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The rapid development of information technology has paved the way for emerging fields, 

such as Artificial Intelligence (AI). Generative AI (Gen AI) is one of its branches, and it 

holds promise for widespread and effective application in various disciplines of business 

operations. However, the academic research of adopting Gen AI in organizational context is 

still scarce. 

The premise for this research is the expected increase in the customer enquiries, due to the 

drive for full transparency in consumer product supply chains. This research investigates the 

possibilities of utilizing Gen AI in handling customer enquiries. The main objective of this 

research is to examine the current methodologies and key capabilities in the business 

organization’s ability to develop and deploy Gen AI solutions to their unique needs. The 

findings are applied to effectively develop a tailored Gen AI application aiming to streamline 

the customer enquiry handling process in the case company. 

The research consists of a theoretical and an empirical part. The theoretical part is conducted 

as an unstructured literature review, examining the key concepts and methodologies related 

to the research. The empirical part is conducted with a constructive research method. The 

desired outcome is a successful Proof of Concept (PoC) assistant, developed applying the 

findings from the theoretical part of the research. 

The research showed that the PoC assistant is feasible in handling customer enquiries and 

providing an alternative approach to the existing process. The PoC assistant was able to 

respond successfully to various customer enquiries based on the explicit knowledge 

available in the case company. The research concluded that developing and deploying Gen 

AI applications requires a robust technological infrastructure, technically capable and 

innovative workforce, and an organizational culture to support the development initiatives. 

A notable limitation of the research was the unknown realized value of the PoC.   
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Informaatiotekniikan nopea kehitys on aurannut tietä useille aloille, kuten tekoälylle. 

Generatiivinen tekoäly (Gen AI) on yksi tekoälyn haaroista, ja sen käyttöönoton uskotaan 

tehostavan liiketoimintaa eri aloilla. Akateemista tutkimusta generatiivisen tekoälyn 

käyttöönotosta organisaatiokontekstissa on kuitenkin vielä niukasti. 

Tämän tutkimuksen lähtökohtana on asiakaskyselyjen odotettu lisääntyminen, joka johtuu 

kuluttajatuotteiden toimitusketjujen pyrkimyksestä täyteen läpinäkyvyyteen. Tässä 

tutkimuksessa tutkitaan mahdollisuuksia hyödyntää generatiivista tekoälyä asiakaskyselyjen 

käsittelyssä. Tutkimuksen päätavoitteena on tutkia nykyisiä menetelmiä ja keskeisiä 

valmiuksia, jotka liittyvät liiketoimintaorganisaatioiden kykyyn kehittää ja ottaa käyttöön 

generatiivisella tekoälyllä luotuja ratkaisuja niiden yksilöllisiin tarpeisiin. Teoriaosion 

löydöksiä sovelletaan generatiivisen tekoälytyökalun tehokkaaseen kehittämiseen, jolla 

pyritään tehostamaan asiakaskyselyjen käsittelyprosessia kohdeyrityksessä. 

Tutkimus koostuu teoreettisesta ja empiirisestä osasta. Teoriaosuus toteutetaan 

strukturoimattomana kirjallisuuskatsauksena, jossa tarkastellaan tutkimukseen liittyviä 

keskeisiä käsitteitä ja menetelmiä. Empiirinen osa toteutetaan konstruktiivisella 

tutkimusmenetelmällä. Tavoiteltu tutkimustulos on onnistunut konseptitodistus työkalusta, 

joka on kehitetty soveltaen tutkimuksen teoreettisen osan tuloksia. 

Tutkimus osoitti, että konseptitodistus on toteutettavissa ja integroitavissa asiakaskyselyjen 

käsittelyprosessin tehostamiseen. Luotu työkalu pystyi vastaamaan erilaisiin 

asiakaskyselyihin kohdeyrityksen käytettävissä olevan eksplisiittisen tiedon perusteella. 

Tutkimuksessa todettiin, että tekoälysovellusten kehittäminen ja käyttöönotto edellyttää 

vankkaa teknologista infrastruktuuria, teknisesti kyvykästä ja innovatiivista työvoimaa sekä 

kehitysaloitteita tukevaa organisaatiokulttuuria. Yksi tutkimuksen merkittävimmistä 

rajoituksista oli, ettei luodun työkalun konkreettista taloudellista arvoa voitu määrittää.   
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1  Introduction 

This master’s thesis focuses on researching the current methodologies involved in adopting 

Generative Artificial Intelligence (Gen AI) applications. The purpose of this research is to 

develop a solution to streamline the internal process of handling customer enquiries in the 

case company, UPM Pulp. The premise for this research is the expected increase in the 

customer enquiries, due to the ongoing drive for transparency in supply chains. The Gen AI 

application will act as a Proof of Concept (PoC), serving the case company as a preliminary 

stage to evaluate the feasibility, potential, and functionality of an alternative approach in 

handling customer enquiries. The main objective of this research is to examine the current 

methodologies and key capabilities in the business organization’s ability to develop and 

deploy Gen AI solutions to their unique needs and apply these insights to effectively develop 

a tailored Gen AI application for the case company. 

1.1  Background 

In today’s dynamic business environment, the role of information technology (IT) has 

become a fixed component for business organizations aiming to create value and maintain 

competitive advantage. Through the strategic application of IT, companies can streamline 

processes, improve customer experiences, and make decisions based on data. The rapid 

development of technology has paved the way for emerging fields, such as Artificial 

Intelligence (AI), which is revolutionizing how businesses operate. 

As AI began to be utilized across various disciplines, companies spearheaded a new 

paradigm called Generative AI (Gen AI). This branch of AI specializes in generating new 

and unique content based on training data, which can include text, images, music, or videos. 

(Gupta et al. 2024) The emergence of Gen AI has led to the development of a wide range of 

applications, from creative arts to automated customer service solutions. A significant 

milestone in making Gen AI accessible to the public was achieved when OpenAI released 

the ChatGPT in November 2022. The release started a global race among startups, app 

developers and some of the world’s largest corporations to seek the business opportunities 

from Gen AI (Rotman 2023). Now, in 2024, the dust has settled, and integrating AI and Gen 
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AI applications into the business operations has become more common. The emerging nature 

of adopting Gen AI tools and techniques requires unique resources and skills, and academic 

research on these specifically is scarce. 

1.2  Case company 

UPM-Kymmene Corporation (United paper Mills -Kymmene Corporation), was formed in 

a merger of Kymmene Corporation and Repola Ltd. The operations started officially in 1996, 

but the roots of UPM are in the beginning of forest industry operations in 1870s. (UPM 

2024a) UPM has six main business areas: Communications Papers, Raflatac, Energy, Fibres, 

Specialty Papers, and Plywood. UPM Fibres divides further into UPM Pulp and UPM 

Timber, and the case company of this research is UPM Pulp. (UPM 2024b) 

UPM Pulp has five pulp mills. Three of the pulp mills are located in Finland and two in 

Uruguay. The combined annual pulp production is 5.8 million tonnes of pulp from which 

the newest pulp mill in Uruguay, Paso de Los Toros, produces 2.1 million tonnes of pulp 

annually. UPM Fray Bentos is located just 200 kilometres away from Paso de Los Toros. 

The UPM Pulp mills in Finland are located in Kouvola, Lappeenranta and Pietarsaari. (UPM 

2024c, UPM 2024d) 

UPM Pulp itself employs 1800 people, serving over 150 customers worldwide. The main 

markets for UPM Pulp are Europe, Asia-Pacific (APAC) and North America regions. UPM 

serves its customers with both hardwood and softwood pulp. Hardwood pulp is made from 

birch trees mainly from Nordic countries and eucalyptus trees in Uruguay. Softwood pulp is 

made from Nordic pine and spruce trees. (UPM 2024d) 

1.3  Research objectives and scope 

The purpose of this research is to develop a solution to streamline the internal process of 

handling customer enquiries in the case company, UPM Pulp. This research explores the 

current methodologies involved in integrating AI, with a particular focus on Gen AI, within 

organizational setting. By achieving a detailed and comprehensive understanding of the 

present landscape, this study aims to customize and apply these insights to effectively 
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implement a tailored Gen AI solution to the unique needs of the case company. The solution 

is going to act as a Proof of Concept (PoC) for further development possibilities, which 

allows the nature of the thesis to be experimental. This thesis focuses on supplier 

qualifications, sustainability, and other technical enquiries that customers send to the case 

company. Everyday business-related transactional topics, such as order or delivery related 

communications are out of scope.  

The case company has a team dedicated to handle the enquiries. The process is currently 

handled manually by the human workforce, and it may involve cross-functional 

stakeholders, which usually increases the amount of time used in responding to the enquiries. 

The amount of customer enquiries is expected to increase due to many reasons, one being 

the ongoing drive for transparency in supply chains. This research aims to develop and 

propose a suitable solution for the use of the case company to save both time and resources 

in the customer enquiry handling process. 

The two research questions selected for this study are the following: 

RQ1: What are the key capabilities required in developing and deploying Generative AI 

applications in an organizational context? 

RQ2: How capable is the PoC assistant in addressing the various sustainability customer 

enquiries based on the available explicit knowledge in the case company?  

The focus of this research is exclusively on the internal process of handling sustainability 

customer enquiries. The landscape of AI is introduced as a larger set of entities, and the 

critical components and the evolution and principles of Gen AI, Large Language Models 

(LLMs), and Retrieval Augmented Generation (RAG) are examined. 

1.4  Research methods 

Successful research needs the choice of research methods and implementations. The choice 

must be made according to the specific use-case and duly justified, so that the benefits of the 

outcome can be identified and maximised for the scope of the research. (Lee, 2008) Since 

the desired outcome of this research is an artefact, the chosen research method is a 

constructive research method called Action Design Science research, which is well suited to 
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the organizational setting of this research process. ADR process is explained in more detail 

in the later parts of this research. 

To create an artefact, the researcher needs to gather relevant information to be able to design 

it. Therefore, this research includes an unstructured literature review. According to Vilkko 

(2023), the researcher gathers an increasing amount of knowledge of the researched topic 

while doing the literature review. In a literature review, the starting point for understanding 

can be to question, identify or confirm a phenomenon, or to raise questions, contradictions 

or gaps in knowledge raised by previous research. In the research the theoretical information 

is collected mainly from the academic literature to form an unstructured literature review to 

demonstrate and evaluate the artefact, its suitability to the context, and its effectiveness in 

the organizational setting. 
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1.5  Structure of the thesis 

Table 1: Structure of the thesis 

Input Section Output 

General information related 

to the research and research 

methods 

1. Introduction The research premise, 

objectives, scope, and 

methodology. 

Academic literature and 

research articles of the role 

of IT in the value creation 

process. Knowledge 

management in an 

organization. 

2. Information technology 

as a value driver 

Comprehensive 

understanding on IT’s role 

as a value driver in an 

organization. 

Academic literature and 

research articles of AI and 

Gen AI components and 

concepts, their adaption in a 

customer service setting 

with case examples. 

3. Generative Artificial 

Intelligence 

Refining the findings from 

the second section to 

research whether the 

frameworks apply to state-

of-the-art Gen AI 

applications. 

The premise and research 

methods. 

4. Action Design Research The research methods, 

strategy, and design. 

Research framework, 

findings from the literature 

review, research data. 

5. Artefact development 

and evaluation 

Documentation of the 

development of the PoC 

assistant and its evaluation. 

Findings from the literature 

review, evaluation of the 

PoC assistant. 

6. Discussion Performance of the PoC, its 

impact into organizational 

processes and synthesis of 

literature review. 

Synthesis of the literature 

review, research framework 

and evaluation of the 

solution. 

7. Conclusions Answers to the research 

questions, challenges, 

limitations, and future 

research. 
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2  Information technology as a value driver 

This chapter provides a review of the relevant academic literature on information 

technology, its role in the value creation process and knowledge management in 

organizations. The chapter is divided into two sections. The purpose of the first section is to 

introduce Information Technology (IT) as an entity in an organization and examine it as a 

value driver in an organizational setting based on two separate integrative models. The 

second section of the literature review focuses on examining knowledge management 

practices and the implications of Gen AI on them. The second part of the literature review is 

conducted in chapter 3.  

2.1  Value creation process 

The ability to respond to market opportunities stands a pivotal determinant of success for 

businesses in today’s contemporary business environments. The accelerated rate of 

globalization, intense competitive pressures, shifting customer demands and rapid 

technological advancements create an environment where maintaining a lasting competitive 

edge becomes challenging. (Bhatt et al. 2010, p. 1) According to Daraban (2019), technology 

encompasses the practical implementation of existing knowledge and information to develop 

machines and devices that enhance and sustainably improve existing processes. During the 

recent centuries, technology has been the main driver for innovation, development, and 

evolution of existing living conditions. Technology has many individual advocates, but the 

most passionate supporters of technology have been the business organizations looking ways 

to increase the efficiency and performance of their business. 

Nowadays companies cannot exist and successfully compete without IT. IT has become a 

fixed component for business organizations since it enables smooth and highly automated 

operations. Valuable analyses essential for managing the company can exclusively be 

derived using IT. (Johanning 2022, p. 3) IT has enabled transformational change in basically 

every aspect of the society. IT enables features and abilities of the modern business 

organization that allows the transformation from a reactive to a proactive organization. 
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Although IT enables features and abilities in business organizations, the investments on IT 

do not guarantee value creation or enhance profitability. For a business organization to 

generate value from IT, the organization must have IT capability, which means the ability to 

mobilize and deploy IT resources jointly with other resources and capabilities. Business 

organizations with high IT capability tend to have a better financial performance and 

increased productivity. Besides financial performance and productivity, the value of IT is 

also measured in intangible dimensions such as increasing customer satisfaction, new 

product development and quality. (Lucas et al. 2013, p. 1; Lin et al. 2007, p. 94-95) 

Corporations have a corporate strategy, which defines the existence of the multi-business 

company and its vision, the scope of it, how it is managed and organized and how it allocates 

its resources. Corporate strategy addresses the issue on how companies create value across 

markets. (Chandler 1962; Collis and Montgomery 1998) Nowadays, corporations tend to 

invest in credible IT strategy also. According to Johanning (2022, p. 4-6), IT strategy cannot 

stand as an isolated entity, it must be closely interlinked with the overall corporate strategy. 

