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ABSTRACT 

Digitalization has led to an increase in data from different data sources. Although 
technology is crucial for a successful digital business, data is also suggested to be a 
vital factor for business success and organizations have been trying to find ways to 
utilize data to create business value. Organizations can create business value by 
utilizing different types of data from different sources. It does not matter which 
industry the organization operates in; what matters is the strategic vision of 
translating data into organizational value.  
Therefore, it comes down to the question of whether an organization has the 

capability to utilize its resources, particularly those associated with the deployment 
of data, to create value and sustain competitive advantage. Just as organizations need 
different types of capabilities to address various aspects, likewise, they also require 
data analytics capabilities (DAC) to deploy data and analytics for creating value. This 
includes changes in business models, ensuring customer satisfaction, boosting 
operational efficiency, enhancing organizational performance and improving service 
effectiveness. However, not all organizations are successful in deploying DAC in 
business. They face many challenges in this regard, including data quality issues, a 
lack of skilled personnel, cultural misalignment and other managerial challenges. 
Reports from reputed management consultancy firms reveal an increase in data-
related resource investments. However, not all these resource investments 
contribute to a profitable return. This scenario demands an alternative perspective 
concerning DAC in business organizations.  
The dissertation aims to provide an enriched understanding concerning the 

enhancement of DAC for value realization in business organizations. Previous 
studies have researched the resource requirements for building DAC and, 
consequently, the impact of DAC on organizations’ business outcomes. These 
studies have primarily focused on what resources are required for building DAC 
rather than how they are utilized in business. The prior literature has not delved 
deeply into other aspects of resources, such as resource quality, resource interplay 
and resource interactions concerning DAC enhancement. There is a lack of 
knowledge concerning the components of DAC, the interaction between these 
components for DAC enhancement, and the value realization resulting from DAC 
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enhancement. Therefore, there is a need for an in-depth understanding of the ways 
in which resources can be combined and applied to enhance DAC in organizations. 
Accordingly, this dissertation seeks to answer the primary research question: How can 
business organizations enhance their DAC for value realization?  
To address this question, an interpretivist philosophical approach was adopted 

and a qualitative study conducted. The investigation is presented as five publications, 
comprising three conference articles and two journal articles. All five articles are 
qualitative studies, comprising a case study and interviews. The case study focused 
on a manufacturing context, while the remainder focused on a wide variety of 
industries, including health care, construction and information technology (IT) 
consultancy services. Interviews were administered with professionals whose daily 
work is closely associated with utilizing data and data analytics in business.  
Information systems (IS) capabilities, existing organizational culture and data-

related resource quality are identified in the dissertation as key components of DAC. 
Furthermore, the interaction of DAC components is categorized as a socio-technical 
phenomenon, where these components interact to create value. Additionally, it is 
demonstrated how these interactions lead to learning at various organizational levels, 
such as individual, group and organizational, which further leads to the enhancement 
of DAC. Finally, the research shows that value is realized through improved business 
performance, the formation of a data-driven culture and the development of digital 
services. These values can also be categorized into different types of value.  
By addressing the research question, this dissertation contributes theoretically to 

IS and DAC literature. It shows how DAC can be enhanced for value realization, 
particularly by identifying the components of DAC, their interactions for DAC 
enhancement and the process of value realization. The findings from this dissertation 
provide guidance for organizations regarding the identification of DAC 
components, their improvement from a holistic perspective and their deployment 
for value realization in business. Organizations can use this dissertation as a 
foundation upon which to enhance their DAC for value realization. Future research 
may utilize other qualitative methods or quantitative methods to examine the 
enhancement of DAC in organizations. Lastly, future studies could target specific 
organizational sizes and industries to provide a comprehensive understanding of this 
topic.  
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TIIVISTELMÄ 

Digitalisaatio on johtanut erilaisista lähteistä saatavan datan lisääntymiseen. Vaikka 
teknologia on keskeinen elementti menestyvässä digitaalisessa liiketoiminnassa, myös 
datan rooli on elintärkeä ja organisaatioiden tulisikin kehittää tapoja datan parempaan 
hyödyntämiseen. Organisaatiot voivat luoda liiketoiminta-arvoa hyödyntämällä eri 
lähteistä saatavaa dataa. Sillä ei ole merkitystä, millä toimialalla organisaatio toimii; 
tärkeää on strateginen näkemys datan muuntamisesta organisaation arvoksi. 
Siksi kyse on siitä, onko organisaatiolla kykyä hyödyntää resurssejaan, erityisesti 

