize sales, and one of the key elements in achieving this is optimizing 

the assortment range in stores. Decisions regarding item assortment width are often made 

due to the aim of responding to customers’ diverse shopping needs. (Hong, Misra & 

Vilcassim 2016) Assortment planning is a highly complex task and is most often performed 

by managers with little to no support from optimization algorithms (Vorotyntseva & Honhon 

2026). 

Product range planning is a time-intensive process that requires consideration of numerous 

factors. Research shows that assortment width has a negative impact on delivery times, and 

it is more beneficial for retailers to add a product to an existing category rather than to add 

a new product to a new category. (Gopalakrishnan, Matta, Yourdshahy et al. 2023) 

Understanding this limitation is crucial for maintaining shorter lead times for seasonal 

assortments and deliveries to warehouses and local stores. High product variety can increase 
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consumer consumption (Deng, Kahn, Unnava et al. 2016), and at the same time, a large 

product range increases inventory due to the absence of pooling. Increased variety might 

also lead to product cannibalization and higher overhead costs. (Vorotyntseva & Honhon 

2026) 

 

Building a well-balanced assortment requires a careful combination between basic items and 

trend items, as well as across multiple brands. Vorotyntseva and Honhon (2026) studied how 

human decision-makers perform assortment planning. The research revealed two key 

findings – mean-anchoring bias and status quo bias in assortment range decision-making. 

Mean-anchoring bias aligns with the human cognitive preference for average solutions. The 

phenomenon has previously been studied by Simonson (1989) in relation to the compromise 

effect in decision theory and by Schweitzer and Cachon (2000) in relation to the pull-to-

centre effect in the single-period inventory problem. This bias reflects an unconscious 

systematic tendency whereby buyers select values close to the mean of the distribution rather 

than the optimal value. Status quo bias refers to a pattern where decision-makers 

unconsciously anchor their opinions to the starting assortment and choose assortments close 

to it.   

Human decision-making in assortment planning requires support systems that are based on 

data. Given this complexity, many researchers highlight the importance of decision support 

systems (DSS) being practical, scalable, and able to present data in an accessible and 

interpretable manner. However, many existing DSS solutions still lack these qualities. 

(Hübner 2017; Vorotyntseva & Honhon 2026)  

2.2  Opportunities of adopting AI 

This sub-section aims to conceptualize the integration of AI in procurement decision support 

systems from the perspective of achieving competitive advantage. The topic will be 

examined in the same logical order as the sub-section 2.1, starting from supply chain 

management, continuing to demand and trend forecasting, and finishing with assortment 

planning. As stated before, fashion industry procurement is a highly agile and constantly 

fluctuating environment. Despite the characteristics of the field, procurement professionals 
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execute their tasks based on their own expertise, with a surprisingly limited amount of 

support from optimization algorithms, considering the unconscious human preference for 

midway solutions. 

AI has become a prominent topic due to its versatile potential and the wide range of 

possibilities it provides. It can be utilized in numerous applications, in many different ways, 

and at different levels within a company. It has significant potential to improve efficiency 

due to its capability to perform tasks faster and process significantly larger amounts of data 

than a human within in the same amount of time. Implementing AI in a corporate 

environment and achieving results requires careful planning, systematic training of 

employees, and long-term commitment. Research shows that with the use of AI, companies 

are likely to achieve a significant competitive advantage in the market. Despite this, AI is 

still adopted to a limited extent in the fashion procurement industry, and the digital maturity 

of companies remains at an early stage. (Guida, Caniato, Moretto et al. 2023) 

This study leaves out overly technical AI techniques and focuses on practical AI applications 

that have potential in solving daily challenges in procurement and supply chain management 

activities. These practical applications include natural language processing (NLP), computer 

vision (CV), predictive analytics, and chatbots. Overlap exists in AI systems used in 

procurement, as many are applicable across multiple procurement activities. Before going 

into the opportunities and potential implementation areas, this paper briefly introduces the 

AI applications in question. 

AI is a umbrella term for machine learning (ML), and deep learning (DL). Reaching the 

ultimate goal of reconstructing human intelligence in computers requires machines to be able 

to execute a large scope of complex functions. These tasks include problem solving, memory 

recall, planning, reasoning, learning, and processing natural language together with being 

socially intelligent. Until this day, there still does not exist a single algorithm that can provide 

value in every business activity of the fashion industry. (Luce 2019)  

The difference between the AI, ML, and DL is their relation to each other, which is 

represented in Figure 1. AI is a combination of numerous application areas, tools, and 
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techniques. Having general picture of the categories and their subcategorization provides an 

understanding of how it all fits together. Machine learning covers a significant variety of 

methods for learning from data, and due to that plays a large part in AI implementations in 

business activities. Deep learning, on the other hand, is an approach to machine learning. 

(Luce 2019) 

 

Figure 1. The relation between the terms AI, ML, DL  (Luce 2019) 

 

Computer vision (CV) is a method, which utilizes deep learning to perform tasks. It is able 

to recognize objects from images and used in the fashion industry due to the visual 

characteristics of the field (Luce 2019). To achieve the most effective results, CV and ML 

need to be applied together. For example, computer vision gives the tool the ability to see, 

and machine learning, on the other hand, gives it the ability to recognize the object. (Luce 

2019)  

Natural language processing (NLP), is a set of computational techniques that help and enable 

computers to read, understand, and use human language to perform a range of tasks or 

applications (Liddy 2001). Chatbot, in turn, is a software program that interacts with humans 

using natural human language, allowing them to communicate with a computer. These 
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systems were first programmed in the 1960s to examine whether a computational system 

could fool users into thinking that they were interacting with real humans. (Shawar & Atwell 

2007) It is important to note that, in everyday conversations, discussions about AI most often 

refer to chatbots. 

Early-stage recommender systems were first developed in the mid-1990s. These systems aim 

to provide users with the most suitable items, products, or services, thereby enhancing 

customer relationships through data-driven calculations, such as customer segmentation 

derived from membership programs. Researchers recognize the significant opportunities that 

recommendation systems offer to businesses, although these do not come without 

challenges. (Lu, Wu, Mao et al. 2015) 

Reliable, integrated, and sufficiently large data volumes are the foundation and a prerequisite 

for AI applications. Demand forecasting in the fashion industry is often challenged by the 

demand censoring effect, where realized sales do not reflect actual demand due to stock-

outs. Affected by these challenges, models that rely only on point-of-sale (POS) data may 

underestimate true demand and lead to misleading forecasts. Previous research shows that 

the most accurate quantitative demand forecasting results can be achieved through the use 

of a hybrid forecasting model, compared to the use of only statistical or AI/ML models. 

Hybrid models are typically created by integrating ML methods and statistical techniques 

into a single model. (Swaminathan & Venkitasubramony 2024) 

Fashion demand fluctuation is caused by many variables, and based on this, relying solely 

on historical sales data leads to poor AI-generated recommendations (Swaminathan & 

Venkitasubramony 2024). A case study conducted on Zalando SE explores the deep learning 

approaches that the company has taken to address the forecasting challenges in pricing. The 

paper takes into account a range of covariates such as brand, commodity group, discount, 

original price, sales, stock, and stock uplift. (Kunz, Birr, Raslan et al. 2023) Although the 

study primarily addressed pricing challenges, the same variables also play a significant role 

in demand forecasting. 
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In addition to quantitative factors, qualitative factors have a significant impact on demand 

forecasting as well. Quantitative sales data shows business performance when the fashion 

assortment aligns with the trends of that specific season. However, past sales revenue cannot 

help predict customer demand for the coming season due to the lack of trend awareness. 

Qualitative data such as fashion trends and customer research are key elements in forecasting 

demand for trendy items. (Ren, Chan & Siqin 2020) 

Relevant information about fashion trends can be drawn from fashion news and magazines 

or social media, as well as from events such as fashion shows. The data can be collected in 

the form of pictures and texts, but the main point is to understand that different AI techniques 

are targeted for different needs. For example, image-related problems are addressed using 

computer vision, whereas language-related problems are addressed by using NLP methods. 

(Luce 2019) The main reason these methods enhance supply chain performance and help in 

forecasting, is the capability to handle extensive interrelations between various causal 

elements with non-linear relationships affecting demand. (Swaminathan & 

Venkitasubramony 2024) 

One effective way to predict demand for fashionable and new products is to analyse the sales 

of similar and related items together in combination with fashion trend and customer data. 

(Ren, Chan & Siqin 2020) This proves the fact that a significant benefit brought by the 

implementation of AI supported demand forecasting systems is the extension of traditional 

fashion trend forecasting to data-driven demand sensing. This change will enable large-scale 

data sources such as social media images, search data, and real-time sales signals to be 

analysed to detect emerging trends earlier and more objectively than before. 