IT strategy is about how IT can enable the enterprise to “win” by guiding and delivering on 

the business strategy. IT strategy enables the development and deployment of IT capabilities 

for companies to create value. IT strategy underlines that how can IT products open new 

strategic advantages and support strategic decision-making positively. 

The IT infrastructure is the basis for all IT resources and services of a company. IT 

infrastructure is not only the pure hardware seen in the office desks. IT infrastructure 

comprises the highly standardized software, such as office software, but also operating 

systems and databases, administration tools, data centres and servers. (Bhatt et al. 2010, p. 

1; Johanning 2022, p. 157) Although it is essential for a business organization to have a 

reliable and dynamic IT infrastructure today, the amount of flexibility it ensures for the 

business organization is essential in the value creation process, according to Fink and 

Neumann (2009, p. 1). Frequent changes in the corporate strategy cannot be accomplished 

if unless the IT infrastructure is able to adapt the changes it in an effective way, which 

underlines the importance of maintaining a comprehensive IT strategy. Such an IT strategy 

should be designed not just for current needs but with the foresight to accommodate future 

changes, technological advancements, and business growth. 

In today’s competitive business environment, also innovation is crucial. Companies that 

constantly innovate gain a competitive edge over rivals. The IT itself does not necessarily 
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create innovations. Therefore, business organizations must have workforce with high digital 

literacy and skills to manage IT strategy, build IT infrastructure and produce innovative 

solutions to the use of its businesses. Technology plays a fundamental role in developing 

innovative products and services. Although some argue that IT is approaching maturity, 

recent developments like Cloud Computing, Big Data and analytics, Internet of Things (IoT), 

and AI offer tremendous potential. (Mitropoulos & Douligeris 2021) 

As the previous paragraphs denote, IT’s role as a business value driver has been indisputable 

in the from the 21st century. To create more comprehensive understanding of IT’s role as a 

business value driver, two different models are demonstrated. Melville, Kraemer and 

Gurbaxani (2004, p. 287) researched the connection between IT and business value and 

developed a holistic model, with a resource-based view. The model is presented in figure 1. 

The model integrates various elements influencing IT’s impact on organizational 

performance, but the main idea of the model is to start looking at organization’s internal 

capabilities from inside-out and using the internal capabilities to create business value in the 

external environment. The researchers define IT business value as: 

“… organizational performance impacts of information technology at both the intermediate 

process level and the organization-wide level, comprising both efficiency impacts and 

competitive impacts”. 

 The research underlines the fact that the centrum of IT business value creation is the 

organization that invests and deploys IT resources, what they call the focal firm. Based on 

the model derived, external factors impacting IT business value creation process are 

competitive environment, including industry characteristics and trading partners, as well as 

the macro environment. 
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Figure 1: IT Business Value Model, adapted from Melville et al. (2004) 

 

Melville et al. (2004, p. 295-297) underline that application of IT and complementary 

resources may improve business processes or enable new ones, which may impact 

organizational performance positively. The model represented underlines that IT may also 

improve the integration between business processes. Figure 1 illustrates the division of 

resources to physical capital, human capital, and organizational capital resources. Human 

capital and organizational capital resources contain components of the IT resource, while all 

three contain components of complementary organizational resources. Technological IT 

resource (TIR) contains IT infrastructure and specific business applications that utilize the 

infrastructure, such as purchasing and sales tools. TIR includes both hardware and software. 

Human IT resources (HIR) contain both technical and managerial knowledge. Technical 
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knowledge can be for example application development, integration knowledge and 

maintenance knowledge of existing systems. Managerial knowledge represents the ability to 

manage and lead appropriate development projects and teams within time and budget. HIR 

may be associated with the entire technological infrastructure or only locally inside business 

units with specific business applications. Complementary organizational resources are for 

example policies, culture, and diverse workforce. (Melville et al. 2004, p. 296-297) Culture 

of change, policies and many other complementary resources have a significant impact on 

adopting AI and generative AI. These topics need to be considered when building strategy 

and setting goals in a company. 

Moving on to the business process performance and organizational performance, business 

process performance is defined by improvements in operations within specific areas, such 

as enhanced quality or cycle times. Organizational performance, on the other hand, 

comprises IT-enabled performance improvements across all activities in the company, such 

as revenue enhancement and cost reduction. Several factors influence how improvements in 

business process performance can enhance overall organizational performance. These 

factors include the scale and importance of the business process to the organization, the 

uniqueness of the IT involved, and the nature of the competitive environment. (Melville et 

al. 2004, p. 296-297)  

The competitive environment is shaped by industry characteristics, such as competitiveness, 

market dynamics and the rate of technological change, which influence how IT generates 

business value. Additionally, IT integration that extends beyond a single organization to 

include trading partners’ processes and technologies plays a critical role in the value created. 

(Melville et al. 2004, p. 296-297) 

The macro environment layer of the model presented by Melville et al. (2004) encompasses 

country specific and regional influences like government regulations and cultural attitudes 

towards IT, which significantly impact IT application effectiveness. This aspect is crucial 

for policymakers, emphasizing the need for tailored strategies to maximize IT effectiveness 

across diverse environments. 

Grover, Chiang, Liang, and Zhang (2018) contribute to the IT value creation theory by 

focusing on how organizations can leverage Big Data Analytics (BDA) in strategic business 

value creation. Their research examines the functional and symbolic value generated from 
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BDA. Symbolic value is more related to the aspects seen outside of the company, such as 

brand image or reputation, while the functional value impacts decision-making or 

enhancements in efficiency.  

Grover et al. (2018, p. 398) propose a two-part conceptual framework involving capability 

building and realization to explain how organizations can exploit BDA to enhance decision-

making, efficiency, and innovation. As illustrated in figure 2, the capacity building starts by 

creating an infrastructure to support BDA. Essential BDA infrastructure elements to develop 

BDA capabilities are big data assets, analytics portfolio, and human talent. Human talent 

infrastructure is the most critical component in this equation because of the expertise and 

experience needed in implementing BDA strategies. When the infrastructure is in place, 

organization can build capabilities to integrate, manage, analyze, and share data in different 

forms to enable value creation. 

 

Figure 2: Value creation with Big Data Analytics, adopted from (Grover et al. 2018, p. 398) 

 

Following capability building process, Grover et al. (2018, 398) moves to the capability 

realization process. They propose six different mechanisms that can lead to value creation, 

illustrated in table 2.  
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Table 2: Value creation mechanisms, proposed by Grover et al (2018, p. 401-403) 

Mechanism Meaning 

1. Transparency and 

access 

Making information readily available and accessible to all 

relevant stakeholders within the organization, ensuring that 

decision-makers at all levels have the necessary visibility to 

understand and react to business conditions effectively. 

2. Discovery and 

experimentation 

Enables organizations to discover new insights and patterns 

from vast data sets, supporting the experimental testing of 

hypotheses in real-world conditions, allowing for innovation 

and risk reduction. 

3. Prediction and 

optimization 

Uses predictive analytics to forecast future trends, 

behaviours, and market changes, allowing businesses to 

prepare and adapt proactively. Optimization algorithms 

ensure resources are allocated effectively to maximize 

outcomes based on predictive insights. 

4. Customization 

and targeting 

Facilitates highly personalized customer experiences by 

tailoring products, services, and interactions to individual 

preferences and behaviours, and targeting specific customer 

segments with precision, increasing marketing effectiveness 

and customer satisfaction. 

5. Learning and 

crowdsourcing 

Supports a continuous learning environment by enabling the 

analysis of new data streams for ongoing insights. 

Crowdsourcing leverages the collective knowledge and 

expertise of a large group, often from outside the 

organization, to solve problems and generate innovative 

ideas. 

6. Continuous 

monitoring and 

proactive 

adaptation 

Involves real-time monitoring of systems and processes to 

detect and respond to issues before they escalate, allowing 

businesses to anticipate problems and adjust strategies 

dynamically, maintaining operational efficiency and 

preventing potential disruptions. 

 

After Value Creation Mechanisms explained above, Grover et al. (2018, p. 402) model dives 

into targets of the value creation. The researchers suggest four main targets, with the first 

one being organizational performance. With BDA, organizational decision-making can be 

improved. This requires transparency of the data across organization, and with that, the 

organization is able to build models and derive insights. Secondly, business process 

improvement. Business process improvements can be enhanced with BDA by identifying 
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the strengths and weaknesses of a business process based on empirically supported large-

scale analysis. Thirdly, BDA can derive value from product and service innovation. Data-

analysis on customer clicks or purchasing habits can enable promotional strategies or 

customized web interfaces. Collecting insights on customer experience and analysing them 

is valuable for identifying frequently reported product flaws or issues, or something that 

customers desire from the product or the service. Fourth, BDA can also derive enhanced 

customer experience and market enhancements from identifying competitive intelligence or 

acquiring new customers through social media analytics. Potential competitors can be 

identified for example through reviews and comments. 

On the top of the Grover et al. (2018) model are the moderating factors. Moderating factors 

include strategy, leadership, trust, technological and industry context, governance support, 

competitive dynamics, and data-driven culture. These can capitalize the conversion of BDA 

investments to value. Strategy ensures that BDA initiatives are aligned with organizational 

goals, while strong leadership helps the adoption and implementation of data-driven projects. 

The technological and industry context affects the applicability and effectiveness of BDA, 

requiring adaptations to suit specific conditions. Governance support ensures that data 

management practices uphold integrity and compliance standards, vital for maintaining data 

quality and security. Competitive dynamics, also highlighted by the model presented by 

(Melville et al. 2004) influence how aggressively an organization invests in BDA to maintain 

or improve its market position. A data-driven culture underlines all efforts, embedding data 

at the heart of organizational processes and decision-making, thereby maximizing the 

potential for deriving value from BDA initiatives. Trust within the organization encourages 

reliance on data insights for decision making. If there is no trust, no one will not use the 

BDA solutions. (Grover et al. 2018, p. 403) 

Trust as a concept is taken account on the latest advancements in AI as well. Kreps, George 

& Rao (2023) proposed a possibility of “trust paradox”, which the authors define as “public’s 

willingness to support or use AI-enabled technologies that they do not trust.” In an 

organizational context, understanding and addressing this so called “trust paradox” is crucial 

for the effective deployment of both BDA and AI technologies. 
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2.2  Knowledge management 

Knowledge management (KM) and IT are closely interconnected, and together play a critical 

role in driving organizational value. According to Awad (2007, p. 26-28) advancements in 

information technology have led to gaps in the accessibility and management of information 

and knowledge. When eventually these gaps have been filled, several challenges remain: 

How do we use technology to flip challenges into opportunities? How do we create 

knowledge from information? How do we create value from knowledge? Implementing 

good KM practices may tackle these challenges. KM can be defined in many ways, but the 

core of KM is to realign the technical capabilities of a company to create the knowledge that 

drives the company forward. KM aligns that knowledge gathered from business processes, 

products, and services is used transparently through the organization to promote growth. One 

simple definition is from Schopflin and Walsh (2019, p. 3) define KM as a cluster of 

methodical strategies through which an organization optimizes its utilization of existing 

knowledge and expertise to achieve success. 

Data, information, and knowledge are terms that are ambiguous, and they are often used as 

synonyms. To describe the concepts, Davenport and Prusak (1998) developed the knowledge 

pyramid presented in figure 3. The knowledge pyramid has three different levels 

representing the terms. The bottom level represents data collected and stored with different 

tools and technologies from different transactions. The data itself doesn’t have high value 

without processing since it is unorganized. The value of data is based on what or where it 

can be utilized. When the data has been processed, enriched, and analysed, it turns into 

information, when it has importance and purpose. Knowledge is the synthesis of information 

from various sources to identify patterns, trends, or relationships. Knowledge applies 

understanding, insights, and experience to information, turning it into actionable guidance 

for decision-makers.  
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Figure 3: Knowledge pyramid, adapted from Davenport & Prusak (1998) 

 

Alavi & Leidner (2001) and Awad (2007, p. 27) emphasize two dimensions of knowledge 

in an organization, tacit and explicit. Tacit knowledge is deeply rooted in individuals’ 

actions, experiences, and involvements within specific contexts, which is why it is often 

challenging to formalize. It encompasses cognitive elements such as mental models, beliefs, 

paradigms, and viewpoints, as well as technical components like concrete know-how, crafts, 

and skills pertinent to a particular context. Up to 95 percent of information in an organization 

is seen as tacit knowledge and tacit knowledge is used to create explicit knowledge. Explicit 

knowledge is more formal and systematic than tacit knowledge. It is articulated, codified, 

and digitized as something concrete, such as documents and reports. Tacit knowledge is 

embedded in human mind, which makes it harder to retrieve and transmit than explicit 

knowledge. Tacit knowledge would be placed at the top of knowledge pyramid presented by 

Davenport & Prusak (1998) as a part that is not easily visible or expressible, since tacit 

knowledge is more about the application and individual “know-how”. Explicit knowledge 

fits into the top as well, since it is the type of knowledge that has been processed from data 

and information and then formalized in such a way that it can be shared or taught. 
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AI, and particularly Gen AI can bring several positive effects to KM practices, enhancing 

various KM processes. Jarrahi et al. (2023) examined the potential role of AI in supporting 

KM practices such as creation, storage, and retrieval, sharing, and application of knowledge. 