dataan liittyviä resursseja, luodakseen arvoa ja ylläpitääkseen kilpailuetua 
liiketoiminnassa. Samoin kuin organisaatiot tarvitsevat erilaisia kyvykkyyksiä 
erilaisten näkökulmien käsittelyyn, ne tarvitsevat myös data-analytiikan kyvykkyyksiä 
(DAC) hyödyntääkseen dataa ja analytiikkaa liiketoiminta-arvon luomiseksi. Luotu 
arvo voi tarkoittaa esimerkiksi liiketoimintamallien muutoksia, asiakastyytyväisyyden 
varmistamista, operatiivisen tehokkuuden parantamista, organisaation 
kannattavuuden ja suorituskyvyn tehostamista tai palvelun vaikuttavuuden 
parantamista. Kaikki organisaatiot eivät kuitenkaan onnistu hyödyntämään data-
analytiikan kyvykkyyksiä liiketoiminnassaan parhaalla mahdollisella tavalla. 
Organisaatiot kohtaavat monia haasteita datan hyödyntämisessä, mukaan lukien 
datan laatuongelmat, osaavan henkilöstön puute, kulttuurinen epäyhtenäisyys ja 
muut johtamiseen liittyvät haasteet. Organisaatiot tarvitsevatkin tutkittua tietoa siitä, 
miten näitä haasteita voidaan ratkaista hyödyntämällä data-analytiikan kyvykkyyksiä 
(DAC) liiketoiminnassa. 
Tämä väitöskirja pyrkii lisäämään ymmärrystä organisaatioiden DAC:ien roolista 

liiketoiminta-arvon luomisessa. Lukuisat tutkimukset ovat selvittäneet 
resurssivaatimuksia data-analytiikan kyvykkyyksien rakentamisessa ja sen vaikutuksia 
organisaatioiden liiketoimintatuloksiin. Nämä tutkimukset ovat ensisijaisesti 
kuitenkin keskittyneet siihen, mitä resursseja tarvitaan DAC:ien rakentamiseen, 
pikemminkin kuin siihen, miten niitä hyödynnetään liiketoiminnassa. Aiempi 
kirjallisuus ei ole syventynyt sellaisiin näkökohtiin kuten resurssien laatuun, 
resurssien vuorovaikutukseen ja resurssien yhteisvaikutuksiin liittyen DAC:ien 
parantamiseen. Erityisesti DAC:ien komponenteista, näiden komponenttien 
välisestä vuorovaikutuksesta ja arvon realisoitumisesta on puutteellisesti 
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tutkimustietoa olemassa. Siksi tarvitaan kattavaa ymmärrystä siitä, miten resursseja 
voidaan yhdistää ja hyödyntää data-analytiikan kyvykkyyksien parantamiseksi. Tämä 
väitöskirja pyrkii vastaamaan seuraavaan tutkimuskysymykseen: Miten 
liiketoimintaorganisaatiot voivat parantaa data-analytiikan kyvykkyyksiään arvon 
realisoimiseksi? 
Vastatakseen edellä mainittuun tutkimuskysymykseen tämä väitöskirja soveltaa 

tulkitsevaa tutkimusfilosofista lähestymistapaa ja kvalitatiivisia tutkimusmenetelmiä. 
Tutkimus koostuu viidestä julkaisuista, joista kolme on konferenssiartikkelia ja kaksi 
lehtiartikkelia. Kaikki viisi julkaisua ovat kvalitatiivisia tutkimuksia, sisältäen 
tapaustutkimuksen ja haastattelututkimuksia. Tapaustutkimus keskittyi valmistavan 
teollisuuden kontekstiin, kun taas muut neljä keskittyivät useaan eri toimialaan, kuten 
terveydenhuolto, rakentaminen ja IT-konsultointipalvelut. Haastattelut olivat 
ensisijainen tiedonkeruumenetelmä, ja niihin osallistui asiantuntijoita, joiden 
päivittäinen työ liittyy läheisesti datan ja data-analytiikan hyödyntämiseen 
liiketoiminnassa.  
Väitöskirja tunnistaa tietojärjestelmäkyvykkyydet, olemassa olevan 

organisaatiokulttuurin ja dataan liittyvien resurssien laadun DAC:ien keskeisiksi 
komponenteiksi. Lisäksi DAC-komponenttien vuorovaikutus luokitellaan 
sosiotekniseksi ilmiöksi, jossa nämä komponentit toimivat yhdessä arvon luomiseksi. 
Lisäksi väitöskirja osoittaa, kuinka nämä vuorovaikutukset johtavat oppimiseen eri 
organisaatiotasoilla, kuten yksilö-, ryhmä- ja organisaatiotasolla, mikä edelleen edistää 
DAC:ien parantamista. Lopuksi väitöskirja osoittaa, että arvo realisoituu 
parantuneen liiketoimintasuorituskyvyn, dataohjautuneen kulttuurin 
muodostumisen ja digitaalisten palveluiden kehittämisen kautta. Nämä arvot voidaan 
myös luokitella eri arvolajeihin. 
Väitöskirja tuottaa teoreettisen kontribuution tietojärjestelmätiede- (IS) ja DAC-