A Finnish-based IT company, RELEX Solutions, provides retailers with a platform that 

enables them to integrate industry expertise with advanced AI, thereby improving 

operational efficiency across the value chain, and increasing sales and availability (RELEX 

2026). Several Nordic fashion retail companies such as Stockmann, Nanso, Marimekko, 

XXL, and Luhta Sportswear Company utilize RELEX Solutions’ advanced analytics 

platforms. The range of applications varies from inventory optimization and product 

replenishment to planning store assortments (RELEX 2015; RELEX 2026a). These types of 
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platforms act as pioneers and key enablers of AI implementation in fashion industry 

procurement.  

AI in supply chain management 

The challenge in supply chain management can be framed around three closely related 

processes: selecting the most suitable suppliers, identifying supplier-related risks in advance, 

and reducing manual effort in contracting and documentation processes. These critical 

decisions can be supported by AI implementation in the decision-making process. 

Researchers highlight that AI does not replace humans, but it can help to unleash their 

strategic and creative capabilities (Dash, McMurtrey, Rebman et al. 2019). 

Modern supplier selection is a highly complex process affected by multiple criteria such as 

cost, quality, sustainability, and risk. Machine learning methods can support all key stages 

of supplier selection including evaluation criteria definition, weighting the criteria, 

evaluation of suppliers, and final ranking and supplier selection. Existing tools use AI to 

analyse contracts, automate workflows, and ensure compliance, with solutions such as SAP 

Ariba’s AI-driven compliance engine. The application is facilitating the real-time detection 

of contract deviations and regulatory risks. (Balkan & Akyuz 2025; Isaac 2024) In particular, 

ML helps with processing large and complex datasets while giving the ability to handle 

multiple criteria simultaneously. According to the researchers, the key benefits of utilizing 

ML in supplier selection are better decision accuracy, improved supplier quality, risk 

assessment, and sustainability performance while increasing customer satisfaction. 

(Gidiagba, Tartibu & Okwu 2025)   

Researchers have studied the opportunity of implementing AI into RFID data. Items that are 

tried on most frequently can be interpreted as the most interesting fashion pieces for 

customers. This information provides an opportunity to recognize customer preferences in 

different regions and store locations. Collected fitting room data is analysed and clustered 

into customer profiles by using machine learning models. Research also highlights the 

potential to integrate data from multiple channels, such as online store sales. (Anitha & 

Neelakandan 2024) 
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In addition to reducing overstocking and enhancing assortment targeting, which improves 

the company’s financial performance, RFID data combined with AI also has the potential to 

positively impact enterprise sustainability. According to Denuwara, Maijala & Hakovirta 

(2019) RFID tags help to reduce environmental impact through lower waste levels, which 

results from better inventory accuracy and less overproduction and unsold stock. By 

reducing unnecessary products and logistics operations, the  RFID systems can lower a 

company’s emissions as well as supply chain costs. Tags can help to identify materials, 

thereby assisting users in finding care instructions and enhancing textile recycling. 

(Denuwara, Maijala & Hakovirta 2019) All these factors can be leveraged to create a 

competitive advantage for the company. 

The European Union set a mandate that by the year 2030 all textile products available on the 

EU market must be recyclable and sustainable. The Digital Product Passport (DPP) initiative 

aims to ensure the traceability of items and thereby reduce the environmental impact that the 

textile and fashion industry has on the planet. Existing RFID technology provides a key 

foundation for DPP tracking. AI can play a significant role in analysing and utilizing the 

DPP data. By managing and structuring the data in an easily interpreted way, it can 

contribute effectively to decision-making and sustainability management in procurement 

(Domskienė & Gaidule 2024), thereby facilitating the transition required by the mandate. 

A study conducted by Hallikas, Immonen, and Brax (2021) finds that implementation of e-

procurement technologies positively influences supply chain performance. The researchers 

found out that internal and external data analytics play different roles. Internal data can be 

defined as a company’s own data, such as sales, stock, and lead time data. External data, for 

instance, covers information about the market situation, trends, competitors, news, and social 

media. According to the research, internal data analytics enhances business performance 

directly, whereas external data analytics helps digital procurement capabilities, which in turn 

indirectly improve supply chain performance in general. (Hallikas, Immonen & Brax 2021) 

The business impact of AI implementation in supply chain management can be measured 

through supplier compliance coverage. Compliance coverage refers to suppliers’ due 

diligence completion (Directive (EU) 2024/1760 on corporate sustainability due diligence). 
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The completion rate can be measured and assessed at the performance level before and after 

implementing AI in supplier selection decision support.  Other business key performance 

indicators (KPIs) can include, for example, measuring inventory accuracy, warehouse 

utilisation, and productivity per employee. Productivity is expected to improve over time 

following the successful implementation of AI in documentation and contract management 

processes. 

AI in demand and trend forecasting 

AI-supported demand and trend forecasting systems serve as key inputs for traditional 

merchandising and replenishment optimization models. The main challenge can be seen as 

three decisions significantly linked to one another: pre-season order decisions, in-season 

assortment optimization, and the cold start problem regarding new fashion items (Iannone, 

Ingenito, Martino et al. 2013). Cold start items are those that have not been sold before and 

due to that reason, they have only a limited amount of sales data on which it would be 

possible to base demand predictions (Adel, Mohammed, Elsaid et al. 2026).  

AI can be implemented in fashion demand forecasting through numerous ways 

(Swaminathan & Venkitasubramony 2024). For instance, the two-phase model proposed by 

Iannone, Ingenito, Martino et al. (2013) would benefit from AI-enhanced forecasts and 

assortment optimization in the pre-season planning phase, as well as from real-time demand 

sensing in in-season replenishment decisions. On the other hand, deep learning models 

address the cold start problem by transferring demand information from visually and 

semantically similar products through a multimodal embedding space, enabling forecasting 

without historical sales data. (Adel, Mohammed, Elsaid et al. 2026) 

AI techniques used in fashion trend forecasting include methods such as computer vision 

(CV), and NLP methods. The CV technique can be useful for identifying emerging social 

media trends due to its ability to analyse visual content at scale. Luce (2019) proposes an 

opportunity to use social media companies’ application programming interfaces (APIs) to 

identify the overall sentiment and reception that a certain marketing campaign generated. An 

API refers to data provided in a structured format that can be easily collected and analysed 
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programmatically. In practice, a script utilizing NLP techniques can process, for example, 

Twitter APIs and summarize the reception of a marketing campaign without requiring a 

human to read individual posts. (Luce 2019) The generated summaries can later be utilized 

as input data for decision support in trend forecasting.  

It is important to note that, for the user, it is extremely hard to interpret how the algorithm 

arrived at its results. The lack of transparency reduces trust in AI outputs and diminishes the 

willingness to use them as a business decision-support tool. Another considerable limitation 

is that AI-powered systems rely on computational models and do not possess the deep 

domain knowledge of a skilled analyst in the fashion industry. For this reason, it is highly 

beneficial to keep the experts in the loop. (Luce 2019) 

The positive impact of implementing AI applications into procurement forecasting activities 

can be measured through various business key performance indicators (KPIs). Researchers 

state that AI-based forecasting improves accuracy, scalability, and risk-aware decision-

making, while enabling automation and better performance for large product assortments 

(Salinas, Flunkert, Gasthaus et al. 2020). Business performance can be evaluated through 

KPIs such as cycle service level (CSL), average inventory investment, inventory turnover 

rate, and average days to sell inventory (Eissler 2017; Trapero, de Frutos & Pedregal 2024).  

AI in assortment planning 

Predictive analytics are a common way to tackle challenges in assortment planning. These 

models utilize a variety of methods that use historical information in order to predict future 

events. (Luce 2019) The models are highly complex and the used methods vary from 

machine learning to more specific AI techniques that are not further addressed in this 

research. Assortment planning decisions are based on demand and trend forecasts with an 

aim to balance between the merchandise budget plan, optimal depth and width of the 

assortment, and responding to customer needs. These factors can be identified as a core 

challenges of assortment planning. 