AI significantly improves the storage and retrieval of explicit knowledge. Some of the AI-

driven systems can classify, organize, and retrieve knowledge more efficiently than 

traditional methods, for example retrieval augmented generation (RAG). RAG is examined 

more specifically in section 3.4. This capability is particularly useful in scenarios requiring 

immediate access to information, such as in customer service environments. AI also 

enhances the applications of knowledge with chatbots and digital assistants, which reduce 

the barrier to accessing organizational knowledge and supports equitable knowledge 

distribution. 
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3  Generative Artificial Intelligence 

The third part of the research focuses on researching relevant literature and other sources to 

build a solid understanding of AI and Gen AI concepts. Furthermore, the sections in this part 

examine the building blocks enabling Gen AI applications. The second last section of this 

chapter focuses on building a comprehensive understanding of the Gen AI applications in 

customer service setting. The last section of this chapter examines the adoption of Gen AI 

applications in an organizational context and focuses on finding connections between the 

second and the third chapter of this research. The aim of this section is not to provide an 

exhaustive explanation of the functional mechanisms of the studied technologies. 

3.1  Artificial Intelligence 

Artificial Intelligence as a concept has interfaces in almost every aspect of engineering and 

beyond (Chowdhary 2020, p. 1). While there is a variety of definitions in the academic world 

for AI, the definition of Haenlein and Kaplan is cited in various papers. AI is defined by 

Haenlein & Kaplan (2019, p.1) as “a system’s ability to interpret external data correctly, to 

learn from such data, and to use those learnings to achieve specific goals and tasks through 

flexible adaptations.” AI was already presented in academic discipline in the 1950s, but it 

did not attract wide attention for a half a century. Today, AI is the one of the most exciting 

topics in the field of academic research, and businesses across the world are competing on 

who can take the most out of it within the limits of regulations considering AI, such as EU 

AI Act (EU AI Act 2023). Artificial intelligence is seen as the umbrella term, utilizing 

different computational algorithms capable of performing tasks that would usually require 

human-like intelligence, such as decision-making, understanding natural language, learning 

from experience, and recognizing patterns. (Castelvecchi 2016; Winston 1996)  

One way to implement AI is Machine learning (ML). ML is a sub-area of the field of AI. 

The core idea of ML is to find patterns in data and learn from them. (Mondal 2020; Moustafa 

et al. 2017) Murphy (2012, p. 1) defines ML as a “set of methods that can automatically 

detect patterns in data, and then use the uncovered patterns to predict future data, or to 

perform other kinds of decision making under uncertainty”. Instead of modelling the 
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behaviour of a system under physical laws, data is used for learning the correlations. ML is 

highly suitable for example in anomaly detection, since it learns from experience. Data 

availability and quality is critical for successful usage of ML. (Mayr et al. 2019) ML extends 

further into deep learning (DL), where a vast and multi layered neural network is trained 

with extensive historical data to do a specific task. In DL, the multi-layered network 

incrementally extracts information out of data and training the computer to mimic human 

behaviour. (Goodfellow et al. 2016, p. 1; Somani et al. 2023, p. 7) ML and DL form the 

backbone of AI because they provide the tools to develop system that can learn from data, 

adapt to new scenarios, and perform human-like tasks with increasing accuracy.  

It is important to understand that the goal of AI is not just to imitate human intelligence, but 

to create software capable of addressing real-world challenges and achieving objectives as 

effectively as humans can. (McCarthy 2007, p. 3) As the field of AI continues to evolve, it 

remains vibrant and ever-changing, holding promise to reform how we interact with 

technology and understand intelligence. Currently, the deployment of AI technologies is 

vital for sustaining competitive advantage across various sectors, such as healthcare, 

manufacturing, and consumer products. (Chowdhary 2020, p. 10) To keep this research 

within the scope, the specific function logic of these technologies (ML & DL) will not be 

covered. This research dives deeper into how companies have utilized Gen AI to improve 

their operative efficiency in customer service setting. 

3.2  Generative AI 

In the recent years, various new technologies and concepts around AI have emerged quickly. 

Gen AI models have gained a significant attention from the academics and the general 

public, since the technologies can tackle a wide array of complex language-based tasks and 

create creative, human-like content. Gen AI can generate images, videos, and music as well 

as consolidate data from different sources for analysis. (Eloundou et al. 2023, p. 4; 

Dasborough 2023, p. 1-3) The history of Gen AI can be traced back to 1950s, when Hidden 

Markov Models (HMMs) and Gaussian Mixture Models (GMMs) were developed. HMMs 

and GMMs were mainly used for generating sequential data, such as weather forecast 

(HMM) and probability distribution (GMM). (Cao et al. 2023, p. 4) 
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The most widely used Gen AI models are built on so called foundation models, which are 

large-scale artificial neural networks. Foundation models use deep neural networks, that go 

beyond artificial neural networks in complexity. Deep neural networks are structured in 

layers of interconnected neurons with the ability to learn vast amount of data. (LeCun 2015) 

These networks replicate the structure and function of the human brain, helping machines to 

identify patterns, produce decisions, and predict outcomes with precision. FNs refer to so 

called “pre-trained” models, that serve as a base upon which more specific applications or 

tasks can be built. Foundation models are fine-tuned for specific tasks or domains, inheriting 

the knowledge from pre-training, and further specializing based on new, task-specific data. 

FN’s have the ability to transfer learning, which means that knowledge gained in one task is 

transferred to improve the performance on a different task. (Amaratunga 2023, 106-107) 

3.3  Large Language Models 

One of the latest and most buzzing word or topics around AI and Gen AI has been OpenAI’s 

ChatGPT (see figure 4) which powered by GPT-4, a high-performing Large Language 

Model (LLM). Since its release, ChatGPT has attracted considerable attention due to its 

remarkable abilities. The widespread interest in ChatGPT is reflected in search trends, with 

the numbers in the Y-axis representing the popularity of the search in the selected period and 

region relative to the highest value in the graph. A scale value of 100 indicates the peak 

popularity of the term in a given region, while a value of 50 shows that the term was searched 

half as much. A value of 0 represents insufficient data available for the term in the region at 

that time. The rapid rise of ChatGPT demonstrates the increasing impact and potential of 

Generative AI in enhancing human-machine interactions and revolutionizing industries. 
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Figure 4: Search Interest of "ChatGPT" on Google worldwide (from 01.01.2022-

22.04.2024)  

 

ChatGPT belongs to a class of language models called Generative Pre-trained Transformers 

(GPTs), which falls under the broader category of LLMs. LLMs are based on DL techniques 

and methods and are trained extensively using vast quantities of data. ChatGPT is designed 

and fine-tuned for conversational purposes, enabling it to create responses that mimic human 

interaction by leveraging its extensive repository of information and knowledge. (Eloundou 

et al. 2023, p. 4)  

Natural Language Processing (NLP) is the core of LLMs, since LLMs would not exist 

without the development of NLP during the years. Easily understandable goal of NLP is to 

bridge the gap between human language and computer understanding, which allows the 

machine to process and analyse the data and to form a response in natural language. The 

combination of large datasets, statistical methods, and utilizing DL enabled widespread 

adoption of ML-based NLP in the beginning of the 21st century. ML-based NLP systems 

have enabled the development of practical applications in various industries, such as virtual 

assistants, customer service and support chatbots, sentiment analysis tools and machine 

translation services. (Amaratunga 2023, p. 9-17) The AI landscape adopted from 
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Amaratunga (2023, p. 7) can be seen from figure 5, which illustrates the different layers in 

the technologies that enable AI applications. 

 

Figure 5: AI landscape, adopted from Amaratunga (2023, p. 7) 

 

There are plenty of use cases in where NLP is utilized. One is text classification, where the 

model assigns a label or category to a piece of text. For example, classifying emails as spam 

or not spam, topic categorization or sentiment analysis. Machine translation translates texts 

automatically from language to another. Text generation helps in creating human-like text, 

summarize it and autogenerate content for example in chatbots. NLP also enables speech 

recognition, question answering, language modelling and various other generative 

applications. To achieve this, NLP employs a set of key concepts. Tokenization splits texts 
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into smaller units, which are called tokens. Tokenization is an essential preprocessing step 

in most NLP tasks. Furthermore, parsing is essential in analysing the relationships between 

words and phrases to create content. (Amaratunga 2023, p. 17-19) 

Embeddings are vector representations of words in a continuous, high-dimensional vector 

space, where semantically similar words or phrases are closer to each other. The embeddings 

capture semantic relationships, allowing NLP to understand the syntactic similarity and the 

context of the words. (Amaratunga 2023, p. 19-21) Embeddings are crucial for LLMs, since 

they allow these models to understand and represent the nuances of language. The vectorized 

representation is essential for LLMs to process and generate human-like text or content.  

3.4  Retrieval Augmented Generation 

Beyond the foundational NLP tasks and underlying technologies such as tokenization, 

parsing, and word embeddings, there is an emerging innovation that is revolutionizing the 

efficiency and accuracy of LLMs: Retrieval Augmented Generation (RAG). According to 

Eloundou et al. (2023) companies with the access to a LLM approximately 15 % of all 

worker tasks in the United States could be completed significantly faster, sustaining the same 

level of quality. The researchers note that integrating company documentation and content 

to LLMs can enhance the functionalities even more, with the improvement of all tasks being 

between 47 % and 56 %.  

The significancy of RAG is in its ability to fetch relevant information from external data 

sources in real-time to inform its responses. The integration of RAG into LLM not only 

boosts the model’s information base, but also refines its accuracy, making it tailored to 

understand and generate human-like text in the wanted context. Awad (2007, p. 73) 

highlights that knowledge is stored in an expert’s long-range memory as chunks, which are 

groups of ideas or details that are stored and recalled together as a whole. Chunking promotes 

expert performance. A RAG solution can dynamically access and utilize its knowledge base, 

in a similar way as Awad (2007, p. 73) described a human expert referring to books or 

documents where he/she has collected the chunks of knowledge. (Gao et al, 2023) Table 3 

illustrates all the components and their purposes in simple RAG systems. 
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Table 3: RAG component breakdown, adopted from Gao et al. (2023, p. 3-6) 

Component Purpose 

Document data Data used as a knowledge base for the model 

Embedding model Used to create vector embeddings of the queries and the data in the 

knowledge base 

Data storage A storage, where the data can be queried (vector database) 

Indexing Indexing extracts data from various file formats like, PDF, HTML, 

docx, Markdown etc. which are converted into a plain text format. 

To accommodate the context limitations of LLMs, the text extracted 

from the files is segmented into smaller and easily digestible 

chunks. Chunks are then vectorized using an embedding model, and 

furthermore stored in a database. 

Retrieval function User query is embedded into a vector representation. Then the 

encoding model computes similarity scores (search scores) between 

the query vector (user query) and the vector of chunks within the 

indexed documents. The system identifies and retrieves the top K 

chunks most similar to the query. These selected chunks are then 

incorporated as expanded context in the prompt. 

Prompt  The query and selected documents are synthesized into a prompt. 

Based on the prompt, the LLM is tasked to formulate the response. 

Conversation history can be integrated into the prompt, which 

allows user to ask further questions without providing the same 

context all over again. The system message, given as context to the 

model, allows the RAG to restrict its responses to the information 

contained within the provided documents. 

LLM Handling the logical reasoning and producing the human-like 

natural language response.  
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Figure 6: Simple RAG model, adopted from Gao et al (2023, p. 4) 

 

The operating principle of a simple RAG is illustrated in figure 6. Even though it might 

appear seamless and well-functioning system, RAG encounters drawbacks, such as 

challenges in the retrieval and generation. The retrieval system can misfunction in retrieving 

the precise content, leading to selection of misaligned chunks or completely irrelevant 

chunks which can be seen as missing information. It is also possible for the RAG system to 

produce wrong information or information that does not contain any relevance to the prompt 

or context, which is referred to as “hallucination”. Users might face biases, misinformation, 

irrelevance, toxicity, bad reliability, and quality in the responses. There is also the risk for 

the model to encounter redundancy, when similar information is fetched from various 

sources, leading to repetitive responses. (Gao et al. 2023, p. 3-4) In order to hurdle these 

challenges, prompt engineering has taken foothold in the field of AI research. Prompt 

engineering is further presented and utilized in the artefact development section of this 

research.  

3.5  Generative AI applications in customer service 

Gen AI holds significant potential in enhancing customer service performance level in 

organizations, however, academic research of applications of Gen AI is still scarce. 

According to Brynjolfsson et al (2023, p. 11), Gen AI suits well to customer support since 

the customer-agent conversations are a series of pattern-matching problems and the 

conversations are often repetitive. AI is expected to improve the customer service, drive 

innovation, and overall enhance the competitive positioning of an organization. However, it 
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can also lead to increased competition and the risk of falling behind if AI is not adopted 

effectively. (Hendriksen 2023, p. 72) 

Huang & Rust (2021) studied that text-based chatbots can handle a massive number of 

routine tasks simultaneously. For example, a chatbot could analyse customer voices and for 

emotions with NLP. As long as these type of chatbots do not reveal customers’ identity, 

these are easy to implement, highly cost-efficient and scale up easily. However, NLP itself 

cannot analyse other areas than sentiment, such as weather, traffic or any other factors that 

might depend to customers happiness or frustration, and how to respond. 

Brynjolfsson et al. (2023) studied the impact of Gen AI in the customer service industry, by 

adapting a Gen AI application to provide conversational guidance for customer support 

agents. They founded that the utilizing AI assistance increased the productivity of agents by 

14 %, measured by the number of issues they handled in an hour. This can lead to cost 

reduction and efficiency in various processes. The most positive impact of the Gen AI 

application (34 %) was for the low-skilled employees. The introduction of the Gen AI 

application was found also to reduce employee attrition, particularly among newer 

employees.  