kirjallisuuteen. Se osoittaa, kuinka data-analytiikan kyvykkyyksiä voidaan parantaa 
arvon realisoimiseksi, erityisesti tunnistamalla DAC-komponentit ja niiden 
vuorovaikutukset arvonluontiprosessissa. Tämän väitöskirjan havainnot tarjoavat 
ohjeita organisaatioille DAC-komponenttien tunnistamiseen, niiden 
kokonaisvaltaiseen parantamiseen ja niiden hyödyntämiseen arvon realisoimiseksi 
liiketoiminnassa. Organisaatiot voivat hyödyntää tämän väitöskirjan tuloksia 
perustana, jonka avulla ne voivat parantaa data-analytiikan kyvykkyyksiään arvon 
realisoimiseksi liiketoiminnassa. Tulevaisuudessa tätä aihetta voitaisiin tutkia 
hyödyntämällä myös kvantitatiivisia menetelmiä ja lisäksi tulevassa tutkimuksessa 
voitaisiin tutkia tarkemmin tietyn kokoisia ja tiettyjä toimialoja edustavia 
organisaatioita.  
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1 INTRODUCTION 

The introduction section provides an overview of the research, including a deep dive 
into the history of different analytics eras, followed by a detailed explanation of the 
objectives and research questions, and, finally, a presentation of the structure of the 
dissertation.    

1.1 Research history of analytics 

Data analytics has become important in contemporary society for business value 
creation. For example, McKinsey reported that applying data analytics could increase 
revenue by two percent for organizations in the retail sector in comparison to those 
that do not leverage it (DeHoratius et al., 2023). This two percent represents a 
significant margin for organizations operating in a competitive industry like retail. 
Similarly, data analytics has become a strategic area of interest for organizations 
(Anwar et al., 2024; Ichimura et al., 2022; Zan et al., 2024).  
Existing literature proposes three stages in the evolution of analytics, 

characterized as the first, second, and third analytics eras (Chen et al., 2012; 
Davenport, 2013). Each of these analytics eras is further characterized by 
technological, managerial, and business approaches, specific to that particular era. 
For example, each represents an evolution in data management, associated 
technologies, and their applications in industry. Analytics 1.0 (1950s-2000) focused 
on traditional business intelligence (BI) and on-premises systems. Analytics 2.0 (early 
2000s – late 2000s) witnessed the increase in web-based data, a rise of widespread 
adoption of Software as a Service (SaaS) applications, and a transition from client-
server to internet-based analytics. Analytics 3.0 (following the late 2000s) was driven 
by real-time analytics, internet-of-things (IoT), big data, in line with the 
developments of Industry 4.0. In this dissertation, the three analytics eras are 
presented by synthesizing information from prior literature to present a coherent 
story.   
The first analytics era spanned from the 1950s to 2000, during which time data 

was utilized for decision-support activities in various industries, including defence 
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and aviation (Power, 2008). The terms that were often associated with utilizing data 
for decision support included decision support systems (DSS), BI and executive 
information systems (EIS). For example, an EIS was primarily utilized by senior 
executives in an organization for decision-making. EIS generated reports based on 
freshly summarized data (Mohan et al., 1990). The early analytical systems also relied 
on different data sources (Watson et al., 2006). However, these systems were 
customized to address unique or single applications. Later, industries in the private 
sector began adopting analytics in their business. For example, IBM offered EIS 
solutions (executive decisions software package) that allowed data to be integrated 
from external sources to improve decision-support and respond to competition 
(Leidner, 1998).  
Key technologies that were associated with analytical systems during this era 

included computers, relational database management systems (RDBMS), data 
warehouses and online analytical processing (OLAP). For example, analytically 
oriented data warehouses were utilized to facilitate BI in total quality management 
(Dolk, 2000). Analytical tools like neural networks that are currently trending were 
already being discussed for their applicability in business. For example, Smith and 
Gupta (2000) studied various kinds of neural network models in the context of 
business operations research. They argued for their applicability in marketing, retail, 
banking and finance, insurance, telecommunications, operations management and 
other industries. Technologies like OLAP were utilized in business for various 
purposes, including supporting users’ data needs for decision-making (O’Donnell & 
David, 2000), data mining applications for customer service support using structured 
data (Hui & Jha, 2000), and advanced analytics such as ‘what-if?’ analysis (Rao, 2000).  
The factors that contributed to this analytics era included the increased adoption 