 

 

21 

In the fashion industry, demand forecasting techniques tend to rely on time-series data. This 

means that the information is based on history and segmented into categories such as sales 

per day, week, or month, per SKU-level, or segmented into seasonal collections. Deep 

learning approaches work best in a data-rich environment, and have the ability to make more-

accurate predictions because of their sustainability for complex problem solving.  The most 

talked-about deep learning model used for time-series forecasting is long short-term memory 

(LSTM). It has significant capabilities to learn patterns better than other models due to its  

extensive memory-like behaviour. (Luce 2019) 

A study conducted on Zalando SE presented a demand forecasting model that is based on a 

deep learning technique. The model utilizes a large time-series dataset in combination with 

additional variables. The proposed model recognizes when similar products performed well 

in the past and makes predictions based on that information for new products. A key 

innovation is the ability to predict demand under certain price levels. The application enables 

discount optimization and inventory risk management. In this way the model supports 

pricing and inventory-related decision-making. (Kunz, Birr, Raslan et al. 2023) 

A multi-level clustering approach enables the identification of complex consumer segments 

that are interested in different fashion items and categories. Bellini et al. (2023) propose a 

tool for fashion retail that clusters both items and customers’ profiles across online and 

physical stores. The recommendation system created a stimulus for customers, which led to 

increased customer attention and a rise in purchases by 3.48%. The proposed tool proves to 

be applicable in retail environments characterized by high-value items, a limited number of 

customers and products, and where recommendations are mediated by sales assistants. 

Furthermore, the tool demonstrates its ability to address the problem of generating 

recommendations for newly acquired customers, commonly referred to as the cold start 

problem. The solution is also GDPR-compliant, and aligns with strict user data privacy 

policies.  (Bellini, Palesi, Nesi et al. 2023)  

Measurable KPIs to evaluate the performance of assortment planning and the ability to 

respond to customers’ needs include, for example, customer lifetime value (CLV), which 

captures purchase frequency, repeat purchases, and loyalty (Ali & Osama Samih Shabn 
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2024). Other interesting KPIs to follow are markdown frequency, customer basket size, and 

sales per SKU. In evaluation of demand and trend forecast performance, inventory turnover 

can give valuable feedback on assortment planning success. All these indicators reflect how 

well the assortment responds to customers’ shopping preferences.  

Implementation of machine learning applications might even result in a company making 

rapid changes in its assortment strategy. For example, H&M piloted ML in its Östermalm 

store in Stockholm to analyse store receipts and returns, together with loyalty card data with 

the aim to respond better to demand and rely less on markdowns. As a result, the Stockholm 

store reduced the number of items by 40%. The store completely removed the menswear line 

and added more fashion-forward items for women. (Alaimo 2018) 

Decision support systems are not always helpful. Often, poorly trained DSS algorithms 

provide data in a difficult-to-interpret form and reduce experts’ performance level by 

confusing them more. A study finds that the helpfulness of the DSS depends on different 

types of information. For example, while information on expected profit improved expert 

performance, information on purchase probability did not support decision-making 

regarding fashion items.(Vorotyntseva & Honhon 2026) 

2.3  Dynamic Capabilities Theory 

This chapter presents the Dynamic Capabilities Theory introduced by Teece, Pisano, and 

Shuen in the mid-1990s. The analysis of the conducted expert interviews will be carried out 

through the theoretical lens of Teece’s Dynamic Capabilities Theory framework. Teece aims 

to concretize, through this theory, the firm’s ability to integrate, build, and transform its 

resources in a rapidly changing market environment. The theory serves as a foundation for 

enterprise performance. The capabilities can be divided into three layers of managerial 

challenges: sensing, seizing, and reconfiguring. (Teece 2014) In this paper, AI is considered 

a driver of change in the fashion industry. Correspondingly, procurement is viewed as a 

strategic function that must keep up with the rise of advanced technologies by sensing, 

seizing, and reconfiguring.  
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Prior research has demonstrated, through the lens of Dynamic Capabilities Theory, that AI 

can create both economic and social value simultaneously. Researchers have pointed out that 

organizations must develop their dynamic capabilities alongside AI adoption. (Kumar, 

Bhattacharyya & Krishnamoorthy 2023) Building on this, Teece’s theory serves as a highly 

appropriate theoretical foundation for this research as well.  

An important nuance to note is that a company’s capabilities can be either ordinary or 

dynamic, and can be divided into current and potential activities. Ordinary capabilities are 

those necessary for the company to function, such as administrative, operational, and 

governance-related activities. Correspondingly, dynamic capabilities are those that enhance 

ordinary activities and elevate the company’s performance to a higher level. Besides current 

capabilities, the company has potential capabilities that it could develop but has not yet 

realized. These capabilities emerge from a combination of learning, resource utilization, and 

accumulated experience over time. They are the drivers that enable the company to expand, 

evolve, and prosper. (Teece 2014)  

To successfully implement AI in procurement activities, organizational learning, process 

changes, and capability development are required. The theory supports the research aims of 

this paper, as the framework was created to improve understanding of enterprise competitive 

advantage, value creation capabilities, and the key factors required to sustain them (Teece 

2014). The researchers created the framework with an assumption of strongly innovation-

driven competition in the global business environment. They argue that strong dynamic 

capabilities and a well-aligned business strategy based on difficult-to-imitate resources 

together create opportunities to achieve sustained competitive advantage.  (Teece 2014) The 

three research questions of this study follow the structure of the theory. 

The first research question aims to examine the enterprise’s ability to sense the opportunities 

and threats potentially arising from AI. Teece defines the term seizing as recognition, 

enhancement, co-creation, and assessment of technological opportunities in relation to 

customer needs (Teece 2014). In procurement, these capabilities are trend identification, and 

forecasting demand changes. For example, computer vision (CV) can be used to identify 

emerging trends through publicly available social media data. Another example is the 
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analysis of data that is collected from fitting rooms and RFID systems. These AI 

implementations expand sensing capabilities to become faster, more data-driven, and less 

subjective. A possible issue might arise from the difficulty of understanding how AI arrives 

at its conclusions. 

The second question focuses on seizing and further development of the current resources. 

The theory describes the layer as resource allocation, which must be connected to both 

strategic direction and coordinated execution. (Teece 2014) In procurement, this concerns 

decisions such as order quantities, assortment planning, and supplier selection. These 

activities can be supported by AI through decision support systems, predictive analytics, and 

recommendation systems. AI may mitigate human unconscious bias, but it does not 

guarantee improved outcomes, and human oversight remains essential.  

The third question addresses the transformation of the role of buyers with AI 

implementation. In the Dynamic Capabilities Theory reconfiguration is defined as an action 

that protects and enhances value creation. To succeed, it requires strategic intent and 

systematic execution. (Teece 2014) AI is most likely to transform procurement expert roles 

and job tasks. The shifts will be from manual tasks to automated tasks, with increased 

emphasis on system oversight. A concrete example is AI-supported supplier evaluation and 

assessment. A key perspective is that the change will require change management and 

continuous skill development for employees as well as for management.  

Both the company strategy and dynamic capabilities operate at the business unit level as well 

as at the company-wide level (Teece 2014). Systematic transformation requires routines and 

managerial ability to lead and introduce new activities and practices. Organizations tend to 

have well-developed routines for downsizing, while lacking established routines for growth. 

Continuous interaction between the three dimensions of dynamic capabilities is necessary to 

sustain the company in a constantly changing environment. (Teece 2014) 

Previous research has leveraged Dynamic Capabilities Theory in studying AI adoption in 

procurement activities. For instance, one study found that AI is a key enabler of supply chain 

resilience. Researchers argue that its value lies in strengthening dynamic capabilities and 



 

 

25 

enabling firms to compete in highly uncertain environments. (Modgil, Singh & Hannibal 

2022) In addition, the successful building of strong dynamic capabilities allows the company 

to compete against those competitors that are attached to old operating models, fail to 

understand changing customer needs, and constantly prioritise efficiency over innovation. 

(Teece 2014) This theoretical framework was chosen due to its alignment with the dynamism 

and agile adaptability required in the fashion industry.  
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3  Methodology 

This section introduces the methodology of this research. It begins by defining the research 

context, followed by presenting the approach to data collection. Furthermore, this section 

discusses the reliability and validity of this research as well as the methods utilized to 

conduct the data analysis, including the use of the Gioia method. In addition, the section 

presents the created data structure in accordance with the Gioia methodology. 

3.1  Research context 

The research was delimited to specifically examine companies within the Nordic fashion 

industry and their current state of implementing AI. The Nordic scope was selected in order 

to extend the focus beyond Finland while still maintaining a relatively homogeneous context, 

considering the rationale of relatively similar consumer purchasing behaviour across the 

selected countries (Statista, 2022). This, in turn, implies that companies operating within 

these countries function in largely comparable market environments. A further objective of 

this delimitation was to target larger companies, as these were assumed to possess greater 

resource capabilities as well as a stronger need for the adoption of AI. For instance, the 

largest leading Finnish fashion companies in the domestic market include Luhta, 

Marimekko, Reima, and Image Wear (STJM 2023). In contrast, well-known Nordic fashion 

brands include  Filippa K, Lindex, and Marimekko, as identified by Visit Nordic (n.d.).  