George & George (2023, p. 13) also emphasized the cost cutting effect of a chatbot 

implemented in customer service, by making responses faster and more accurate. In e-

commerce, chatbots can save time and money on the workforce who help customers. Some 

Gen AI technologies, such as GPT-4, can understand and produce different languages all 

over the world, which enables new markets to companies utilizing Gen AI applications in 

operations.  

Adam et al. (2020) studied AI-based chatbots in customer service settings and their effects 

on user compliance. They founded that AI-based chatbots in customer service can lead to 

significant time and cost savings by handling routine customer enquiries more efficiently. 

They also found that using such tools promote higher level of user compliance and 

engagement through anthropomorphic design cues, improving customer service interactions. 

Brynjolfsson et al. (2023) study founded that the benefits of AI tool was not uniformly 

distributed among all worker categories, since experienced and highly skilled employees 

saw minimal productivity gains, which could lead to disparity in the workplace. Researchers 

also found that workers may become too dependent on the recommendations that the Gen 
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AI tool produced, which could impact their ability to perform independently if AI support is 

unavailable. Adam et al. (2020) founded that AI-based systems, like chatbots, can still fail 

to meet user expectations, resulting in decreased customer satisfaction and potential loss of 

business. The lack of personal touch in interactions can also be seen as a threat, but as 

Brynjolfsson et al (2023) studied, good fine-tuning of the LLM can help organizations to 

tackle this threat.  

Recent example of a successful implementation of a Gen AI application in customer service 

setting was presented by Klarna. Klarna is a fintech company that offers online payment 

solutions with features like "buy now, pay later," instalment payments, and direct payments 

to enhance the shopping experience for customers and retailers. Klarna handles over 2 

million transactions per day. They implemented a Gen AI assistant powered by OpenAI, and 

after one month of usage it had had 2.3 million conversations, over two-thirds of Klarna’s 

customer service chats. The value of the assistant is demonstrated by its ability to perform 

the work of 700 full-time agents with remarkable efficiency. It is proven to be on par with 

human agents in customer satisfaction scores and it has been more accurate in errand 

resolution, leading to one fourth less repetitive enquiries. Customers solve their problems 

approximately nine minutes faster and it is available 24/7 in 35 languages. The estimated 

profit of the AI assistant is over $40 million USD in 2024. (Klarna 2024) 

Applications presented in Adam (2020), George & George (2023) and Huang and Rust 

(2021) were chatbots used externally to respond to customer enquiries. These applications 

have possible risks in data privacy and security and may struggle with complex enquiries or 

fail to provide the human touch required in sensitive situations, which can lead to customer 

frustration. Generative AI applications in customer service setting are at the moment mostly 

related to interactive chatbot interfaces integrated to the company website. These 

applications are mostly helping companies to reduce time spend on repetitive tasks and save 

time, but also make the answers more precise and match the tone of the customer leading to 

increased customer satisfaction. It is expected that Gen AI will reduce the personnel working 

in “front-desk” customer service significantly. 

A global survey made by McKinsey (2023a) shows that over 40 percent of their 1600 

participant survey state, that due to the advances of Gen AI, they will invest more in AI 

overall. Marketing, sales, product and service development, and service operations are the 

most commonly reported uses of Gen AI in organizations. In service operations, six percent 
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of respondents used chatbots in customer service, and for example nine percent of marketing 

and sales applications were used to craft first drafts of text documents. Adopters of Gen AI 

are seeking competitive advantage with better speed, accuracy, and increased customer 

satisfaction. 

Despite there is an increasing integration of Gen AI applications into customer service 

setting, there remains a gap in academic research on this subject. This scarcity of scholarly 

material can largely be attributed to the proprietary nature of the technologies developed by 

private corporations. Many businesses prioritize maintaining confidentiality over their 

innovations in Gen AI to secure a competitive edge and protect their intellectual property. 

Consequently, these companies are often hesitant to reveal detailed operational 

methodologies or outcomes, which restricts the flow of information to the academic 

community. This lack of openness limits the ability of researchers to conduct extensive 

studies, thereby preventing the broader understanding and evaluation of Gen AI applications 

within customer service environments. 

3.6  Adopting Generative AI in an organizational context 

Adopting Gen AI applications, like ChatGPT, within organizations offer a new context for 

re-evaluating and potentially even reshaping various management theories and practices. 

According to Korzynski et al. (2023), the integration of Gen AI practices and applications 

across strategic, functional, and administrative levels can significantly influence decision-

making processes, knowledge management, customer service, HR management, and 

administrative tasks. 

The adoption of Gen AI technologies, such as LLMs and tools like ChatGPT, demands a 

nuanced understanding of both technological integration and human factors within existing 

workflows since Gen AI tools must align with existing workflows and technological 

infrastructures to be successfully adopted. The compatibility of Gen AI tools with current 

systems influences their acceptance and effective usage. For example, software engineers 

are more likely to adopt LLMs if they integrate with their existing development processes, 

such as testing and deployment routines. (Russo 2024) If the technology requires significant 

changes to establish workflows, or it demands unfamiliar hardware or software 

environments, its adoption may face resistance. (Melville et al. 2004, p. 293-295) 
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A successful adoption of Gen AI considers the human resources as well since it requires a 

workforce capable of leveraging its full potential. Organizations must provide necessary 

training to ensure that the employees are able to use the tools efficiently. It is important to 

address the skill gaps of employees by providing different level of training and making 

employees aware of Generative AI for successful adoption. (Gupta et al. 2024) The level of 

personal innovativeness and the ability to experiment can also impact the adoption of Gen 

AI tools in an organizational context. (Russo 2024) 

Attitude towards Gen AI’s usefulness and ease of use are also crucial for an organization to 

be able to adopt Gen AI applications. It is important for an organization to point out the 

possible benefits, such as improved efficiency and enhanced capabilities, keeping the 

applications compatible with existing workflows. The social environment, including peer 

approval and organizational support can influence individual attitudes towards adopting Gen 

AI applications, though it might not directly translate into usage intentions. (Melville et al 

2004; Russo 2024) 

Moreover, organizational capabilities play a crucial role in tackling the unique challenges of 

AI implementation. Recent research highlights the importance of developing capabilities 

such as AI project planning, co-development of AI systems, data management, and AI model 

lifecycle management. AI project planning involves identifying, evaluating, and prioritizing 

suitable AI use cases, helping organizations manage expectations and avoid resource 

wastage. Co-development emphasizes the integration of diverse expertise and effective 

communication among stakeholders to bridge information gaps. Data management ensures 

that data quality is high for AI projects, while the AI model lifecycle management focuses 

on continuous monitoring and adaptation of AI systems to maintain their effectiveness. 

(Weber et al. 2022)  

Organizational structure and culture also play pivotal role in the adoption of Gen AI 

applications. The innovation culture of an organization and its ability to provide a supportive 

environment for Gen AI integration are critical factors to consider. Organizations must strive 

to culture that embraces technological advancements and provide the infrastructure and 

support for the implementation of Gen AI. (Gupta et al. 2024; Melville et al. 2004)  

External pressure, such as customer demand, competition and regulations also influence the 

adoption of Gen AI in an organization. Organizations must navigate the external dynamics 
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to ensure the adoption of Gen AI applications align with regulations and broader business 

ecosystems. The ethical considerations surrounding the use of AI, such as transparency and 

responsible usage, are also critical for maintaining customer trust and regulatory compliance 

(Gupta et al. 2024) According to a report made by McKinsey (2023b), a clearly defined AI 

vision and strategy is also crucial for successful implementation and value creation with Gen 

AI. 

The adoption of Gen AI in an organizational context requires a holistic approach that 

considers technological integration, human factors, and organizational resources. 

Compatibility with existing workflows and infrastructures, addressing skill gaps through 

training, and striving innovative culture are key to successful implementation. Additionally, 

external pressures and ethical considerations must be carefully managed to align with the 

broader business and regulatory environment. By developing organizational capabilities 

tailored to AI’s unique characteristics, organizations can navigate the challenges better and 

maximize the benefits of Gen AI technologies (Weber et al. 2022). 

The previous findings indicate and verify that the frameworks that Melville et al. (2004) and 

Grover et al. (2018) present, include similar characteristics regarding technological assets, 

human assets, and external impacts to the value creation process. The moderating factors 

presented by Grover et al. (2018) can be contextualized to Gen AI value creation as well, 

since strategy, leadership, trust, technological and industry context, governance support, 

competitive dynamics and data-driven culture are all factors to be considered for maximizing 

the benefits of Gen AI within an organization. 

Grover et al. (2018) emphasize the coevolutionary adaption, which means that the 

organization is learning by doing. The academic and business field of AI is constantly 

growing and developing further, which highlights the importance of keeping the company 

up to date with the available technologies and concepts.  
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4  Action Design Research 

Successful research needs the choice of research methods and implementations. The choice 

must be made according to the specific use-case and duly justified, so that the benefits of the 

outcome can be identified and maximised for the scope of the research. (Lee, 2008) This 

research is conducted within the paradigm of Design Science (DS). Design science is defined 

by Johannesson and Perjons (2014, p. 8) on the following manner: 

“Design science is the scientific study and creation of artefacts as they are developed and 

used by people with the goal of solving practical problems of general interest.” 

Unlike traditional research methodologies that primarily seek to explain or predict 

phenomena, Design Science Research (DSR) is a practical and constructive, and it aims to 

produce tangible and operational artefacts. The artefacts can be methods, models, constructs, 

or initiations, which are evaluated for their utility in addressing real-world issues. (Hevner 

et al. 2004; Peffers et al. 2007) Hevner and Chatterjee (2010, s. 5) define design science 

research as:  

“a research paradigm in which a designer answers questions relevant to human problems 

via the creation of innovative artefacts, thereby contributing new knowledge to the body of 

scientific evidence. The designed artefacts are both useful and fundamental in understanding 

that problem.”  

An important opportunity, a challenging problem or a vision for the application domain often 

begin the design science research process. DSR produces both an artefact that addresses an 

issue, and prescriptive knowledge on how to change things. The DS model presented by 

Peffers et al. (2007) consists of six phases. Initially, the problem is identified and motivated, 

requiring an understanding of its current state and the solution's importance. Next, solution 

objectives, derived from the problem, are defined and can be qualitative or quantitative. The 

third phase involves designing and developing the artefact, determining its functionalities 

and architecture. The fourth phase, demonstration, shows the artefact's ability to solve the 

problem through experiments or case studies. In the fifth phase, evaluation, the artefact's 

effectiveness is assessed by comparing objectives to actual outcomes, with the option to 

refine the artefact further. Finally, the sixth phase involves communicating the research and 
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artefact's relevance to the intended audience. Hevner et al. (2004) go towards research that 

generates design knowledge, which is relevant for practitioners.  

Despite the outcome of DSR is an artefact, the aim of this thesis is to fit the artefact into 

organizational context and develop it with the organization as an iterative process, involving 

the end-users in the development process as well. In DSR, the evaluation of the artefact 

occurs after the build, which does not support the aim of the desired iterativity of developing 

a solution for the use of the case company. Therefore, the method for this research is going 

to be Action Design Research (ADR), proposed by Sein et al. (2011). 

Action Design Research (ADR) is an innovative methodology that extends beyond the 

traditional practices of DSR. ADR emphasizes the intertwined activities of building IT 

artefacts in organizational setting and evaluating outcomes concurrently. This approach is 

rooted in the belief that IT artefacts are ensembles shaped by organizational context during 

development and use. (Sein et al. 2011)  
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Figure 7: ADR method stages, adopted from Sein et al. (2011, p. 41)  

 

As seen from figure 7, ADR involves four stages: 

1. Problem Formulation, where a practical problem inspires research. Formulating the 

initial research questions. 

2. Building, Intervention, and Evaluation (BIE), an iterative process where the IT 

artefact is developed and assessed within the organizational setting. 

3. Reflection and Learning, which focuses on understanding the artefact’s impact and 

refining the design. 

4. Formalization of Learning, where insights are generalized into design principles for 

broader application. 
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The ADR method is characterized by its principles, including Practice-Inspired Research 

and Theory-Ingrained Artefact, which ensure that the research is grounded in practical 

problems and informed by theoretical frameworks. ADR’s unique contribution lies in its 

ability to produce artefacts that are not only technologically innovative but also deeply 

integrated with organizational practices, leading to more effective and relevant IT solutions 

(Sein et al. 2011). 

According to both Johannesson and Perjons (2014) and Peffers et al. (2004), the purpose of 

DSR is not only the creation of artefacts, but also to answer questions about the artefacts and 

the environment of them. To guarantee the accuracy and dependability of the responses, it is 

essential to employ thorough research strategies and methods. Also, many design science 

projects do not endeavour all the activities of the framework in depth to focus more on one 

or more of the activities, while the other activities are approached more lightly. 

The principles of DSR are similar than ADR since both aim to change and improve human 

practices, and ADR is derived from DSR. Both approaches involve problem solving and 

evaluation. DSR requires an artefact, and ADR addresses the problem through the aspect of 

social, psychological, and organizational change. ADR also requires a practical problem 

from a local practice as a starting point of the research, while this is not required in DSR. 