of computers for various business operations and the importance of structured 
reporting, for example, for controlling financial resources in comparison to 
managing operations (Kraemer et al., 1993). However, there were many challenges 
in this era. Some of the challenges were related to the integration of data from 
multiple sources which was siloed either within departments or across different 
countries (Raisinghani, 1999); implementation challenges (Wixom & Watson, 2001); 
the computational speed associated with querying large datasets, and issues related 
to the scalability of analytical solutions (Gray, 1997). The technological capabilities 
needed for performing advanced analytics meant that organizations had to invest 
heavily in procuring the necessary hardware and software, which not all 
organizations could afford.  
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The late 1990s and the beginning of the 21st century saw the rise of the 
information technology (IT) revolution. New data warehouse techniques were 
developed during this time, especially in areas related to customer-facing operations 
and supply chain management (SCM) (Watson et al., 2009). The technological 
advancements were numerous. For example, IT led to the proliferation of the 
internet and was utilized by both organizations and individuals. This also led to rise 
of many prominent technology companies, including Amazon, eBay and Microsoft.  
The organizational-specific applications of IT are related to enterprise resource 

planning (ERP) systems (e.g. Systems, Applications and Products in Data 
Processing/SAP), customer relationship management (CRM) systems (e.g. Siebel 
systems), e-commerce (e.g. eBay), SCM systems for logistics purposes, database 
management systems (e.g. Microsoft SQL server, which is based on Structured 
Query Language (SQL)), collaborative systems (e.g. Lotus notes) etc. The consumer-
specific applications of IT included web browsing, email, e-commerce, 
entertainment, instant messaging, file sharing, online gaming and more.   
Early IT systems were the subject of academic investigation across many 

disciplines, particularly in the field of information systems (IS). The IS literature 
predominantly focused on understanding the impact of IT in organizations in terms 
of creating business value. This led to the examination of IT capabilities and firm 
performance through various theoretical perspectives (Bharadwaj, 2000; Pavlou & 
El Sawy, 2006; Ravichandran & Lertwongsatien, 2005; Sambamurthy et al. 2003). 
Additionally, IS literature also investigated other forms of IT for business value 
creation, such as ERP (Gattiker & Goodhue, 2005; Liang et al., 2007) and CRM 
solutions (Goodhue et al., 2002; Kim et al., 2004). Even in the current age, these 
technologies remain relevant. For example, recent research on business benefits 
created by integrated enterprise systems, which include a combination of ERP, CRM 
and SCM systems, was carried out by Aral et al. (2024).  
Irrespective of the type of IT employed, organizations faced the hurdle of 

utilizing the data created by such IS investments. In other words, with the 
proliferation of IT in society and its growing utilization in business, organizations 
began generating large amounts of data from these systems. This data was considered 
a vital resource for organizations, thereby leading to the evolution of analytics eras 
2.0 and 3.0. Additionally, the data generated was a result of IT systems such as those 
mentioned above.  
The analytics era 2.0 spanned from 2000 to the late 2000s (e.g. 2010), during 

which time the terms associated with utilizing data in business for value creation 
included business intelligence & analytics (BI&A) and business analytics (BA). Key 
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technologies during this era included analytical tools related to data mining and 
statistical software (e.g. Statistical Analysis System/SAS). For instance, these tools 
facilitated the identification of links between different variables in a dataset and 
utilized them for predictive modelling (Brydon & Gemino, 2008). Different types of 
statistical analysis and early forms of machine learning algorithms were also prevalent 
during this era (Frias-Martinez et al., 2006; Huang et al., 2004).  
Some of the key drivers of this era included technological advancements, for 

example, an evolving data warehouse, which increased information usage among 
business professionals, and the rise of an information culture for value creation 
(Carte et al., 2005). Technologies like radio frequency identification (RFID) further 
enabled new (efficiency-centred) business models  by creating tangible and intangible 
benefits leveraging RFID data (Kamoun, 2008). Additionally, the trend of predicting 
the future was a key driver of analytics during this era (Seifert, 2004; Watson et al., 
2009).  
The analytics era 2.0 was characterized by the rising importance on web-based 

and cloud-based applications, due to the extensive commercial adoption of the 
internet in the early 2000s (Davenport, 2013). Although the majority of the 
enterprise systems were mostly client-server in nature, the increase in web-based 
systems such as social media, e-commerce, and other web-based services led to the 
production of a vast amount of data. This laid the foundation for much more 
advanced analytics during this era. The data sources included website data, such as 
logs and click stream data (Moe & Fader, 2004). Additionally, the rise of social media 
and social networking platforms, such as Facebook and Twitter (now “X”), 
produced large amounts of user-generated data that was utilized by organizations to 
understand consumer behaviour, including sentiments (Smith et al., 2012). 
Furthermore, web-based analytical tools started becoming popular during this era. 
For examples, tools like Tableau were being utilized for data visualization (Jukic & 
Gray, 2008), and web analytics was being used for tracking and analysing website 
traffic (Boncella, 2008). During the analytics era 2.0, e-commerce companies, such 
as Amazon and eBay not only sold products online but also utilized consumer data 
generated through these web-based IS. This not only facilitated web-based analytics 
on unstructured web data but also informed future web-based content (e.g. features 
and product offerings) (Chen et al., 2012), further supporting their competitive 
advantage.   
However, there were also challenges with regard to utilizing analytics in business. 