Due to the characteristics of the chosen research topic, the study was conducted through 

qualitative multiple-case study approach. Yin (2018) frames the approach as empirical 

method, which studies the case in depth and width in its real world context, especially in 

those situations when the phenomenon and context may not have a clearly evident boundary 

between them. In addition, case study approach is able to cover multiple cases and draw a 

single conclusion. Together with a theoretical background the study becomes more of an 

analytic investigation rather than just a statistical generalization. (Yin 2018) Considering the 

research aim to investigate the current state of the fashion industry the method serves as a 

means of capturing the general phenomenon. 
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This research studies three case companies. Research data was collected from interviews 

conducted with procurement experts from Nordic fashion companies. The research conducts 

an in-depth examination of the current state of implementing AI in the procurement 

activities, considering the benefits and competitive advantage it may provide. The 

professionals were sent emails to inquire about their interest and willingness to participate 

in this thesis research. They were informed that the personal information of the interviewees 

and their companies would not be published, to secure their anonymity. Ethical 

considerations were addressed through these actions. Following that, a data collection 

interview guide was developed. 

3.2  Data collection 

The companies included in the study ranged from medium- to large-sized firms specializing 

in fashion. They offer apparel for a variety of customer segments, ranging from children to 

adults. Their product categories include sportswear, everyday clothing, accessories, luxury 

brands, private-label products, and established third-party brands. All three companies 

operate outside the fast fashion model. 

Interviewees 1, 2, and 3 represented Company X. The company focuses on premium brands, 

and its assortment consists of a mix of international and Finnish brands. The offering covers 

women’s, men’s, and children’s fashion. The second company, Company Y, represented by 

interviewee 4, also covers these departments but has a primary focus on sportswear. Its 

assortment includes footwear and equipment in addition to apparel. The third company, 

Company Z, represented by interviewees 5 and 6, focuses on outdoor clothing and 

equipment. Its assortment includes products for women, men, and children. Two of the 

companies were established over 50 years ago, while one has a significantly longer history. 

The research data was collected from six experts who work in different positions in fashion 

industry procurement and the interviews were conducted using a thematic and semi-

structured approach. The interviewees held positions such as Product Manager, Head of 

Product Development, Category Manager, Buyer, and Business Development Manager. All 

the interviews were held individually, except interviewees 5 and 6, who were interviewed in 
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same meeting. The research sample supported the objective of gaining insight from 

individuals representing different perspectives to ensure a broader understanding of the 

current situation in the field. In addition, the choice of semi-structured interviews enabled 

the researcher to ask open-ended as well as theoretically driven questions, providing answers 

that were grounded in the experiences of the participants. One of the interviews was 

conducted in English, and the other five were conducted in Finnish to ensure ease of 

expression.  

 

Sixteen interview questions were formed following the clusters of Teece’s Dynamic 

Capabilities Theory. In the beginning of each interview, the interviewees were asked to 

describe their position in the company and their general perception of the company’s 

situation regarding the adoption of AI. The topic of the thesis was explained to the 

interviewees before proceeding to the questions in order to provide the contextual basis for 

their answers. The duration of the interviews varied from 30 to 50 minutes and was recorder 

with the permission of the interviewees. Interview questions (Appendix 1) were thematically 

divided. The questions from 1 to 5 addressed the theme of sensing opportunities and threats 

brought by AI, question from 6 to 11 were aimed at conceptualizing the seizing phase of the 

theory, and questions from 11 to 16 addressed the reconfiguration of current capabilities and 

procurement job descriptions. The answers were transcribed and translated into English in 

order to provide textual data for conducting the analysis. 

3.3  Data analysis 

Saldaña (2011) proposes that one way to form an understanding of the social world is to 

identify patterns and through them capture similarity and life’s essences. He states, that 

categorizing the interview data in clusters is the most appropriate way to group the 

information based on shared characteristics. However, the key factor to understand is that 

the categorized patterns of social action are not perfectly bounded. Categorizing is an 

approach to organize and order similar things, and through that understand the bigger picture 

of the phenomenon. 

 

Building on this, the research utilizes an abductive approach in performing a thematic 

analysis on collected data, aiming to balance discovery and the identification of new 
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concepts with scientific rigor and transparency. Data coding process was conducted 

following the Gioia method (Gioia, Corley & Hamilton 2013), which consists of three data 

analysis stages. First-order analysis is information-centric and aims to generate many initial 

categories. Second-order analysis is research-centric and identifies themes and concepts that 

were allowed to emerge freely from the interviews. The third stage of the analysis groups 

the identified themes into higher-level theoretical categories. The categorized and clustered 

data was interpreted through the lens of this Dynamic Capabilities Theory. This approach 

aligns with the structure of the research questions. 

3.4  Reliability and validity 

Reliability of the study was ensured by systematically implementing the case study research 

method, which has previously supported many studies with similar and complex 

characteristic. Yin (2018) presents numerous examples of previously conducted multiple-

case studies in his book. In addition, reliability was ensured by recording every interview to 

reduce human error in data collection and by utilizing Gioia method in the coding and 

clustering process. The validity of this research was supported through the inclusion of 

multiple interviewees from the same company. Interviewees 1, 2, and 3 were representing 

same company as well as interviewees 5 and 6. Interviewee 4 represented third company by 

themselves. Inclusion of several expert’s experiences provided a more comprehensive 

perspective on a single company’s situation. 

Figure 2 illustrates the analytical process through which aggregate dimensions were derived, 

progressing from 1st -order concepts to 2nd -order themes. The created data structure provides 

a visual representation of rigor in qualitative research, facilitates thinking about the data not 

only methodologically but also theoretically. The data structure is not supposed to capture 

the relationships between 2nd-order themes, but rather to make the researcher’s 

understanding of the phenomenon more transparent and to create a more distant, high-level 

perspective, which is essential for generating theoretical insights (Gioia, Corley & Hamilton 

2013). The final dimensions were not predefined but emerged as conceptually consistent to 

the three stages of Teece’s theory. 
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Figure 2. Data Structure following Gioia method 
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Besides visualising data structure, the Gioia methodology’s goal is also to build an inductive 

model that is grounded in the data. The inductive model is presented in the fifth section of 

this study. It captures the dynamic relationships between the emergent dimensions and 

makes all data-to-theory connections. Particular attention is given to the arrows, which aim 

to illustrate the relationships that would not be apparent from the data structure alone. (Gioia, 

Corley & Hamilton 2013) The abductive nature of the study is reflected in the combination 

of theory-driven research design and data-driven theme emergence. Teece’s (2014) Dynamic 

Capabilities Theory guided the formulation of the research and interview questions, while 

the experiences of the procurement professionals were allowed to emerge freely from the 

data. The Gioia methodology further supported the iterative movement between theory and 

empirical findings during the data analysis process. 
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4  Findings 

This section presents the findings of the interview research conducted in this thesis. The 

findings are structured into three subsections, aligned with the dimensions of the data 

structure. First, the section examines AI adoption, with a particular focus on sensing 

opportunities and threats. Second, it presents findings related to the role of AI as a decision-

support tool covering the context of seizing. Third, it addresses factors associated with the 

transformation of buyers’ roles covering the phase of reconfiguring. Finally, a cross-case 

comparison discusses similarities and differences in the experiences of fashion industry 

experts. 

Companies did not have a particularly extensive range of AI-enabled software in their 

procurement functions. As a result, many of the responses were hypothetical or referred to 

the use of general chatbots and their applications. One of the companies had been using the 

RELEX system for approximately ten years and was currently undertaking a project to 

replace its reporting system and improve data integration. In addition, other company was in 

the process of implementing a new AI-supported demand and trend prediction system. 

4.1  AI in sensing 

Four subcategories emerged from the second-order themes under the dimension of sensing. 

To develop a comprehensive understanding of fashion industry experts’ experiences in 

identifying opportunities and threats related to AI adoption, they were asked broadly about 

multiple dimensions, including its potential, attitudes toward AI, and perceived barriers 

accompanying with insight on current AI applications. 

Perceived potential for expanded AI utilization 

Across the interviews, a variety of observations emerged regarding the use of AI in company 

data processing. Interviewees perceived that AI could enable the generation of more insights 

to support decision-making processes. The identified themes included trend detection via 
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social media, the use of AI and computational methods for what-if scenario analysis, and 

customer segmentation to enhance responsiveness and better target customer preferences. 