ADR also requires the active participation of the practitioners, which is also common for 

DSR, but not necessary. ADR can manage with a single strategy, while DSR can use several 

strategies, for example different strategies for the requirements definition and development 

and a separate one for the evaluation. (Johannesson & Perjons 2014)  

The research method chosen for this research is ADR since the setting where the artefact is 

created is a real-world organizational setting. The research will develop innovative solution 

with theoretical underpinnings as in original DSR, but the research will also engage with 

organizational stakeholders for iterative development and refinement as in ADR. This ADR 

will be done with a single strategy. The BIE process, which is an IT dominant in this ADR, 

is presented more in detail in figure 8. During IT dominant BIE both the problem and the 

artefact are evaluated constantly, and design principles are chosen for the BIE process. The 

researcher is responsible in setting the design principles, whereas the practitioners, who may 

have first-hand experience of the projected use of the artefact help the researcher to design 

it. Alpha versions are continuously instantiated and tested through organizational 

intervention, which builds organizational commitment and guide the design of the artefact. 
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ADR team suggests more mature artefact (beta version) into a wider organizational setting. 

(Sein et al. 2011, p. 41-42) 

 

Figure 8: IT Dominant BIE, adopted from Sein et al. (2011, p. 41) 
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5  Artefact development and evaluation 

This chapter includes the empirical part of the work, which is carried out by producing a 

Proof of Concept (PoC) solution for the team responsible of the specific scope customer 

enquiries in UPM Pulp. The development process is documented as accurately as possible. 

First, the research problem is formulated and the background for producing the PoC is 

introduced. Secondly, the resources used in the PoC are discussed. Thirdly, the data used as 

a knowledge base for the PoC is presented. The design, as well as the overall architecture of 

the assistant is introduced. Prompt engineering practices are presented and utilized in the 

PoC context. Eventually, this chapter introduces the twofold evaluation process the PoC.  

5.1  Proof of Concept assistant 

The research topic was an outcome of a meeting with a Vice President and a Director in the 

UPM Pulp Supply Chain Tools & Processes. An extensive supplier assessment questionnaire 

from a customer initialized the research topic. The supplier questionnaire, which was an 

excel-file, contained multiple sheets representing different areas of the supplier’s operations. 

Each sheet contained multiple questions and the questionnaire had to be rotated in multiple 

teams within the organization in order to meet its high requirements of the role-specific 

information. The organization was not satisfied about the lead time the questionnaire.  

Since the transparency in supply chain’s is becoming more and more desirable, the amount 

of complex customer enquiries/supplier assessments is expected to increase. The case 

company and the researcher recognized a possible process development use-case from this 

example. The case company was eager to test an approach to be able to streamline the 

handling process of the enquiries in the future with a chatbot. A thesis work was found 

suitable for this use case, and the problem was formulated. 

The goal of this research is to find out if a Gen AI model built with Azure is capable of 

provide accurate answers to the customer enquiries. The research method chosen for this 

research is ADR, which fits neatly into a study happening in a real-world organizational 

setting. In ADR, after problem formulation the BIE process starts. For a successful BIE 

process, it is vital for the researcher to set the design principles, which are followed and 
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revised in the iterative process. Design principles of this research are presented in table 4 

below. 

Table 4: Design principles for the UPM Pulp Enquiry Bot 

Design Principle Description 

High precision and transparent 

responses 

The PoC assistant must provide as accurate and precise 

responses possible. If it cannot provide a response to the 

user query, it will state it clearly. The bot must provide 

the source file(s) in each response. 

Data security and compliance The PoC assistant should be built to maintain 

appropriate data security and compliance. 

Maintain a comprehensive and 

up-to-date knowledge base 

The PoC assistant’s “knowledge base” should be 

updatable since the source data can change on a yearly 

basis. 

 

The design principles were set after formulating a comprehensive theoretical knowledge in 

the literature review. Each iteration ended with an assessment of the PoC and its design 

principles. Design principles were kept the same throughout the whole ADR. 

5.1.1  Resources 

The build of the PoC started with mapping the available resources of the case company to 

figure out which available service or system would be ideal for this use case. After analysing 

the available resources in the organization and discussing with specialists of the field, Azure 

Cloud Services and Azure OpenAI Service were selected. As stated in the literature review, 

it is important that the Gen AI tools align with existing workflows and technological 

infrastructure, the selection of Azure and OpenAI services was a relatively straightforward 

process, since they have been used in previous projects made in the case company. The 

mentioned services and tools were also proven to align with the data security & privacy 

needs of the case company, supporting the second design principle. 

Storing, processing, and managing the data assets utilized in the project was efficient with 

wide range of cloud services that Azure provides. The development and employment of all 
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Azure cloud services was done in Azure Portal online, and they were accessed and utilized 

programmatically via the respective Azure SDK’s, allowing for seamless integration into the 

PoC’s architecture.  

Azure Blob Storage was used to store the data securely. All the containers used to store the 

data were private, which means that only the researcher had the access. When the data was 

stored in Blob Containers, utilization of Azure Search Service was relatively efficient since 

the data could then be imported straightforward to build the indices in there. Data was 

indexed, imported and vectorized utilizing the built-in vectorizer in Azure Search Service. 

Indexing procedure happened each time there was changes to the data sources. 

Text-embedding-ada-002, the embedding model, was also utilized in the project. The model 

takes a piece of text, for example the user query, as an input. Then the text is processed by 

the model, which uses a DL technique to analyse the text and understand its context and 

meaning. The output is a vector, where each dimension of the vector represents a feature of 

the input text. The entire vector thus represents the text in a multi-dimensional space. 

5.1.2  Data 

The most important building block for the data infrastructure of this project was GPT-4 

provided by Azure OpenAI REST API Access, that enabled the service endpoints to access 

the deployed resources and services in Azure Portal. GPT-4 enhances the generation of 

human-like responses that are informed by the collected internal data resources for this 

project. The logic behind this functionality is further explained in section 5.1.4. The gpt-4 

model utilized in the model through Azure OpenAI is stateless, which means that no prompts 

or generations are stored in the model and the prompts or generations are not used to train, 

retrain of improve the base models. (Microsoft 2024)  

The enquiries that the case company receives were analyzed in a prior project, and due to 

the scope of the thesis, it is not relevant to analyze them further in this research. Table 5 

illustrates the two separate data sources used in as a knowledge base for the PoC assistant.  
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Table 5: Data sources of the PoC knowledge base 

Data source Description Format Language Accessibility 

1. UPM Pulp 

Certificates 

UPM shares a wide amount of 

information to help its 

customers and other 

stakeholders to conduct their 

due diligence. Keeping these 

files as open access enables 

transparent information sharing 

to validate the performance of 

the operations, as well as 

promises and commitments. 

Links to these certificates are 

often included in the responses 

of the customer enquiries. 

.json English Public, 

certificates 

available at 

Certificate 

Finder at 

upmpulp.com 

2. UPM Pulp 

Annual 

sustainability 

master data 

sheet 

Master data sheet contains 

information from mill and 

product details for all UPM 

mills. The master data sheet 

also contains information about 

wood sourcing and chain-of-

custody including wood 

sourcing statements. It contains 

data about emissions to air and 

water, and sampling methods 

used at each mill. Carbon 

footprints, management system 

information, product safety, 

social responsibility and data 

related to chemical usage, 

wood consumption and energy 

data can be also found from the 

master data sheet. 

.md English Confidential 

 

To be able to index and vectorize the files efficiently, the researcher had to clean and 

transform the files from both data sources. The first data source .pdf files were downloaded 

from the UPM Pulp website certificate finder with a written python script. The python script 

downloaded the files into a folder. The second data source was in .xlsx format by origin. The 

data transformation process is further explained in the design process section. 

Having certificates as a data source brought complexity in the data maintenance process. 

The nature of the certificates is to have a validity period, depending on the certificate. This 
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makes the PoC assistant expire if the data is not uploaded or replaced and indexed. This 

challenge had a major impact in deciding the design principles.  

5.1.3  Design process 

ADR allowed the researcher (thesis worker) to involve both specialists and end-users in the 

development process. The researcher was responsible of setting the design principles 

illustrated in table 4. After deciding the relevant data sources for the PoC, the researcher 

started to get familiar with the Azure Cloud Technologies with the available documentation. 

During that time the researcher and the specialists were testing the functionalities of the 

Azure AI Studio, which served the ADR as a “playground”. After learning the functionalities 

of Azure AI Studio, the researcher decided to move the developing of the PoC to Visual 

Studio Code, mostly because Azure AI Studio did not serve the researchers’ purposes and 

the planned functionalities for the PoC. 

 

 

Figure 9: BIE process in this ADR, adopted from Sein et al. (2011, p. 41) 

 

In the alpha version of the PoC the researcher tried to minimize the manual processing of 

data, and all the source data was indexed and vectorized to a single index. Each sheet from 

the second data source (Annual Sustainability Master Data Sheet excel-file) was transformed 

to JavaScript Object Notation (.json) format to index it more efficiently. The gpt-4-32k 

model with a token limit of 32 768 tokens (both input and output) was deployed in Azure 
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Portal. When all the needed services were set, and the data was transformed, the researcher 

built the alpha version with the help of specialists. The building process of the alpha version 

was relatively quick since the researcher had familiarized with the Azure Software 

Development Kit (SDK) functions and their logic before. After reviewing and testing the 

alpha version the ADR team founded that the first design principle was not on a satisfying 

level, since the alpha version did not produce responses that would’ve met the requirements. 

The alpha model produced redundant answers, since the similar information could’ve been 

in multiple files, and the model did not recognize the correct option.  

After investigating the reason for the low-quality and redundant answers that the PoC was 

producing, it was clear for the researcher, that the data needed further manual processing. 

To avoid the redundancy, the researcher worked with the specialists to remove the redundant 

data from the files with ChatGPT. A good prompting enabled extracting only the 

relevant/important information such as numbers, information in tables, certificates etc. To 

index this information the researcher, together with the specialists, stored the data to a single 

.json file with 3 fields, ID #, file_name and content. The content field contained all the 

information extracted from the files, excluding all the redundant and not important data, 

which made the chunking of the data more efficient. The file_name contained the name of 

the pdf file, for example “Animal-free Statement – UPM Pulp.pdf”, which was an important 

step considering the design principles to always state the source of the information to the 

user. 

The second data source tables contained various numerical data points and transforming the 

xlsx. file to a .json file with a simple python script left the .json inefficient regarding the 

chunking and token use, since there was an enormous amount of unnamed or null cells 

between the desired data points to be embedded by the model. The .json files did not have 

any fields, which was also proven to be an inefficient approach in this use case.  

To address this challenge, the second data source was transformed from xlsx. format to .md 

format with ChatGPT, separating every single table and their legends into separate .md files 

with their respective labels. This enabled the PoC to fetch the most relevant chunks with 

accurate data, making the token usage more efficient. Example of this challenge can be found 

from table 6. The X-characters in the table represent numbers from the confidential source 

file, which were checked to be correct. 
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Table 6: Comparative analysis of inefficiencies: Alpha version vs. Beta version 

Alpha version Beta version 

USER INPUT: “Can you provide your 

water usage and water discharge data for 

the Pietarsaari Mill?” 

USER INPUT: “Can you provide your 

water usage and water discharge data for 

the Pietarsaari Mill?” 

SYSTEM OUTPUT: The total water 

consumption at UPM Pietarsaari mill in 

2022 was not explicitly stated in the 

available documents. However, it is 

mentioned that the water consumption and 

water emissions of the pulp and paper mill 

represented the best available technology. 

As for water discharge, there was an 

incident in December where the monthly 

limit for solids was reported exceeded due 

to a fault in the secondary separator. 

However, there was no environmental 

impact and the escaped solids remained in 

the backfill pond. 

Please note that this information is based 

on the available documents and for the 

most accurate and up-to-date information, I 

would recommend contacting UPM 

directly or referring to their latest 

environmental reports. 

Source: [UPM Pietarsaari Mill 

Environmental Report 2022] 

 

SYSTEM OUTPUT: The water usage and 

discharge data for the UPM Pietarsaari 

Mill is as follows: 

 

- Surface water: X kg/ADt 

- Municipal water: X kg/ADt 

- Total raw water: X kg/ADt 

- Cooling water: X m³/ADt 

- Process wastewater: X m³/ADt 

- Total water outflow: X kg/ADt 

 

In terms of emissions associated with 

water usage, the data is as follows: 

 

- Total Suspended Solids (TSS): X kg/ADt 

- Total COD: X kg/ADt 

- Total TOC: X kg/ADt 

- Total BOD5: X kg/ADt 

- Total BOD7: X kg/ADt 

- Total AOX: X kg/ADt 

- Total Phosphorus (P): X kg/ADt 

- Total Nitrogen (N): X kg/ADt 

 

Please note that these figures are averages 

and can vary. The data is sourced from the 

document titled "Water Volumes and 

Emissions.md". 

 

After transforming the data, the system message of the alpha model was re-evaluated, and 

improved with a specialist. The prompt engineering as a concept and a part of this PoC is 

addressed in section 5.2. The design principles were re-evaluated, and the BIE process was 

completed. 
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5.1.4  Architecture 

The architecture of the PoC can be seen from figure 10. With RAG the researcher aimed to 

fill the precision requirements of the PoC. To avoid the known challenges of RAG, such as 

bad retrieval or generation, the researcher wanted to keep the knowledge base as accurate as 

possible.  

 

Figure 10: Architecture of the UPM Pulp Enquiry Bot 

The function logic of the PoC can be divided into four different phases: 

1. Document collection and vector embedding 

In this part of RAG, the relevant documents are collected. These documents are then 

converted into vector embeddings, which are then indexed. Two indices are depicted, Index 

1 and Index 2, each containing vector representations of the document content. 

2. Query processing and embedding 

Looking to the right of the figure 10, the user submits the query (enquiry) to the system. The 

query is transformed to a vector embedding that captures the semantic content of the 

question. 