Some of them included lack of employees’ technical skills, data format problems, 
time-consuming processes, data quality issues, challenges related to analytics usage 
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(handling analytical tools), IT software errors, low computational speed, lack of 
technical support, interface challenges, issues related to data import and export, and 
conflation of data (Scholz & Schieder, 2010). Additionally, there were problems such 
as the inability of technology to adapt to people’s needs, system incompatibility, lack 
of shared understanding, lack of awareness, inadequate structured management 
approaches and a non-conducive organizational environment (Rohde & Sundaram, 
2010).  
The end of analytics era 2.0 coincided with Industry 4.0, also known as the Fourth 

Industrial Revolution, where digital technologies were integrated into traditional 
industries. Industry 4.0 was characterized by cyber-physical systems, where digital 
technologies such as sensors were integrated with physical machines, leading to the 
emergence of smart factories, ubiquitous computing and autonomous control 
systems (Lasi et al., 2014). Industry 4.0 propelled a major leap; for example, the IoT, 
which enabled seamless connectivity between physical elements through the 
internet, thereby facilitating enhanced data collection and data exchange (Ives et al., 
2016); and cloud computing, which offered organizations the ability to scale their 
computing resources in a flexible and cost-efficient manner (Müller et al., 2011). 
Consequentially, Industry 4.0 elements laid the foundation for the third analytics era, 
analytics era 3.0, where real-time data-driven decisions were made based on web-
based and IoT sensor data. During analytics era 3.0, organizations were able to go a 
step further by creating products and services from the analysis of data. For example, 
Bosch created “intelligent” offerings, such as solutions targeting customers’ fleet and 
energy management. As large amounts of data were gathered from machines using 
RFID and sensors, General Electric could predict the optimal time interval for 
servicing customers’ machines (Davenport, 2013).  
The analytics era 3.0 (Davenport, 2013) has emphasized the importance of data 

for organizations in business and data has even been equated to the new ‘oil’. This 
comparison signalled the importance of treating data as a strategic organizational 
asset or resource for creating strategic business value (Grover et al., 2018). This era 
also saw an increased financial commitment to data and data analytics for generating 
insights that achieve and sustain competitive advantages in business (Bughin, 2016). 
Regardless of the industry, organizations need to enhance their ability to utilize data 
and data analytics effectively. Therefore, data analytics capabilities (DAC), defined 
as the ability of an organization to utilize its data and data-related resources in 
business (Gupta & George, 2016), have become a must-have addition to an 
organization’s set of capabilities for navigating the era of digital business and 
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digitalization. In this regard, a multifaceted understanding concerning the 
enhancement of DAC in business organizations to realize value is essential.  
Industry 4.0 elements contributed to the evolution of the analytics era 3.0, 

especially in the areas of big data and analytics. As specified earlier, the use of IoT 
became common irrespective of the industry sector, such as automotive (Stocker et 
al., 2017), construction (Sun et al., 2022) and health care (Thibaud et al., 2018) as 
well as in various business activities, such as SCM (De Vass et al., 2018) and building 
management (Le et al., 2019). The proliferation of IoT led to an increase in data 
sources (Chen et al., 2012). Organizations had to manage large volumes of data that 
was coming in fast and in a variety of forms (Watson, 2014). This was commonly 
referred to as big data, with different characteristics, such as the 3Vs (volume, 
velocity, variety, and veracity), and later the fourth V, veracity was added by IBM to 
indicate the trustworthiness and quality of big data. For example, IS studies started 
investigating the characteristics of big data, including the 3Vs (Shim et al., 2015; 
Watson, 2014), 4Vs (Hashem et al., 2015), 5Vs (Gupta et al., 2018), 6Vs (Demirkan 
et al., 2015), 7Vs (Belhadi et al., 2019) and even 9Vs (Sami & Sael, 2016), and their 
organizational impact.   
As the third analytics era saw the rise of big data and analytics, artificial 

intelligence (AI) and real-time analytics became common and widespread in business 
(Abbasi et al., 2016). This was also due to the emergence of new data-related 
technologies, such as NoSQL databases, Hadoop and data lakes (Eichler et al., 2023; 
Shirazi & Mohammadi, 2019). Furthermore, advanced analytics, such as machine 
learning, neural networks and AI were also utilized in business (Krumeich et al., 
2016; Wang & Song, 2020). Additionally, the increased presence of smartphones in 
daily life (Barkhuus & Polichar, 2011) contributed to the monumental rise of big data 
analytics. For example, it allowed organizations to understand human behaviour in 
different contexts (Teng & Khong, 2021; Yang et al., 2020).  