Regarding what-if analyses, interviewees 1, 2, and 3 stated that AI is not systematically 

utilized for this purpose in their company. However, interviewee 2 also identified this as a 

significant development opportunity. Interviewee 1 provided a practical example of chatbot 

usage, which was also reflected in several other responses: 

“… it is not used broadly at the company level. However, I know that it is used to ask various 

questions, such as researching other companies, and it provides information quickly. One 

useful aspect is gaining a general overview of, for example, what the Finnish luxury market 

requires to grow, what opportunities exist in that market, and what is currently perceived as 

luxury.” 

Interviewees 5 and 6, who represented together the same company, noted that AI can 

calculate probabilities based on existing data. They suggested that AI could potentially 

estimate which jacket colours are likely to be the most popular next year, but it would not 

be capable of determining exact sales quantities, such as how many blue jackets would be 

sold. According to their perspective, the most valuable capability of AI lies in its ability to 

account for multiple variables simultaneously, which is more challenging for humans. 

In one company, a new planning system was currently being implemented. Interviewee 4 

described that the system would utilize machine learning alongside computational methods 

for scenario analysis and what-if simulations. This was highlighted as follows: 

“The system will be utilized to calculate and analyse what happens on the total if one article 

with price X is expanded, compared to doing the same with an article priced at Y.” 

Although companies are at different stages of AI adoption, all interviewees considered AI 

to be a potential tool that needs to be further explored within their organizations. They 

identified numerous potential applications and use cases within their work contexts. 
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Ambivalent attitudes toward AI 

All interviewees stated that the general attitude among their colleagues is curious toward AI 

and the opportunities it offers. However, many experts also noted that this curiosity is 

accompanied by a degree of scepticism regarding the reliability of the data used by AI 

systems to generate outputs. Consequently, the AI-generated outputs are approached with 

caution. 

While closely following the development and advancement of AI applications with great 

interest, interviewee 1 expressed sustainability concerns related to AI: 

“There is a lot of discussion about AI’s high water consumption. When combined with the 

fashion industry, which is already not the most sustainable sector, it does not help in 

reducing the carbon footprint. This makes AI a ‘great unknown’ in sense of how beneficial 

it actually is versus how many negative consequences it may bring, and how much it can be 

used without further burdening the industry. Additionally, excessive reliance on AI-predicted 

trends could lead to shorter product cycles, which does not align with our company’s 

sustainability perspective or our customers’ expectations.” 

Interviewee 6, on the other hand, brought up ethical concerns related to algorithmic bias: 

“… it has already been suggested that AI can be biased, for example favouring certain 

demographic groups. There is a real risk, as AI processes the data it is given and likely 

emphasizes certain aspects through its algorithms.” 

All but one interviewee indicated reluctance to upload company data into AI applications 

for response generation. According to findings, to date, AI chatbots have primarily been used 

at a general level, without providing company-specific data, mainly to obtain broad 

overviews of different topics. In contrast, interviewee 3 highlighted challenges associated 

with current chatbot use: 
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“It is challenging that you have to remove all identifiable information before providing data 

to AI. Perhaps in the future there will be tools that allow companies to use their data more 

securely, but we are not there yet.” 

Despite these mixed perceptions, all interviewees agreed that their companies need to scale 

up AI utilization and further explore its potential. General consensus was excitement and 

interest toward future AI-powered procurement support tools. 

Barriers and challenges in AI adoption 

The adoption of AI in fashion industry procurement activities faces multiple obstacles and 

limitations. One recurring theme was that procurement is fundamentally a “people business”. 

This reflects the idea that no machine or AI can replace human-to-human interaction and 

negotiation. According to interviewee 1, procurement professionals must not only be skilled 

negotiators but also capable of understanding the counterpart’s culture and potential 

differences compared to their own. Interviewees 1 and 3 emphasized that maintaining 

supplier relationships is essential, and these relationships cannot be created or sustained by 

machines alone. 

The level of AI-related skills was a prominent topic in every interview. Interviewees 

highlighted several limitations related to AI adoption: 

Table 1. The interviewees’ perceptions of challenges and limitations in AI adoption 

“There is not yet sufficient expertise in using AI. It requires significant training, support, 

and investment. AI is also not yet capable of adequately predicting novelty or what would 

be appealing specifically to our customers.” – Interviewee 1 

“AI use is still in its early stages, and we certainly do not know how to utilize its full 

potential. I could gain much more from it if I knew how to use it better. Another challenge 

relates to data – we have a lot of it, but we lack the time to think about how to utilize it 
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more effectively. Additionally, more value could be extracted if the data were available in 

a more usable format.” – Interviewee 2 

“A challenge is learning how to give effective prompts to AI, as well as dealing with cold 

start items and their limited data history. When trying to calculate in-season 

replenishments based on historical data, it must always be considered that the data is not 

final – especially at the beginning of a season, when it may still change significantly.”  

– Interviewee 3 

“We absolutely do not have sufficient knowledge of AI use today. There is also a challenge 

related to the lack of historical data for new products, which makes it difficult to find 

comparable reference items for forecasting their performance. This is something we are 

currently developing. Another current initiative is clustering our customer data.”  

– Interviewee 4 

“If you ask AI the wrong kind of question, you will not get useful results. There are so 

many AI solutions, some of which are highly specialized. It is important to carefully 

consider where AI is actually needed, so that it does not result in unnecessary investments 

– similar to subscribing to multiple streaming services but only using one. Any system 

acquired must also be easily integrable.” – Interviewee 5 

“Another barrier is that our own data is not yet sufficiently utilized. Once we start using 

it more effectively, we may better understand what kind of AI solutions we actually need.” 

– Interviewee 6 

 

 

In addition to the various barriers and limited knowledge regarding AI use, experts also 

expressed concerns about the security of AI chatbots, which was perceived as the most 

significant constraint on adoption. Five out of six interviewees clearly stated that companies 

still lack secure tools that would allow the safe use of company data within AI systems. 
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AI use limited to simple and task-specific applications 

At current state, adoption of AI is remaining at the level of simple and specific tasks. The 

most common form of AI use appeared to be polishing, translating and summarizing texts. 

AI was reported to provide a quick overlook on pricing and technical characteristics of items 

in competitor’s assortment. Interviewees 1 and 4 mentioned that with the support of AI it is 

easier to calculate and define the relevant spread, quantity, and size range of an article. This 

information can provide support to one of the most critical factors, which is to optimize the 

ordered quantity of a product. According to the interviewee 4, AI can also help to derive a 

perspective which stores should have certain fashion items in their assortment.  

The interviewees 1, 2, and 3 implied that AI algorithm and machine learning powered 

RELEX supply chain planning system provides their company capabilities to calculate 

demand and predict future sales for non seasonal, never out of stock items, such as Levi’s 

501 jeans or basic white T-shirt. The RELEX system was purchased in the first place to 

ensure fashion item availability while still securing financially best outcomes. Interviewee 3 

emphasized: 

“With RELEX, we are able to predict seasonal peaks and generate automatic replenishment 

orders from the continuous assortment to respond to these fluctuations. The system also 

enables the creation of size curves, allowing us to better match customer demand in terms 

of sizing, as well as to forecast inventory turnover. However, challenges occasionally arise 

due to data quality issues and cold start items.” 

AI adoption remains on a cautious and limited scale. Nevertheless, fashion industry experts 

recognize its potential and are looking forward to the further development of AI, broader 

adoption of tools, and opportunities for learning and developing their AI-related skills. 

4.2  AI in seizing 

The interviewees were asked about their perceptions of AI as a procurement decision-

support tool in order to develop an understanding of how AI can contribute to process 
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efficiency. Two themes emerged under this aggregate dimension, including acceptance of 

AI as a decision-support tool and AI-driven efficiency improvements. 

Acceptance of AI as a decision-support tool 

All of the interviewees had positive attitude towards AI becoming a part of their professional 

toolkit. A shared vision among the interviewees was the importance of human oversight and 

validation in AI-supported decision-making. Interviewee 1 proposed that: 

“AI is a well-functioning tool, as it is much faster to gather data and use it to generate 

assortment suggestions. However, the buyer must always review the proposal and, if 

necessary, modify it before approval. In addition, it would be highly beneficial to replace 

the manual supplier terms database with a secure tool, where all negotiation objectives 

could be input, such as what kind of improvements in terms we should aim for to sufficiently 

improve performance. With such a tool, it would also be possible to benchmark against 

similar suppliers. Currently, all of this analysis is done manually by our controllers in 

Excel.” 

Such tools were perceived to have a supportive and complementary role in decision-making. 