3. Context retrieval 

The question embedding created is used to search the indexed vector embeddings. The 

system identifies the most similar chunks of information from the document embeddings, 

which serve as the context for the query. The retrieved chunks that are most similar to the 
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query embedding are extracted and combined with the original query (enquiry) to form a 

complete context.  

4. Answer creation 

In answer creation phase, the system uses the combined context and query (enquiry) to 

generate a response, leveraging the relevant information extracted during the retrieval 

process. Then as the final step the generated answer is provided to the user. 

5.1.5  Example customer enquiries 

This section of the research demonstrates some of the example enquiries, that were also used 

in the evaluation phase of the PoC. The example enquiries presented in table 7 are based on 

public data sources. 

Table 7: Example enquiries and responses  

Enquiry PoC assistant response 

Do you use 

animal 

products in the 

manufacturing 

process of 

your pulp? Is 

your pulp 

halal, kosher, 

and vegan? 

UPM Pulp does not use any animal-derived products in the production of 

its pulp. This is confirmed in the company's Animal-free Statement, 

which also states that the pulp is Halal, Kosher, and Vegan. This applies 

to all UPM pulp mills, including UPM Fray Bentos, UPM Kaukas, UPM 

Kymi, UPM Pietarsaari, and UPM Paso de los Toros. 

For more details, you can refer to the "Animal-free Statement - UPM 

Pulp.pdf" document 

Do you use 

GMOs in your 

plantations 

and forests? 

UPM-Kymmene Corporation does not use genetically modified 

organisms (GMOs) in its plantations and forests. This is clearly stated in 

our GMO Statement, which applies to all our pulp mills, including those 

in Finland and Uruguay. You can find more information in the official 

document titled "gmo-statement---upm-pulp.pdf" available on the UPM 

website. 

Does UPM 

Pulp products 

contain 

lignin? 

UPM Pulp products are lignin-free. This applies to all pulp products 

produced in all UPM pulp mills, including UPM Kaukas, UPM Kymi, 

UPM Pietarsaari in Finland, and UPM Fray Bentos and UPM Paso de 

Los Toros in Uruguay. You can find more information in the official 

document titled "lignin-free-statement---upm-pulp.pdf" available on the 

UPM website. 
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Does UPM 

use PFA's in 

pulp 

production? 

UPM does not use per- and poly-fluoroalkyl substances (PFAs) in pulp 

production. This is clearly stated in the PFAs Statement provided by 

UPM. You can find more information in the official document titled 

"pfas-statement---upm-pulp.pdf" available on the UPM website.   

Howdy! Can 

you tell me a 

joke? 

I'm sorry, but as an internal assistant for UPM-Kymmene Corporation, 

I'm here to provide information related to UPM and its operations. I'm 

not programmed to tell jokes. 

How much 

pulp is 

consumed in 

Europe per 

year? 

 

I'm sorry, but I can't provide the information you're looking for. As an 

internal assistant for UPM-Kymmene Corporation, I can only provide 

information related to UPM and its operations. 

 

5.2  Prompt engineering 

Prompt engineering is an emerging discipline that is used to develop and optimize prompts 

to effectively utilize LLM’s, particularly in NLP tasks. Academic research on prompt 

engineering is still scarce, along with other emerging concepts in this research. System 

prompts can be designed to provide clear and structured instructions that guide the LLM in 

generating the desired output. The design principles of this ADR were considered in 

designing the system message. The prompt of the PoC was designed adopting principles 

from Giray (2023), Meskó (2023), the blogpost written by Ethan Mollick (2023) and 

OpenAI’s Prompt Engineering Guide (2024). 

The key principles are illustrated in the legend in the figure 11, and the principles are 

numbered in the system message. The prompt defines the AI’s role as an internal assistant 

for UPM Pulp, with a goal to provide expert and timely responses on specified topics. The 

specific instructions are detailed on how to respond to enquiries and being clear when 

information is not available. The assistant is prompted to maintain professionalism and 

always provide accurate information. Context and constraints are set in the prompt by 

providing context about the UPM Pulp mills and constraints, such as not answering to 

unrelated questions. The assistant is told to always provide the source of the citation and 

provide specific file names. The human-like interaction is emphasized, maintaining a 
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friendly and professional tone in responses. The example interactions, that were confidential 

in the prompt, are also introduced to the model.  

 

Figure 11: Prompt engineering of the PoC system message 

 

 



54 

 

 

5.3  Evaluation 

During the BIE process the selection of an evaluation approach was found challenging. RAG 

model combines two different types of models: the retrieval model and the generation model 

and in the case of the PoC, the retrieval model was Azure Search Service, and the generation 

model was GPT-4. The multiple stages, happening in a “black box” made it difficult to 

interpret how specific inputs lead to specific outputs. RAG models dynamically fetch and 

utilize knowledge based on the input query. This means that the generated output depends 

heavily on the context provided by the retrieved documents, which can vary widely. The 

context is hard to analyze and read manually in each response, which was also one reason 

that the design principle “High precision and transparent answers” was chosen. When the 

source file is linked to the answer, it ensures the traceability of the information. 

To evaluate the model’s performance and ensure that its function logic is reliable, the 

researcher decided to evaluate the model in two ways. The researcher collected 12 example 

customer enquiries. The 12 example enquiries were chosen to satisfy the need of utilizing 

both data sources and covering the majority of the scope. As it is illustrated in figure 9, the 

BIE process involved the end-users, and one subject matter expert evaluated the quality of 

the PoC assistant’s outputs. Combining these two evaluation methods the researcher aimed 

to conduct a consistent evaluation minimizing variability, that could rise from different test 

enquiries. The twofold evaluation leveraged the strengths from each to gain a thorough 

understanding of the system’s capabilities and areas for improvement. 

The PoC was accessed locally in the terminal since creating a well-functioning user interface 

would have extended the scope of the research. The model parameters were set to produce 

as deterministic answers possible and the temperature, which controls the randomness, was 

set to 0, enabling the model to produce deterministic, accurate and conservative responses 

by focusing on high-probability outcomes. The token limit set for both input and output was 

decided mutually with the specialists in the field and agreed to be 6000 tokens. The model 

was set to select 10 most relevant document chunks (top-k = 10). 
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5.3.1  Subject matter expert evaluation 

The subject matter expert evaluation was conducted by a Manager of Sustainability 

Marketing. The expert is part of the team handling enquiries related to supplier 

qualifications, sustainability, and other technical enquiries that customers send to the case 

company. The researcher carried out the data collection from the PoC assistant locally on 

the computer terminal and subsequently forwarded the responses generated by the PoC 

assistant to the subject matter expert for evaluation. The subject matter expert evaluated the 

responses of the PoC qualitatively. The results of subject matter expert evaluation can be 

seen from figure 12. 

If the response was evaluated to be “correct”, the answer was satisfying the subject matter 

expert in a way that he would not have had any additions or corrections to the response. If 

the response was evaluated as “Partially correct”, the subject matter expert would have added 

or corrected the response according to his own subject matter expertise. If the response was 

evaluated as “Incorrect” the subject matter expert would have had to write the response to 

the enquiry from scratch. The PoC assistant produced a correct response to 8 out of the 12 

enquiries, partially correct response to 3 out of the 12 enquiries, and incorrect response to 

one enquiry.  

The subject matter expert provided qualitative feedback on the accuracy, completeness, and 

contextual appropriateness of the responses. With this evaluation method the researcher 

received high level of detail and domain-specific insights that are crucial for understanding 

how well the RAG performs in real-world application. 
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Figure 12: Subject matter expert evaluation 

5.3.2  Machine self-evaluation 

The machine evaluation of the PoC outputs was suggested by a specialist in the case 

company. The specialist had used the same framework in conducting a similar self-

evaluation of RAG in a previous project, which had similar, deterministic output accuracy 

requirements. The framework was adopted from a deeplearning.ai course Building systems 

with the ChatGPT API, hosted by Li and Fulford (2023). The framework focused specifically 

on evaluating the reliability and compliance with instructions of the model’s responses, 

thereby justifying its selection. The framework function logic was that it took the customer 

enquiry, the context, and the answer as context to an evaluation model. The evaluation model 

was prompted to evaluate and compare the factual content of the response with the context 

it was derived from. This way the PoC assistant could be evaluated efficiently and 

objectively, making sure that it does not hallucinate in producing the outputs to the customer 

enquiries.  The prompt of the model can be found from appendix 1. The machine evaluation 

had four dimensions in the analysis:  

1. Is the assistant response based only on the context provided? (Y/N) 

67%

25%

8%

Subject matter expert evaluation

Correct Partially correct Incorrect
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The assistant must rely strictly on the information given within the context and should not 

introduce any external or unrelated data. Ideal outcome is that 100 % of the responses should 

be based only on the context provided. 

2. Does the answer include information that is not provided in the context? (Y/N) 

The assistant should not hallucinate any information. It ensures the responses are based on 

the given context. Ideal outcome is to have 0 % hallucination. 

3. Is there any disagreement between the response and the context? (Y/N) 

The responses of the assistant should be consistent with the context provided, without errors 

that deviate from the provided information. Ideal outcome is to have 0 % disagreement. 

4. For each question that the user asked, is there a corresponding answer to it? (Y/N) 

The assistant should effectively address every question posed by the user, ensuring 

completeness and relevance in its responses. Ideal outcome is 100 % of the questions asked 

should be answered. Figure 13 shows the results of the conducted on the PoC assistant.  

 

Figure 13: Self-evaluation of the PoC assistant 
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PoC self-evaluation

Is the Assistant's response based only on the context provided?

Does the answer include information that is not provided in the context?

Is there any disagreement between the response and the context?

For each question that the user asked, is there a corresponding answer to it?



58 

 

 

6  Discussion 

In the sixth chapter of the research, the findings from previous chapters are critically 

analysed and interpreted in relation to the research objectives and existing literature. The 

discussion focuses on the evaluation of the PoC assistant, highlighting its strengths and 

weaknesses based on the results from both subject matter expert evaluations and model self-

evaluations. Key design principles are assessed for their effectiveness in the PoC. The 

chapter explores the practical implications of the findings, discussing how the PoC can 

impact the organisational processes to improve efficiency in handling customer enquiries in 

the case company. It also proposes a revised process that leverages the PoC’s capabilities, 

outlining the steps required for successful adoption and highlighting the value it could bring 

within a business organization. This chapter acts as the formalization of learning phase in 

the ADR. 

6.1  Performance of the PoC assistant 

The results of the evaluation of the PoC assistant indicate that the researcher successfully 

established and adhered to the design principles. Both the subject matter expert and the 

model self-evaluation results confirm that the design principle “high precision and 

transparent responses” was achieved despite the challenges of redundant answers in the 

alpha version. Transforming the data and extracting the only the relevant information from 

the source data improved the performance of beta version comparing to alpha version 

significantly. The transparency of the responses is evidenced by the inclusion of source file 

names in the PoC assistant’s responses, enabling the user to verify the information from the 

source files. The PoC assistant stated clearly, if it could not provide response, which was a 

desirable functionality.  

Despite the perfect results in the model self-evaluation, the subject matter expert evaluation 

proved that there is still room for improvement. The 92 % of correct/partially correct 

responses indicate, that even though the model functions objectively as it should, it does not 

produce satisfying response every time. For example, the subject matter expert evaluated 

one response to be partially correct instead of correct, because of one word that might lead 
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to customer misunderstanding the response. This indicates that if the PoC were to go into 

production, there would still be a need for subject matter evaluation of each response. Some 

of the responses were evaluated as partially correct due to incompleteness of the response. 

The subject matter expert stated in the evaluation that some of the data source files do not 

contain information regarding enquiries covering broad context. 67 % of the responses were 

correct and only one enquiry (8 %) was rejected. The rejected response was based on the 

context it had retrieved, but the response did not answer to the question how it was supposed 

to, and the response was something that the customer would not expect. In other words, the 

LLM failed to understand the context of the enquiry. 

It was also evident that the design principle “data privacy and compliance” was achieved. 

The data stored in the Azure Blob Storage and Azure Search Service indices were only 

accessible by the researcher. The gpt-4 model utilized in the model through Azure OpenAI 

is stateless, which means that no prompts or generations are stored in the model and the 

prompts or generations are not used to train, retrain, or improve the base models.  Giving the 

reliability to such a large provider as Microsoft is, this statement can be trusted but not tested.  

The design principle “maintain a comprehensive and up-to-date knowledge” base was 

chosen due to its role in the future development of the PoC. The knowledge base of the PoC 

was stored into Azure Blob Storage container, which was only accessible by the researcher. 

The PoC was designed with scalability in mind, allowing for the future addition of new data 

sources and documents to be added into the indices. This flexibility ensures that as the case 

company will obtain or reobtain certifications, licenses or changes its statements, the data 

will be kept up to date. To take the PoC into production in future, the case company will 

need to have minor changes into the process to ensure the seamless data management. The 

indexing could be scheduled to be done as often as every five minutes, which supports the 

design principle. 

One challenge of the PoC assistant was its relatively low speed in producing the response. 

The time to produce a response took 10 to 40 seconds, depending on the complexity and 

nature of the enquiry. Many other chatbots, for example ChatGPT, generate the response on 

real time, simulating a flow of thoughts. The locally accessed PoC did not have this 

functionality, which is why the user received the whole response at once. The PoC did not 

have the memory for coming back to previous questions, since the bot was meant to be used 
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internally. This functionality might be more relevant in external chatbots, which is why it 

was not considered as a desired functionality in the PoC. 

The case company subject matter expert had a limited time to evaluate the responses, which 

led to only two iterations of developing the PoC. After the subject matter evaluation, multiple 

factors were identified to improve the performance of the PoC. The knowledge base of the 

PoC could have been expanded with several data sources that were discovered after the 

subject matter expert evaluation. With these data sources some of the example enquiries 

could have been evaluated as correct, instead of partially correct.  