As vast amounts of data are being generated in today’s world, organizations have 
to find ways to tackle the different problems associated with it. In addition to 
handling the technical aspects of DAC, organizations should develop strategies to 
utilize DAC for value creation. In this regard, organizations are faced with the 
difficult challenge of orchestrating not just the technological elements but also the 
human and organizational elements (Caesarius & Hohenthal, 2018). This efficient 
orchestration of DAC is becoming a key differentiating factor between successful 
and less successful organizations.  
To summarize, analytics has been driving organizational value in different forms 

over several decades. One factor that has influenced the utility of analytics in 
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organizations across all sectors and sizes is the technological advancement and 
investment capacities associated with each analytics era. Currently, the penetration 
of digital devices and the digitalization of business have opened up enormous 
opportunities for organizations across various industries to utilize the data generated 
by various digital systems. These environmental changes have also transformed the 
requirements and sophistication needed to perform data analytics. Today, any 
business can utilize data to generate insights for value creation. However, in order 
to do this, they have to enhance their DAC, which requires understanding from 
multiple standpoints. This dissertation aims to provide an improved understanding 
of DAC enhancement for value realization in business organizations. Table 1 
provides a summary of the evolution of analytics across the three eras, emphasizing 
the main technologies, challenges and benefits associated with each era.  

Table 1.  Summary of the research history of analytics 

Era Summary 
 

First 
Analytics Era 

• Key technologies – Computers, RDBMS, Data warehouses, 
OLAP 

• Main challenges – Data integration, Data silos, Scalability, High 
costs 

• Value creation potential / Benefits – Early BI, Enhanced 
decision support 

 
 

Analytics 2.0 

• Key technologies – Data mining, SAS, Early forms of ML, Web 
applications 

• Main challenges – Technical skill gaps, Data quality and format 
issues, System incompatibility, Organizational issues 

• Value creation potential / Benefits – Information culture, New 
business models, Predictive modelling 

 
 

Analytics 3.0 

• Key technologies – IoT, Big data, Cloud computing, AI 
• Main challenges – Managing the characteristics of big data 

(different “Vs”), Organizational challenges, Data orchestration 
challenges 

• Value creation potential / Benefits – Real-time analytics, 
Understanding human behaviour, smart systems 
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1.2 Research objectives and research questions 

DAC is defined as the organizational ability to gather, combine and utilize its data-
related resources (Gupta & George, 2016). Data is gathered from both traditional 
(e.g. BI and EIS) and modern (e.g. data platforms and big data) sources for business 
decision-making. While BI&A, big data and analytics, BA, and small data analytics 
each have their own aspects related to people, tools, and techniques, collectively 
these all represent an organization’s ‘DAC’. For example, although EIS originated in 
the management information systems communities and big data analytics originated 
in the data science communities, their common objective is to leverage data, generate 
insights, and support decision-making. Modern analytics platforms allow data to be 
consolidated from different data sources, such as EIS, BI platforms, and legacy IS.  
In this regard, the goal of this dissertation is to understand the enhancement of 

DAC for value realization in organizations, and therefore, does not delve into the 
technical details of different IS types (e.g. EIS vs modern data platforms). Instead, 
in this dissertation, they are all treated as interwoven elements of an overarching 
organizational capability related to the utilization of data and data analytics in 
business. Additionally, they are grouped under one term due to the common 
challenges they present for organizations.  
Firstly, regardless of the analytics era, organizations face challenges with regard 

to the quality of data. Problems such as accuracy, incompleteness and timeliness can 
affect the deployment of data in business (Surbakti et al., 2020). Secondly, data 
governance issues, such as data ownership and access, affect the organizations’ 
capacity to effectively leverage data in business (Elia et al., 2022). Thirdly, a lack of 
adequate data infrastructure or understanding of it contributes to resistance or issues, 
thus affecting the ability to create value from DAC (Raut et al., 2021). Fourthly, 
organizations have a shortage of expertise or skilled personnel to apply data analytics 
effectively in business. For example, a lack of both technical and business 
understanding can hinder the efficient utilization of data (Gupta & George, 2016). 
Fifthly, organizations face challenges in aligning data analytics with business 
objectives (Gao & Sarwar, 2022). More understanding is needed with regard to how 
data and data analytics can be integrated into various business activities in order to 
align with the business strategy. Sixthly, organizations still lack an enhanced 
understanding concerning the application of data and data analytics, i.e. technology 
alone is insufficient; instead, a holistic understanding from a people, task and 
structure perspective is also necessary (Mikalef et al., 2021). Lastly, organizations’ 
resistance to change may affect how data and data analytics are utilized in business. 
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In other words, the cultural aspects of an organization can significantly impact DAC 
(Lin & Kunnathur, 2019).  
Existing IS research has highlighted the widespread deployment of DAC in 