According to interviewee 3, market reports and, for example, VGSN trend reports are 

currently interpreted manually in the buyer’s work. In this context, AI is perceived as a 

supportive tool rather than a guiding one. The interviewee also noted that AI-generated 

scenarios represent an “ideal situation,” which the buyer must further adjust by considering 

factors such as distribution, the number of stores carrying the product, and the appropriate 

size range. The importance of personal intuition and professional expertise was emphasized 

as irreplaceable by machines. 

Interviewee 4 explained that the company had recently explored the opportunity of 

integrating weather forecasts into the new planning system, particularly in relation to sales 

volumes: 
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“… of course, going forward, you cannot know the weather given the timing when we start 

planning seasons, as they are so far in advance. However, it is useful to add that layer to the 

analysis, as it allows us to see whether sales peaks were driven by factors such as heavy 

snowfall, rain, or a particularly sunny period, as well as temperature conditions.” 

Interviewee 1 also identified weather data as a potential opportunity for AI implementation. 

In addition, it was suggested that: 

“For example, last year the summer was practically limited to July. It could have been useful 

information to determine when it would have been optimal to purchase the final summer 

products in order to sell them at full price before markdowns. In such cases, future weather 

data could also be utilized.” 

AI fosters new ideas and opportunities among procurement professionals and stimulates 

discussion on the future development of the field. However, all interviewees emphasized 

that human intuition and professional expertise cannot be replaced by computers, and that 

AI tools require human involvement. 

AI-driven efficiency improvements 

During the interviews, a unified vision emerged regarding AI’s potential to reduce manual 

data-related work. This improvement was highly desired among procurement professionals, 

as limited resources are currently burdened by routine manual tasks that could be replaced 

by AI applications. The change was described, for example, as follows:  

Table 2. Interviewees’ perceptions of AI-driven efficiency improvements 

“We are able to eliminate manual and repetitive tasks that AI can handle. This frees up 

time for creative work, things that AI or machines cannot do, such as sensing trends and 

understanding the world. In other words, it allows us to focus on what makes fashion truly 

fashion.” – Interviewee 2 
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“When allocating a large campaign and distributing item quantities across different 

stores, we use an AI tool that calculates the allocation based on historical data. The tool 

proposes how many units should go to each store. AI has often performed better than if 

we had calculated it manually. In addition, AI will free up time for our core tasks, those 

that buyers generally find most meaningful, such as managing supplier relationships and 

sourcing, making decisions on new brands, searching for them, and assortment planning, 

for which there is currently too little time.” – Interviewee 3 

“Besides the reduction of administrative work, having all data in place provides an 

opportunity to add more value as a professional. You can focus on discussing the numbers 

rather than figuring out how to obtain them. It allows you to become more insightful.” 

– Interviewee 4 

 

 

Adopting AI in procurement processes can lead to significant time savings. Interviewees 1, 

2, 3, and 4 perceived that AI implementation will enable them to adopt a more strategic role 

and highlight the value of their commercial expertise in procurement, such as brand 

understanding, as well as facilitate data interpretation. Interviewees 5 and 6 noted that, in the 

early stages of adoption, their roles become more analytical; however, as trust in AI outputs 

as a decision-support tool increases, their positions are expected to evolve toward a more 

strategic level. 

4.3  AI in reconfiguring 

The interviewees were asked about their perceptions of whether the adoption of AI will 

transform the role of buyers. To gain a comprehensive understanding, the questions ranged 

from current AI use to potential changes in procurement processes and structures. The 

aggregate dimension of reconfiguring emerged from two themes: early-stage and uneven 

adoption of AI, and the need for external AI service providers. 
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Early-stage adoption of AI 

The use of AI remains limited, yet exploratory. It is primarily applied to simple tasks and 

mostly at an individual level. It did not emerge that any of the companies had an 

organization-wide AI-related strategy or shared guidelines. Interviewees 2 and 4 stated that 

some employees are more advanced in utilizing AI than others. Interviewee 6 described the 

company’s current situation as follows: 

“…we are in a phase where almost everything is possible, if only we knew what we actually 

want. When you do not know, it is difficult to even come up with ideas for how AI could be 

utilized.” 

Interviewee 5, who represents the same company, described that the e-commerce function 

utilizes AI more extensively than the procurement department. They considered it likely that 

similar applications could also be explored within procurement. The adoption of AI is 

gradually spreading across different teams. As positive results are observed in e-commerce, 

confidence to experiment with AI applications in other functions has increased. Interviewee 

1 noted that, in their case, the e-commerce team also conducts AI-enabled analyses of 

trending Google searches to identify the most popular and attractive brands or products. 

Interviewees 4 and 6 highlighted how time influences readiness for AI adoption. They stated 

that even six months ago, discussions around AI were more distant and speculative. In 

contrast, current discussions focus on concrete tools, use cases, and practical applications of 

AI. This shift has also influenced companies’ interest in acquiring AI solutions. Within a 

relatively short period, attitudes have changed significantly, and scepticism toward AI tools 

has decreased as AI has become a more integrated part of everyday work. 

Interviewee 3 questioned whether the role of a merchandiser will remain the same or even 

be needed at all, if AI-enabled merchandising continues to advance. Interviewee 1 suggested 

that a shift may occur, with roles moving away from heavy manual data-related work toward 

identifying new brands and focusing on core commercial factors. As a result, buyers may be 

able to manage a larger portfolio of brands. Interviewee 2 supported this perspective and 
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added that such a transition would also require professionals to develop new skills that were 

not previously necessary. 

When asked whether AI has changed how procurement processes are structured or 

coordinated, interviewee 2 stated that no major changes have occurred beyond those already 

introduced by digitalization. Interviewee 1 perceived that changes are more likely to occur 

in terms of who is responsible for managing never-out-of-stock items when forecasting and 

replenishment become automated in this category. In contrast, interviewee 4 indicated that 

while the procurement process itself may remain largely unchanged, the time required to 

perform it is expected to decrease. 

Need for external AI service providers 

During several interviews, various ideas and expectations emerged regarding useful AI 

applications for procurement activities. The primary driver behind these expectations was 

the desire to reduce the burden of manual work and to facilitate analytical tasks and the 

monitoring of different KPIs in professionals’ daily work. Interviewees 1, 2, and 3 provided 

concrete examples of potentially useful tools. 

In discussions with interviewee 2, a need emerged for an AI-generated reporting format that 

would remain consistent over time. The idea was that data could be input on a weekly basis, 

for example every Monday, and the system would generate an output report showing how 

the sales period has performed compared to a reference point. The interviewee emphasized 

that the output should be presented in a clear and easily understandable format. 

In addition to usability, interviewee 1 noted that the company would be: 

“… particularly interested if there were a sufficiently advanced and reasonably priced tool 

capable of forecasting a wider range of seasonal and volatile products. Currently, such a 

tool is not yet in use.” 
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The interviewee also described how an AI application could potentially support procurement 

professionals in creating the most optimal assortment for each brand: 

“When a professional goes to buy a collection, they could take photos of it with their phone, 

upload the images to a system via a portal or PDF, and the program could quickly analyse 

what should be purchased based on historical data. Where it could provide even more 

support is by identifying overlapping or similar products within the planned assortment. It 

may not be able to fully assess novelty or how to incorporate trends, but it would be highly 

useful if the same system could also generate assortment suggestions for the buyer.” 

Interviewee 1 described AI as a potentially valuable tool for assortment planning. 

Interviewee 3 noted that they had already attempted to build a merchandising tool using AI. 

The primary objective was to support more precise purchasing decisions. The process was 

described as follows: 

“… I tried to build something like a purchasing plan that, based on sales data and my budget, 

would allocate how much I should buy in different product categories in order to reach my 

target sales outcome. The tool could provide suggestions on how many variants and how 

many units per variant should be purchased, calculated based on a certain average price.” 

Interviewee 3 summarized that AI has not yet significantly changed procurement processes. 

At present, systems such as RELEX may facilitate this transformation, but overall, the 

industry remains in an early stage of AI adoption. 

4.4  Case comparison 

There were no significant differences identified across the three companies or among the 

experiences of the six experts. Two of the companies were generally more advanced in their 

use of AI applications and had already implemented certain AI-enabled systems in their 

procurement activities. Nevertheless, the interviewed companies shared several common 

characteristics related to their current state, including challenges associated with data quality 

and its fragmentation across multiple, geographically and system-wise dispersed sources. 
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All interviewees expressed a positive attitude toward the changes brought by AI. They 

agreed that the industry is moving in this direction, although it has not yet fully reached that 

stage. Furthermore, the experts shared the perception that procurement professionals 

currently lack sufficient skills for effective AI utilization in their daily work, even when 

using tools such as chatbots, including Copilot. This indicates that, despite sensing and 

recognizing opportunities, limitations in capabilities hinder seizing and the reallocation of 

current resources, as well as reconfiguring and the realization of AI-driven value. 
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5  Discussion 

This section of the thesis discusses the findings of the research and compares them to the 

literature presented earlier. The structure of this section is formed following the Teece’s 

Dynamic Capabilities Theory, including phases of sensing, seizing, and reconfiguring. 