It is also evident that there could have been improvements to the prompt engineering 

techniques through iterative testing. From the model parameters, the top-k parameter could 

have been optimized to improve the performance of the PoC. The number of tokens used 

could have been optimized better, for example implementing a post processing function to 

the model to optimize the length of the enquiry while preserving key information. 

6.2  Impact on organizational processes 

Handling customer enquiries in the case company requires substantial manual effort and 

coordination across multiple stakeholders. The initial AS IS process, shown in figure 14 

illustrates the current workflow, involving several stages of data collection, verification, and 

response formulation.  
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Figure 14: AS IS Process 

The customer enquiry handling process starts when a customer sends an enquiry to the case 

company. It comes directly from customer to the enquiry team or via sales or via customer 

service (CS). CS evaluates the enquiry whether it is complex or not. Complex enquiries are 

forwarded to the enquiry team. After receiving the customer enquiry, the enquiry team 

evaluates whether they are capable of responding to the enquiry. If the enquiry is partially 

feasible, the enquiry team completes the feasible parts of the enquiry and sends the enquiry 

with details to a specified expert or a group of experts. If the enquiry is not complex, the 

enquiry team completes the enquiry and sends it back to the sales manager, CS member or 

directly back to the customer. Enquiries that are not complex are often enquiries where either 

the enquiry team or CS can respond quickly, such as providing links to certificates, 

certificate numbers, product safety or other enquiries, which can be processed easily. The 

processing time of simple enquiry is often less than a day, but the processing time can vary 

depending on the enquiry and the data/information available.  

As said, complex customer enquiries are handled jointly with CS, the enquiry team, and 

experts, depending on the complexity. Complex customer enquiries can be specific and niche 

enquiries from regarding products or characteristics to large annual enquiries, which have 

recently increased. Larger annual enquiries may include several sections considering for 
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example management systems, product safety, environmental impact, quality systems, 

supplier management, health, safety and legal, ethics and regulations. These broader, annual 

enquiries are time consuming and may require several experts to complete. 

The proposed TO BE process, shown in figure 15 highlights the anticipated improvements 

with the integration of the PoC assistant. The proposal of the research is to grant access of 

the enquiry bot to the enquiry team. In the TO BE process, the enquiry cases would still be 

entered to the CRM system, and utilizing the enquiry bot would follow after that. The 

enquiry team, depending on availability of resources, would evaluate the precision of the 

response and forward it to the customer. If the answer to the enquiry would not fill the 

requirements or it cannot provide the answer, the enquiry team personnel, with the help of 

experts if needed, would complete the enquiry, and send it back to the customer. This 

improvement in the process would allow the customer enquiry team to devote more time and 

reduce the lead time of more complex and broader customer enquiries or supplier 

assessments. Since the enquiries are mostly handled with email, an additive task to the 

process can be easily implemented. 

The proposed customer enquiry handling process illustrated in figure 15 includes a new 

activity “Expand knowledge base”. By implementing this, the case company would improve 

its knowledge management practices and build a solid foundation for the future development 

of the AI applications. Developing and increasing the model’s explicit knowledge base, the 

organization is able to ensure that the valuable information produced by the enquiry team 

and experts can be classified, organized, and retrieved more efficiently in the future.  
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Figure 15: TO BE Process proposal 

The proposed TO BE process in figure 15 has more activities than the AS IS process 

presented in figure 14. This does not directly increase the lead time for customer enquiries, 

in fact it should be quite the opposite. The introduction of the PoC assistant is anticipated to 

streamline the process, allowing the enquiry team to handle more complex and broader 

customer enquiries or supplier assessments more effectively. By automating routine tasks 

and providing initial responses to complex enquiries, the enquiry team can focus on higher-

value activities, potentially reducing the average lead time for customer enquiries. Although 

it is challenging to precisely measure the impact of the PoC on business process performance 

at this stage, it is assumed that with the help of the enquiry bot, the overall lead time of 

customer enquiries would be decreased, possibly leading to improved efficiency and 

customer satisfaction. 
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6.3  Generative AI as a value driver 

Gen AI can be effectively conceptualized within the frameworks of value creation presented 

by Melville et al. (2004) and Grover et al. (2018) presented in the literature review. These 

frameworks offer comprehensive insights into how technological resources, human capital 

and business environmental factors interact to generate value.  

Melville et al. (2004) propose an integrative model, emphasizing the role of IT resources 

and complementary organization resources in business process performance and 

organizational performance. Gen AI systems, such as LLMs, RAG, ML and DL technologies 

fall under Technological IT resources (TIR) in an organization. These systems can enhance 

the processing and analyzing vast amounts of data, leading to improved decision-making 

processes and operational efficiency. As Melville et al. (2004) emphasized, if the technology 

implemented requires significant changes to the workflows or processes, its adoption might 

face resistance. The specialists involved in this research leveraged their deep understanding 

of AI and Gen AI practices to ensure seamless integration of the PoC with the existing IT 

infrastructure. If the PoC is taken into production in future, the existing workflows would 

change. This would require effective change management strategies, including extensive 

employee training and continuous engagement with stakeholders to facilitate the smooth 

adoption, as outlined by Gupta et al. (2024). 

The human capital and technological expertise also played a pivotal role in the development 

of the PoC. The build required both technical expertise for developing, integrating, and 

maintaining Gen AI systems and managerial knowledge for conducting the project from start 

to finish. This dual aspect of human capital, as highlighted by Melville et al. (2004) was 

essential for driving the project forward and ensuring its success. 

Melville et al. (2004) emphasized the complementary organizational resources, such as 

culture, policies, and diverse workforce. Grover et al. (2018) examined similar factors but 

labeled them as moderating factors to capitalize the conversion of BDA investments to value. 

These were strategy, leadership, managerial knowledge, trust, technological and industry 

context, governance support, competitive dynamics, and data-driven culture. This research 

found that the complementary resources presented by Melville et al. (2004) and some of the 

moderating factors underlined by Grover et al (2018) were a clear advantage in the case 

company, as the culture of change and innovation is at the heart of its business practices. As 
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Russo (2024) emphasized, the level of personal innovativeness and the ability to experiment 

can also impact the adoption of Gen AI tools. For example, the case company employees 

involved in the ADR process were from five different countries around the world, 

highlighting the diversity. Having diverse perspectives was an asset in this ADR. It is also 

notable that the attitude towards AI in the case company is positive, as the case company has 

organized AI workshops, information exchange forums and other gatherings to raise 

awareness of the topic in the period of conducting this thesis, which also support the data-

driven culture. 

Based on the literature review one of the key principles of Gen AI adoption and deployment 

is that they align with the existing workflows. The alignment with existing workflows and 

technical infrastructures was critical to the success of the PoC.  The strategic choice of Azure 

Cloud Services and Azure OpenAI service facilitated this alignment, minimizing 

compatibility issues and enhancing the performance of the PoC. The tools were crucial in 

the storing and indexing process, ensuring efficient data flow and real-time processing. This 

interoperability was crucial for the accuracy and responsiveness of the PoC, as it enabled the 

seamless retrieval and processing on information. 

It is evident that external pressure, competition, regulations, and ethical considerations are 

factors that have to be considered when adopting Gen AI applications. Data and privacy will 

remain in the center of challenges in adopting Gen AI applications, especially in service 

operations. Companies will have to establish policies to govern employees using Gen AI 

tools and technologies in their work. The trust paradox, proposed by Kreps et al. (2023), 

must also be addressed to ensure successful implementation. Navigating these complexities 

requires robust data governance frameworks and transparent AI practices to build and 

maintain trust. By addressing these challenges, organizations can seek the full potential of 

Gen AI to drive innovation, enhance customer satisfaction, and achieve sustainable 

competitive advantage. 

IT strategy was described by Johanning (2022) as the backbone for any development and 

deployment of IT capabilities. According to a McKinsey (2023a) report, over 40 percent of 

the corporations in the survey will invest more in AI overall due to advances of Gen AI. 

Klarna (2024) example highlights the significant value that Gen AI tools can deliver, with 

40 million USD annual savings. Findings from McKinsey (2023a) report emphasize the 

credibility of Gen AI, although according to Lucas et al. (2013) and Lin et al. (2007), having 



66 

 

 

a high IT capability surpasses IT investments in value creation process. This research has 

shown that this statement makes sense.  
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7  Conclusions 

7.1  Answers to research questions 

This purpose of this research was to produce a PoC assistant to streamline the internal 

process of handling customer enquiries in the case company, UPM Pulp. The research 

explored and built a solid understanding of current key capabilities and methodologies 

involved in integrating and creating value with Gen AI applications in an organizational 

setting. The research objectives were achieved, and the PoC assistant produced performed 

as desired. This chapter summarizes the main findings of the thesis and answers to the 

research questions and examines areas of development in future. The first research question 

was: 

What are the key capabilities required in developing and deploying Generative AI 

applications in an organizational context? 

The successful development of the PoC assistant in this research was a result of the 

synergistic interaction between human factors and the technological infrastructure within the 

case company. As stated in the research, the nature of the PoC was to experiment. This 

experiment would have not been possible without the already well refined understanding of 

AI and Gen AI practices in the case company. The research showed that developing and 

deploying Gen AI applications requires a robust and flexible IT infrastructure, including 

computing resources, scalable storage solutions and secure data management systems. The 

research also found that the ability to integrate Gen AI technologies with existing workflows 

and systems is crucial for minimizing resistance and ensuring a smooth adaptation process. 

Besides technical infrastructure, the human capital is equally critical component in the 

successful development and deployment of Gen AI applications. Organizations need to have 

personnel with high technical and managerial skills to develop, implement and maintain Gen 

AI systems. The technical skills alone do not guarantee the success, organizations must have 

to build the trust in AI technologies with extensive trainings and continuous engagement 

with stakeholders. The innovativeness and diversity of workforce may have positive impacts 

for the successful deployment and development of Gen AI applications. 
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The external environment, including competition and regulations influence the adoption of 

Gen AI. Organizations must navigate these factors effectively, aligning their initiatives with 

broader business and industry trends. Continuous monitoring and proactive adaptation to 

changes in the external environment are important in sustaining the competitive advantage 

provided by Gen AI technologies.  

In conclusion, the key capabilities required for developing and deploying Gen AI 

applications successfully in an organizational context based on this research are a robust 

technological infrastructure, capable and innovative workforce, and an organizational 

culture to support the workforce, strategic alignment towards experimenting with Gen AI 

and effective navigation of the external environment. By integrating these key capabilities, 

organizations can harness the full potential of Gen AI to drive business value and operational 

efficiency. The second research question was: 

How capable is the PoC assistant in addressing the various sustainability customer 

enquiries based on the available explicit knowledge in the case company?  

The PoC assistant, built with RAG technique, was tested with twofold approach. Although 

the researcher faced challenges in the process, evaluation was conducted successfully 

maintaining good quality practices. RAG model contains several inputs and outputs that are 

hard to evaluate or analyze manually without subject matter expertise. The researcher 

selected a machine evaluation framework to evaluate the reliability and compliance with 

instructions of the model’s responses. This enabled to analyze the results of the test enquiries 

objectively before conducting the subject matter expert evaluation. The theoretically perfect 

results of the machine evaluation supported and confirmed that the PoC’s design principle 

high precision and transparent responses was met, since it produced only responses based 

on the context and there was a corresponding answer to each question. 

The subject matter evaluation proved that there is still room for improvement in the PoC 

assistant. Only one response out of 12 test cases was incorrect, and mainly because of the 

PoC assistant did not fully understand the context of the question. The PoC assistant 

produced good answers based on the subject matter expert evaluation, but some of the 

responses would have required more data sources, or minor fixes to the prompt (system 

message) to be fully satisfying. 
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7.2  Challenges, limitations, and future research 

The challenges or limitations related to the PoC assistant are mostly related to the limited 

amount and quality of data and documentation in the case company. Even though the explicit 

knowledge in the case company was relevant enough to produce a comprehensive and well-

functioning knowledge base for the RAG, some of the responses lacked information from 

single documents. To address this challenge, the researcher proposed an additional activity 

in the proposed process for the future to expand the knowledge base based on the enquiries 

that the bot cannot respond.  

It is also notable that only 12 test cases or example enquiries do not evaluate the PoC’s 

performance thoroughly. This was due to the scarcity of time available to conduct the subject 

matter expert evaluation. The reliability of the machine evaluation could have been improved 

with larger set of enquiries evaluated, but the researcher decided to choose the same set of 

example customer enquiries to ensure consistency and minimize variability. 

During the research it was notable that the academic research on Gen AI adaptation in an 

organizational context is still scarce. This limited the academic research used in conducting 

the literature review. Given the limited existing research on Gen AI, this study offers 

knowledge and highlights in developing a functioning chatbot in an organizational setting. 

The most significant limitation of this research is that the possible realized value cannot be 

measured concretely. The scope of this research was to develop a solution without further 

focusing on evaluating its monetary effect.  

To take the PoC into production in future, the case company would have to build a 

functioning user interface. This would be followed by an iterative evaluation by the subject 

matter experts and expanding the knowledge based on results, to help the enquiry team in 

responding to the growing amount of larger and more complex enquiries. Future research 

should focus on integrating the directly to the CRM system to centralize the activities related 

to the handling process.  

This research was an individual case study focusing on specific department in the case 

organization and the findings cannot be widely applicable to other contexts. Future research 

could focus on examining similar topics in different contexts and companies. 

 



70 

 

 

References 

Adam, M., Wessel, M. & Benlian, A., 2021. AI-based chatbots in customer service and their 

effects on user compliance. Electronic Markets, 31(2), pp.427–445. 