business for value creation (Grover et al., 2018). However, as mentioned above, 
there are still challenges that need to be addressed in order to benefit from DAC-
enabled value creation completely. Addressing the aforementioned factors 
contributes towards building a strong DAC in organizations. It would enable 
organizations to enhance DAC in an effective manner by acknowledging its 
multifaceted and complex nature. In this context, this dissertation seeks to answer 
the overarching research question:  
How can business organizations enhance their DAC for value realization? 
The research question is answered through three sub-questions. These sub- 

questions investigate the enhancement of DAC for value realization from three 
distinct aspects as follows:  
1. What are the components of DAC?  
2. How do the components of DAC interact with each other for value creation?  
3. How is value realized through the enhancement of DAC?  
The first sub-question examines the components that constitute DAC. It builds 

on existing IS and DAC literature and extends the understanding by identifying these 
components from different theoretical perspectives. The identification of the 
components is essential for understanding the building blocks of DAC and how they 
can be enhanced. The findings from Publications I, II, IV and V offer a new insight 
into the components of DAC.  
Additionally, the first sub-research question identifies the components of DAC 

from technical, managerial and organizational perspectives. It shows the importance 
of viewing DAC as a combination of these aspects, in addition to other key enabling 
capabilities (e.g. IS capabilities). The different components of DAC identified 
include IS capabilities, existing organizational cultural values, the quality of data-
related resources and the socio-technical components of DAC.  
The second sub-research question examines the interactions between the 

different socio-technical components of DAC. This sub-research question 
demonstrates that the mere presence of data-related resources is not enough. 
Instead, organizations should consider the interactions between these resources for 
value creation from a socio-technical perspective. Publication V provide insights into 
these socio-technical interactions for value creation. Furthermore, existing literature 
has not adequately explored the importance of organizational learning in enhancing 
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DAC. Table 2 presents the link between the individual publications and the sub-
research questions.  

Table 2.  Link between individual publications and sub-research questions 

Publication Sub-research questions addressed Focus of the individual study 
I RQ 1 & RQ 3 IS capabilities and DAC for 

digital service development 
II RQ 1 & RQ 3 Interplay between 

organizational culture and 
DAC 

III RQ 2 & RQ 3 Developing DAC through 
organizational learning 

IV RQ 1 & RQ 3 Enhancing DAC and business 
performance through a 
resource quality perspective 

V RQ 1, RQ 2 & RQ 3 Value creation through  socio-
technical components of 
DAC 

 
In this dissertation, the second sub-research question provides insights into how 

organizational learning acts as a glue between different data-related resources in 
facilitating value creation. It shows exactly how insights from data and data analytics 
are generated, communicated, integrated and institutionalized at the organizational 
level, thereby revealing the agile nature of DAC in business. Organizational learning 
contributes to the continuous enhancement of DAC and illustrates how the social 
and technical components of DAC can be orchestrated for DAC enhancement. 
Publication III delves deeper into the process by which organizations enhance their 
DAC through organizational learning.  
The third sub-research question examines the value realization aspect of DAC 

enhancement. This enhancement means that organizations should develop their 
DAC from a low level to a high level. If they have a high level of DAC, they are in 
a better position to realize organizational outcomes or value. By answering this 
question, the pathways through which value can be realized in business organizations 
are revealed. In this dissertation, these values include improved business 
performance, the development of a data-driven organizational culture and the 
development of digital services. The process of realizing value is complex and 
involves the identification of the different components and understanding the 



 

 11 

interactions between these components. For instance, the creation of a data-driven 
culture (Publication II) is both a result of enhanced DAC and a cultural component 
for future capability development. Additionally, this dissertation highlights the 
importance of investing in high-quality, data-related resources for impactful 
development of DAC. Publication IV shows how organizations can enhance their 
business performance through such high-quality, data-related resources. Table 3 
shows the key aspects of the dissertation and a summary. 

Table 3.  Key aspects of the dissertation and summary 

Key aspects Summary 
 
 

 
Focus 

The focus of this study is to examine the enhancement of DAC 
for value realization in business organizations. In particular, it 
investigates how DAC is enhanced through the identification of 
its components from capability, organizational culture and 
resource quality perspectives. Additionally, it examines the 
interaction between these components from the socio-technical 
and organizational learning perspectives. The study also 
explores how value can be realized through the enhancement of 
DAC.  