Lastly, this section discusses the relationship between the findings and provides practical 

guidelines for AI implementation. 

The main research question of the study is answered by addressing the three sub-questions. 

The main research question was stated as follows: 

“How does AI contribute to competitive advantage in procurement activities?” 

AI as an enabler of sensing capabilities 

According to Teece’s theory, companies capabilities can be divided into ordinary and 

dynamic capabilities as well as into groups of current and potential capabilities. The first 

step of enhancing the company performance is to recognize and assess existing opportunities 

and threats. (Teece 2014) First sub-question of this research was formed with an aim to 

address this topic as follows: 

RQ1: “What types of opportunities and threats does AI help procurement professionals 

recognise, and how?” 

Findings clearly indicate that AI has several adoption opportunities in sensing procurement 

activities. Professionals in the industry recognise AI as an effective tool for data analysis and 

signal detection. Experts further noted that AI chatbots can provide faster insights into 

competitors’ pricing and product characteristics. These insights align with prior research on 

the use of computer vision in analysing visual social media content (Luce, 2019). 

Interviewees noted the opportunity to utilise social media data to identify the most appealing 

brands and fashion items at a given moment. This capability could alleviate the challenge of 

forecasting emerging trends and predicting demand. The findings highlight the role of AI  in 
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enhancing real-time market sensing capabilities and enabling data-driven decision-making 

support for the most critical aspect of procurement professionals’ work, which ultimately 

determines the overall attractiveness of the assortment to customers. 

It also emerged that combining AI-enabled software with weather forecasts could support 

the anticipation of optimal purchasing timing for final seasonal product batches, enabling 

items to be sold at full price. Similarly, prior research demonstrates how AI can support sales 

prediction and inventory risk management through data-driven modelling approaches (Kunz 

et al., 2023). This capability highlights the role of AI-enabled, data-driven decision support 

in procurement professionals’ analytical work. By sensing optimal timing in advance, 

companies can achieve significant financial benefits through successfully selling products at 

full price, thereby preserving the originally planned margins. This is particularly important, 

as selling products at a discount erodes planned margins and reduces the associated operating 

profit. This further illustrates that AI enables the company with an ability to enhance sensing 

capabilities by enabling more precise, forward-looking decision-making in procurement. 

AI as a decision-making support  

The goal of the study was to identify how AI is used in procurement within the fashion 

industry. The ultimate aim was to examine what benefits AI adoption provides. Previous 

literature suggests that improvements in supply chain performance are positively correlated 

with overall business performance and can enhance competitive advantage (Silva, Sousa, 

Moreira et al., 2020). Fashion procurement operates in a highly fluctuating environment 

and therefore, the second research sub-question was defined as follows: 

“How does AI support procurement decision-making?” 

The interviewees noted that while procurement experts can consider multiple variables 

simultaneously, doing so is cognitively demanding, whereas AI can process such complexity 

efficiently. This reflects existing research emphasising that AI’s strength lies in modelling 

complex, non-linear relationships across multiple demand-related variables (Kunz et al., 

2023; Swaminathan & Venkitasubramony, 2024). This further illustrates how AI adoption 
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enables procurement professionals to develop a broader and more comprehensive 

understanding to support decision-making, strengthening seizing capabilities. 

The interviewee mentioned an AI-enhanced supplier terms database, which would be 

sufficiently secure to store all negotiation objectives. Such a system could support decision-

making by identifying solutions that bring the company closer to its performance 

targets. This aligns with previous research indicating that a key benefit of ML-supported 

supplier selection is improved supplier quality, enhanced risk assessment, and stronger 

sustainability performance, while also increasing customer satisfaction (Gidiagba, Tartibu 

& Okwu, 2025). This finding highlights the role of AI in enhancing more strategic decision-

making and seizing the alternative options in supplier selection.  

AI-enabled tools have been found to be effective in the allocation of large campaigns and in 

providing better outcomes compared to manual calculations. In addition, the AI-generated 

recommendations were perceived to suggest allocation decisions that procurement 

professionals might not have had the confidence to make independently. This aligns with 

previous literature indicating that models relying solely on point-of-sale (POS) data may not 

accurately reflect actual demand due to the demand censoring effect caused by stock-outs. 

(Swaminathan & Venkitasubramony 2024) AI can help mitigate human bias and enable 

more objective decisions. In particular, this illustrates the seizing phase of dynamic 

capabilities, as AI-supported decision-making enables companies to optimise and act more 

confidently on identified opportunities. 

In one of the companies, an AI-enabled system was implemented to address the challenge 

of cold-start items, as well as to simulate what-if scenarios with varying product assortment 

breadth and pricing levels. This directly aligns with previous research demonstrating that 

deep learning models can enable efficient forecasting even in the absence of historical sales 

data (Adel, Mohammed, Elsaid et al., 2026). This factor highlights the role of AI in 

supporting seizing capabilities and enabling company’s to evaluate alternative options in 

uncertain environment.  
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In addition, it was noted that a company’s internal perception of customer segments should 

align with the way assortments are created. Previous literature supports this interpretation. 

Bellini et al. (2023) proposed a ML-powered tool that enables the clustering of fashion retail 

customers across online and physical stores and provides recommendations based on their 

consumption patterns, ultimately increasing customer purchases. The finding suggests that 

AI can strengthen company’s seizing capabilities by enabling more effective targeting and 

allocation of assortments. This, in turn, can improve demand fulfilment and overall 

commercial performance. 

Transformation of buyers’ role 

Although many studies state that in recent years big data and AI have developed rapidly and 

there has been a significant revolution in the fashion industry, many companies have not yet 

widely adopted AI, and its implementation is still progressing gradually. The adoption 

process currently involves several challenges and limitations. To gain a comprehensive 

understanding of this transformation in the fashion procurement industry, the following sub-

question was formulated:  

“How is AI transforming the role of buyers?” 

The findings of the study indicate that due to the adoption of AI applications, the role of 

procurement professionals is transforming and shifting from analytical tasks to more 

strategic responsibilities. This change is driven by the ability to access integrated data, 

reducing the need to manually gather and process information. In addition, AI can automate 

repetitive tasks, such as replenishment orders for continuous products, freeing up time for 

core procurement activities. Previous studies have recognised that AI improves efficiency 

due to its capability to perform tasks faster and handle significantly larger amounts of data 

than a human can within the same timeframe (Guida, Caniato, Moretto et al., 2023). The 

findings clearly indicate the fashion retail organisations beginning to reconfigure their 

operation processes and roles to leverage AI-enabled efficiencies. 
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AI adoption facilitates procurement professionals’ tasks, for example through new tools that 

support merchandising processes. Routine analytical work can shift towards more value-

adding activities, such as screening new brands. This reinforces findings from prior studies 

suggesting that AI is not able to replace humans but can instead enhance and unlock their 

strategic and creative capabilities (Dash, McMurtrey, Rebman et al., 2019). These findings 

reflect the organizational reconfiguration enabled by adopting AI in procurement processes. 

It was frequently highlighted that procurement professionals currently lack sufficient skills 

to effectively utilise AI in their everyday work. Successful AI adoption that contributes 

positively to business performance requires the establishment of company-level AI 

utilisation guidelines, as well as training and capability development. Companies are 

currently in the process of sensing, seizing, and reconfiguring their dynamic capabilities; 

thus, a significant amount of work still remains. Broader adoption of AI as a decision-

support tool in procurement activities can lead to substantial efficiency improvements and 

position themselves as industry frontrunners, thereby strengthening their competitive 

advantage, as illustrated in Figure 4. 

The relationship among the findings 

The grounded theoretical model (Figure 3) is build from data structure (Figure 2). It 

visualises the relationships between the identified 2nd-order themes and illustrates how they 

influence one another. Arrows indicate the relationships between the topics, creating a 

rationale for their connections.  

The visualization incorporates Teece’s Dynamic Capabilities Theory framework, with 

bounding ovals labelled according to the cluster names. In addition to presenting the 

findings, the figure illustrates that the industry is at an early stage of the AI adoption process, 

and, according to the model, remains largely within the sensing and seizing stages. The 

reconfiguring oval encompasses efficiency improvements alongside the transition toward 

AI-enabled firm capabilities. 
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Figure 3. Grounded theoretical model of the organizational AI adoption process and the effect on firm capabilities 

 

 

There are several reasons for the uneven and early stage of AI adoption. Ambivalent attitudes 

toward AI create both excitement and slow down the adoption of new technology. Positive 

perceptions accelerate AI utilization, whereas cautiousness leads to uneven AI skills among 

procurement professionals. According to the experts, AI use is limited to simple 

and isolated tasks in procurement. A key slowing factor is the variety of barriers and 

challenges in the adoption process. These are not always related to a lack of skills, but also 

to the complexity of implementation. 