Alam, T., 2020. Cloud Computing and its role in the Information Technology. IAIC 

Transactions on Sustainable Digital Innovation (ITSDI), 1(2), pp.108-115. 

Alavi, M. & Leidner, D.E., 2001. Knowledge management and knowledge management 

systems: Conceptual foundations and research issues. MIS Quarterly, pp.107-136. 

Attaran, M. & Woods, J., 2019. Cloud computing technology: improving small business 

performance using the Internet. Journal of Small Business and Entrepreneurship, 31(6), 

pp.495-519. 

Awad, E.M., 2007. Knowledge management. Pearson Education India. 

Bhatt, G. et al., 2010. Building and leveraging information in dynamic environments: The 

role of IT infrastructure flexibility as an enabler of organizational responsiveness and 

competitive advantage. Information & Management, 47(7), pp.341-349. 

Brynjolfsson, E. et al., 2023. Generative AI at Work. arXiv.org.  

Cao, Y. et al., 2023. A comprehensive survey of AI-generated content (AIGC): A history of 

generative AI from GAN to ChatGPT. arXiv preprint arXiv:2303.04226.  

Castelvecchi, D., 2016. Can we open the black box of AI? Nature, 538(7623), pp.20–23. 

Chandler, A.D., 1962. Strategy and Structure: Chapters in the History of the American 

Industrial Enterprise. Cambridge, MA: MIT Press. 

Collis, D.J. & Montgomery, C.A., 1998. ‘Creating corporate advantage’. Harvard Business 

Review, 76, pp.70–83. 

Dasborough, M.T., 2023. Awe‐inspiring advancements in AI: The impact of ChatGPT on 

the field of organizational behavior. Journal of Organizational Behavior, 44(2), pp.177-179. 

Davenport, T.H. & Prusak, L., 1998. Working Knowledge: How Organizations Manage 

What They Know. Boston: Harvard Business School Press. 



71 

 

 

Eloundou, T., Manning, S., Mishkin, P., & Rock, D. 2023. Gpts are gpts: An early look at 

the labor market impact potential of large language models. arXiv preprint 

arXiv:2303.10130. 

EU AI Act, 2023. EU AI Act: first regulation on artificial intelligence. Available at: 

https://www.europarl.europa.eu/committees/en/eu-ai-act-first-regulation-on-

artificia/product-details/20230214CAN69418. [Accessed 5 April 2024]. 

Fink, L. & Neumann, S., 2009. Exploring the perceived business value of the flexibility 

enabled by information technology infrastructure. Information & Management, 46(2), 

pp.90-99. 

Gao, Y. et al., 2023. Retrieval-augmented generation for large language models: A survey. 

arXiv preprint arXiv:2312.10997.  

George, A.S. & George, A.H., 2023. A review of ChatGPT AI's impact on several business 

sectors. Partners Universal International Innovation Journal, 1(1), pp.9-23. 

Giray, L., 2023. Prompt engineering with ChatGPT: a guide for academic writers. Annals of 

Biomedical Engineering, 51(12), pp.2629-2633. 

Goodfellow, I., Bengio, Y. & Courville, A., 2016. Deep Learning. MIT Press. 

Grover, V. et al., 2018. Creating strategic business value from big data analytics: A research 

framework. Journal of Management Information Systems, 35(2), pp.388-423. 

Gupta, K.D., 2023. A review of generative AI from historical perspectives. Authorea 

Preprints. 

Gupta, R. et al., 2024. Adoption and impacts of generative artificial intelligence: Theoretical 

underpinnings and research agenda. International Journal of Information Management Data 

Insights, 4(1), p.100232. 

Hackett, S., 2016. “The Transformative Impact of the Cloud.” 451 Research. Available at: 

https://cdn.govexec.com/media/451_report.pdf. 

Hendriksen, C., 2023. Artificial intelligence for supply chain management: Disruptive 

innovation or innovative disruption? The Journal of Supply Chain Management, 59(3), 

pp.65-76. 

https://www.europarl.europa.eu/committees/en/eu-ai-act-first-regulation-on-artificia/product-details/20230214CAN69418
https://www.europarl.europa.eu/committees/en/eu-ai-act-first-regulation-on-artificia/product-details/20230214CAN69418


72 

 

 

Hevner, A. & Chatterjee, S., 2010. Design Research in Information Systems: Theory and 

Practice. Cham: Springer Science & Business Media. 

Hevner, A.R. et al., 2004. Design science in information systems research. MIS Quarterly, 

28, pp.75–105. 

Huang, M.H. & Rust, R.T., 2021. A strategic framework for artificial intelligence in 

marketing. Journal of the Academy of Marketing Science, 49, pp.30-50. 

Industrial Internet of Things, Bd. 172. Springer (Intelligent Systems Reference Library), 

pp.389-425. 

Jarrahi, M.H. et al., 2023. Artificial intelligence and knowledge management: A partnership 

between human and AI. Business Horizons, 66(1), pp.87-99. 

Johannesson, P. & Perjons, E., 2014. An Introduction to Design Science. Cham: Springer. 

Johanning, V., 2022. IT Strategy: Making IT Fit for the Digital Transformation. 1st ed. 

Wiesbaden: Springer Vieweg. 

Klarna, 2024. Klarna AI assistant handles two-thirds of customer service chats in its first 

month. Available at: https://www.klarna.com/international/press/klarna-ai-assistant-

handles-two-thirds-of-customer-service-chats-in-its-first-month/. [Accessed 7 May 2024]. 

Korzynski, P. et al., 2023. Generative artificial intelligence as a new context for management 

theories: Analysis of ChatGPT. Central European Management Journal, 31(1), pp.3-13. 

Kreps, S. et al., 2023. Exploring the artificial intelligence “Trust paradox”: Evidence from a 

survey experiment in the United States. PLOS One, 18(7), e0288109. 

LeCun, Y. et al., 2015. Deep learning. Nature, 521(7553), pp.436–444. 

Lee, N., 2008. Doing Business Research: A Guide to Theory and Practice. 

Lin, B.-W., 2007. Information technology capability and value creation: Evidence from the 

US banking industry. Technology in Society, 29(1), pp.93–106. 

Lucas, H. et al., 2013. Impactful research on transformational information technology: An 

opportunity to inform new audiences. MIS Quarterly, 37(2), pp.371-382. 

Mayr, A. et al., 2019. Machine learning in production–potentials, challenges and exemplary 

applications. Procedia CIRP, 86, pp.49-54. 

https://www.klarna.com/international/press/klarna-ai-assistant-handles-two-thirds-of-customer-service-chats-in-its-first-month/
https://www.klarna.com/international/press/klarna-ai-assistant-handles-two-thirds-of-customer-service-chats-in-its-first-month/


73 

 

 

McCharty, J., 2007. What is Artificial Intelligence? Stanford, CA: Stanford University. 

McKinsey, 2023a. The state of AI in 2023: Generative AI’s breakout year. Available at: 

https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai-in-2023-

generative-ais-breakout-year. [Accessed 29 April 2024]. 

McKinsey, 2023b. AI-powered marketing and sales reach new heights with generative AI. 

Available at: https://www.mckinsey.com/capabilities/growth-marketing-and-sales/our-

insights/ai-powered-marketing-and-sales-reach-new-heights-with-generative-ai. [Accessed 

16 May 2024]. 

Mell, P. & Grance, T., 2011. The NIST Definition of Cloud Computing. Available at: 

https://nvlpubs.nist.gov/nistpubs/Legacy/SP/nistspecialpublication800-145.pdf. [Accessed 

8 April 2024]. 

Melville, N. et al., 2004. Review: Information Technology and Organizational Performance: 

An Integrative Model of IT Business Value. MIS Quarterly, 28(2), pp.283-322. 

Microsoft, 2024. Data, privacy, and security for Azure OpenAI Service. Available at: 

https://learn.microsoft.com/en-us/legal/cognitive-services/openai/data-privacy. [Accessed 

30 May 2024]. 

Mitropoulos, S. & Douligeris, C., 2021. Why and how informatics and applied computing 

can still create structural changes and competitive advantage. Applied Computing and 

Informatics, e-ISSN 2210-8327. 

Mollick, E., 2023. Working with AI: Two paths to prompting. Available at: 

https://www.oneusefulthing.org/p/working-with-ai-two-paths-to-prompting [Accessed 29 

May 2024]. 

Mondal, B., 2020. Artificial intelligence: state of the art. In: Balas, V.E., Kumar, R. & 

Srivastava, R. (eds.), Recent Trends and Advances in Artificial Intelligence and Internet of 

Things. Springer, pp.1-25. 

Moustafa, K., Luz, S. & Longo, L., 2017. Assessment of mental workload: A comparison of 

machine learning methods and subjective assessment techniques. In: Longo, L. & Chiara 

Leva, M. (eds.), Human Mental Workload: Models and Applications. Cham: Springer, 

pp.30-50. 

https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai-in-2023-generative-ais-breakout-year
https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai-in-2023-generative-ais-breakout-year
https://www.mckinsey.com/capabilities/growth-marketing-and-sales/our-insights/ai-powered-marketing-and-sales-reach-new-heights-with-generative-ai
https://www.mckinsey.com/capabilities/growth-marketing-and-sales/our-insights/ai-powered-marketing-and-sales-reach-new-heights-with-generative-ai
https://nvlpubs.nist.gov/nistpubs/Legacy/SP/nistspecialpublication800-145.pdf
https://learn.microsoft.com/en-us/legal/cognitive-services/openai/data-privacy
https://www.oneusefulthing.org/p/working-with-ai-two-paths-to-prompting


74 

 

 

Murphy, K.P., 2012. Machine Learning: A Probabilistic Perspective. MIT Press. 

Ng, A. & Fulford, I., 2023. Building Systems with the ChatGPT API. Available at: 

https://learn.deeplearning.ai/courses/chatgpt-building-system/lesson/10/evaluation-part-ii. 

[Accessed 29 May 2024]. 

OpenAI, 2024. Prompt Engineering. Available at: 

https://platform.openai.com/docs/guides/prompt-engineering. [Accessed 29 May 2024]. 

Peffers, K. et al., 2007. A design science research methodology for information systems 

research. Journal of Management Information Systems, 24(3), pp.45-77. 

Roach, S., 1987. America’s Technology Dilemma: A Profile of the Information Economy, 

Special Economic Study, Morgan Stanley, New York. 

Rotman. D. 2023. ChatGPT is about to revolutionize the economy. We need to decide what 

that looks like. [Online source]. Available at: 

https://www.technologyreview.com/2023/03/25/1070275/chatgpt-revolutionize-economy-

decide-what-looks-like/. [Accessed 6 June 2024]. 

Russo, D., 2024. Navigating the complexity of generative AI adoption in software 

engineering. ACM Transactions on Software Engineering and Methodology. 

Schopflin, K. & Walsh, M., 2019. Practical Knowledge and Information Management. 

London: Facet Publishing. 

Sein, M.K. et al., 2011. Action design research. MIS Quarterly, 37-56. 

Somani, A. et al., 2023. Interpretability in Deep Learning. Cham: Springer. 

Srivastava, R., 2023. Why and how informatics and applied computing can still create 

structural changes and competitive advantage. Applied Computing and Informatics, e-ISSN 

2210-8327. 

UPM, 2024a. Company History. Available at: https://www.upm.com/about-us/company-

history/. [Accessed 8 May 2024]. 

UPM, 2024b. Businesses. Available at: https://www.upm.com/businesses/. [Accessed 8 May 

2024]. 

https://learn.deeplearning.ai/courses/chatgpt-building-system/lesson/10/evaluation-part-ii
https://platform.openai.com/docs/guides/prompt-engineering
https://www.upm.com/about-us/company-history/
https://www.upm.com/about-us/company-history/
https://www.upm.com/businesses/


75 

 

 

UPM, 2024c. Pulp Production. Available at: https://www.upmpulp.com/pulp-production/. 

[Accessed 27 May 2024]. 

UPM, 2024d. About UPM Pulp. Available at: https://www.upmpulp.com/about-upm-pulp/. 

[Accessed 27 May 2024]. 

Weber, M. et al., 2023. Organizational capabilities for AI implementation—coping with 

inscrutability and data dependency in AI. Information Systems Frontiers, 25(4), pp.1549-

1569. 

Winston, P.H., 1993. Artificial Intelligence. Addison-Wesley. 

Yeniyurt, S. et al., 2019. Information technology resources, innovativeness, and supply chain 

capabilities as drivers of business performance: A retrospective and future research 

directions. Industrial Marketing Management, 79, pp.46-52. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://www.upmpulp.com/pulp-production/
https://www.upmpulp.com/about-upm-pulp/


 

 

 

 

Appendix 1. Prompt of the machine self-evaluation model 

system_message = """\ 

You are an assistant that evaluates how well the customer service agent \ 

answers a user question by looking at the context that the customer service \ 

agent is using to generate its response.  

""" 

 

    user_message = f"""\ 

You are evaluating a submitted answer to a question based on the context \ 

that the agent uses to answer the question. 

Here is the data: 

    [BEGIN DATA] 

    ************ 

    [Question]: {cust_msg} 

    ************ 

    [Context]: {context} 

    ************ 

    [Submission]: {answer} 

    ************ 

    [END DATA] 

 

Compare the factual content of the submitted answer with the context. \ 

Ignore any differences in style, grammar, or punctuation. 

Answer the following questions: 

    - Is the Assistant response based only on the context provided? (Y or N) 

    - Does the answer include information that is not provided in the context? (Y or N) 

    - Is there any disagreement between the response and the context? (Y or N) 

    - For each question that the user asked, is there a corresponding answer to it? (Y/N)””” 

 