AI is gradually becoming accepted as a part of the everyday professional toolkit. One of the 

key factors influencing this development is the variation in attitudes among professionals, 

which affects the level of acceptance of AI as a decision-support tool. Similar to the early-

stage adoption process, the impact is both enabling and constraining. The level of acceptance 

is positively influenced by the perceived potential for expanded AI utilization. Procurement 

professionals recognize the potential of AI to reduce manual work and free up time for more 

value-adding tasks. 

AI-driven efficiency improvements can be achieved by seizing opportunities and 

reconfiguring the firm’s existing dynamic capabilities, as illustrated in the Figure 4.  The 

limited scope of AI utilization in daily procurement tasks creates both a need and a gap that 
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can be addressed by external AI service providers. Such external services can support 

companies in achieving the desired efficiency improvements.  

 

Figure 4. Illustration of how AI technologies enhance procurement capabilities through dynamic capabilities (sensing, 

seizing, reconfiguration), leading to competitive advantage 

 

 

The answer to the main research question and the aim of this research is shaped by multiple 

factors and their combined effects, as presented in the figure above (Figure 4). AI enables 

the creation of competitive advantage in a fashion company’s procurement activities through 

the dynamic capabilities. This finding is supported by previous research conducted by 

Modgil, Singh & Hannibal (2022). More specifically, AI contributes to performance 

improvement, and thereby to the achievement of competitive advantage, through three 

levels: sensing, seizing, and the ability to reconfigure. 

Practical guidelines 

Based on the findings of this research, enterprises lack clear company-level guidelines for 

AI utilization. Drawing on previous research, Teece’s Dynamic Capabilities Theory 
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framework could serve as a solid foundation for structuring a company’s future direction 

regarding AI adoption. The process can be systematically approached through the three 

dimensions of sensing, seizing, and reconfiguring. It is crucial to set clear goals for what is 

intended to be achieved by implementing AI in the professional toolkit. First, the company 

must identify opportunities and threats brought by it. It should then proceed to seize these 

opportunities by leveraging its existing capabilities, and finally reconfigure them in the 

desired direction.  

A company aiming to establish a clear direction for integrating AI into its professional toolkit 

should begin by engaging with its employees and creating a company-level AI guidelines. 

Key questions relate to employees current level of knowledge and the factors that may raise 

concerns. The next logical step is to organize training sessions and informational lectures on 

AI, tailored to the needs and perceptions identified among employees. A crucial aspect is to 

ensure that these are interactive rather than relying solely on static written materials.  

Training sessions should address fundamental topics such as the new opportunities, but also 

the risks that may arise from incorrect or irresponsible use of AI. Employees should develop 

a basic understanding of how AI chatbots operate and of AI more broadly, enabling them to 

comprehend the tools they are working with. Furthermore, apprehension toward AI is often 

driven by uncertainty and increasing knowledge can help reduce this barrier to adoption. 

When employees are aware of AI’s potential, they are also better equipped to identify tasks 

in their own work where AI could be effectively utilized. 

The findings also indicate that procurement professionals often lack the additional time 

required to independently explore AI tools and learn how to apply them in practice. 

Therefore, a prudent approach to AI implementation is to begin with small-scale pilots and 

experiments. This challenge could be addressed by appointing a dedicated project or 

development manager responsible for identifying opportunities and supporting the 

continuous development of the company’s capabilities. Such a role would ensure up-to-date 

knowledge of emerging technological opportunities and help the company remain at the 

forefront, thereby enhancing its potential to achieve a competitive advantage. 

Companies must ensure that data is sufficiently available and integrated across systems such 

as point-of-sale (POS), ERP, and forecasting tools. According to the findings, a common 
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challenge is the lack of reliable data for AI tools, either due to the confidentiality of company 

data or the limited quality of publicly available internet data. To further advance AI adoption, 

companies could also begin to evaluate potential external AI service providers to support 

complex procurement activities, such as assortment planning or demand prediction. 
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6  Conclusions 

Throughout the study, the aim was to examine the comprehensive impact of AI in 

procurement and its contribution to competitive advantage. This was approached by 

structuring the analysis into three dimensions. The sensing phase revealed the opportunities 

of AI to support procurement professionals in identifying emerging trends, benchmarking 

competitors, optimising demand and seasonal assortment order timing, together with 

generating real-time market insights. The seizing phase demonstrated ways of supporting 

procurement decision-making, such as reducing bias in decisions, processing complex and 

multi-variable data, and enabling more accurate supplier selection aligned with strategic 

objectives. The reconfiguration phase illustrated how the roles of procurement professionals 

are likely to evolve in the future. For example, routine tasks can be automated, freeing up 

time for “what makes fashion, fashion,” referring to core tasks such as sourcing new brands 

and building supplier relationships. 

The findings of the study indicate that timing plays a significant role in a company’s 

receptiveness to AI tools. Within a relatively short period, attitudes have changed 

considerably, and the current situation reflects growing expectations for market offerings to 

provide tools that support companies in advancing AI implementation. To date, challenges 

have often been related to the difficulty of integrating these tools into existing systems, as 

well as their high cost. In addition, the current unstable global situation and, for some 

companies, a weaker financial position may slow down investments. 

To further explore and successfully adopt AI as a support tool in the procurement 

professional’s toolkit, companies should begin by establishing organization-level AI 

guidelines. In addition, companies should ensure that employees are properly trained in the 

use of new tools and that their capabilities remain up to date, so that AI becomes a natural 

part of everyday work. 

AI enhances a company’s competitive advantage by improving procurement efficiency and 

enabling new, more strategic ways of operating through data and analytics provided by AI-

supported tools. At present, AI remains a relatively distant tool for many procurement 
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professionals in the fashion industry. The earlier a company recognizes the opportunities 

offered by AI and trains its employees to utilize it as a routine tool, the more likely it is to 

do so ahead of competitors and achieve competitive advantage through improved efficiency, 

more accurate procurement decisions, and ultimately increased revenue. 

6.1  Limitations 

Besides the relatively small research scope, the limitations of this study include the absence 

of a second researcher to review the Gioia categorization and the naming of themes. 

Another recognized limitation arises from the complexity of AI as a topic. During the 

research, it became apparent that not all individuals outside the academic community have 

a comprehensive understanding of AI and its various subfields. In everyday discussions, AI 

is often equated with chatbots such as ChatGPT or Copilot, without recognizing that these 

represent only a small part of the broader domain. Therefore, the interviewees responded 

based on their own knowledge and understanding of AI and its current level of development. 

6.2  Future research 

Future research has several possible directions and research gaps due to the novelty of AI in 

the business environment. Potential topics to address could include specifically AI-enabled 

systems such as RELEX and the benefits brought by them. On the other hand, it would be 

interesting to interview a larger sample of procurement experts regarding their knowledge 

and skills in utilizing chatbots such as Copilot. 
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APPENDICES 

Appendix 1: The interview questions 

Opening questions: 

1. Could you please describe your role in the company? 

2. How would you describe your organization’s current use of AI in procurement? 

3. When did your organization first start experimenting with AI in procurement, and 

why? 

Interview questions: 

1. How does AI support you in identifying market trends or changes in customer 

demand? 

2. Is AI used for demand forecasting or sales prediction? If yes, how? 

3. Does AI help you monitor supplier risks, geopolitical risks or disruptions in the 

supply chain? 

4. Is AI used for price monitoring or benchmarking suppliers? 

5. Can you think of situations where AI signals risks or opportunities that humans 

would otherwise miss? 

6. Does AI automate or support routine tasks such as answering emails, order 

processing or documentation? 

7. Does your organization have sufficient data to use AI effectively in procurement? 

8. Does AI use information from platforms like social media, online reviews or market 

reports? 

9. Has AI helped identify new suppliers or partners? 

10. Is AI used for scenario analysis or “what-if” simulations? 

11. Can you think of a procurement decision where AI meaningfully changed the 

outcome? 



 

 

12. How has the role of procurement professionals changed since AI was introduced? 

13. Was there any resistance towards AI adoption in your organization? 

14. Do procurement professionals have sufficient skills to use AI tools effectively? 

15. Has your role become more strategic or more analytical because of AI? 

16. Has AI changed how procurement processes are structured or coordinated? 

 