 
 
 
 
 

Key 
theoretical 
discussions 

Capability perspective: The dissertation focuses on how DAC 
can work with IS capabilities to facilitate digital service 
development.  
Organizational culture perspective: The dissertation 
examines how existing cultural values in an organization 
influence DAC and, in turn, how DAC can influence 
organizational culture.  
Organizational learning perspective: This dissertation 
investigates how DAC can be enhanced through organizational 
learning, focusing on individual, group and organizational levels.  
Resource quality perspective: This dissertation integrates 
both resources and their quality to enhance DAC and business 
performance.  
Socio-technical systems perspective: This dissertation 
investigates the interaction between DAC’s socio-technical 
components in achieving value at the component level.  
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Furthermore, existing IS literature explores DAC building and value creation in 
isolation, while this dissertation provides a strong case for the integration of DAC 
with other organizational capabilities, especially IS capabilities, to facilitate digital 
service development. It shows that IS capabilities are integral to supporting DAC. 
Publication I illustrates how IS capabilities facilitate DAC for value creation. In this 
way, the three sub-questions help answer the overarching research question of the 
dissertation.  

1.3 Structure of the dissertation 

This dissertation consists of six parts. The first chapter is the introduction, which 
contains the research history of analytics, research objectives and research questions. 
This section provides a detailed history of the analytics eras, including their evolution 
over the last two decades. It also emphasizes the importance of enhancing DAC in 
the current business scenario for value realization. In this section, the main research 
question and the sub-questions are also presented and justified.  
The second chapter is the theoretical background, where the literature on DAC 

in an IS context is discussed in detail. This is followed by a brief overview of the 
different theoretical concepts utilized in this study, including DAC, theories related 
to organizational capabilities, such as the resource-based view (RBV), organizational 
culture, organizational learning, the IS success model, socio-technical systems (STS) 
theory and the concept of value creation.  
In the third chapter, the research design of this study is introduced, where the 

ontological and epistemological positions are explained in detail. In this study, 
relativist ontological and subjective epistemological standpoints were chosen to 
investigate the research question. The philosophical perspective of the dissertation 
is also presented in this chapter. The dissertation utilizes an interpretivist 
philosophical perspective to investigate how DAC can be enhanced for value 
realization.  
Furthermore, the research strategy involves the use of qualitative research 

methodology, including case study and interview research methods. This section also 
discusses the data gathering and data analysis methods utilized in the dissertation.  
For example, interviews were chosen as the primary data collection method, while 
additional data sources were used in the case study research. The findings are based 
on the themes generated from thematic analysis of the empirical data, which is the 
main data analysis technique.   
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The fourth chapter provides detailed summaries of the individual publications. 
Since this study is a compilation or article-based thesis, summaries of the five 
publications are provided. The publications are summarized individually in 
subsections. In each summary, the importance of the study, the research methods 
utilized and the findings are explained briefly. The summaries also include the 
theoretical and practical contributions of each publication, as well as the theoretical 
models associated with each one for better comprehensibility.  
The fifth chapter is the discussion section, where the findings from the five 

publications are discussed in relation to each sub-research question. In other words, 
the sub-research questions are answered by drawing on the findings from the 
publications. The discussion section, through its subsections, collectively answers 
the dissertation’s overarching research question.  
In the sixth chapter, the theoretical and practical contributions of the dissertation 

are provided. Additionally, the research is evaluated against various criteria and the 
dissertation’s limitations and avenues for future research are also discussed.  
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2 THEORETICAL BACKGROUND 

Chapter 2 provides a theoretical background on DAC and various IS theories related 
to organizational capabilities, such as the RBV, organizational culture, organizational 
learning, the IS success model and STS theory. Additionally, the concept of value 
creation is explained.  

2.1 Data analytics capabilities 

An organizational capability is defined as the ability of an organization to utilize its 
resources for value creation (Amit & Schoemaker, 1993). It involves the 
orchestration of resources through organization-specific processes and is a 
combination of various routines (Winter, 2000). In this regard, DAC is a new 
organizational capability that is necessary for organizations to translate data into 
organizational value (Elia et al., 2022; Farouk et al., 2025; Xu et al., 2024).  It 
illustrates the growing significance of data in organizations for creating business 
value. Due to digitalization and the digital transformation of industries across various 
sectors and sizes, vast amounts of data are available for achieving different 
organizational objectives. Therefore, the survival and growth of organizations 
depend on their ability to orchestrate data and data-related resources in business 
effectively. In this regard, DAC is defined as the organizational ability to gather, 
combine and utilize its data-related resources (Gupta & George, 2016). DAC 
includes organizational systems, methods, practices, applications, technologies and 
techniques associated with the analysis of important business data (Chen et al., 2012; 
Farouk et al., 2025; Gupta & George, 2016). The insights obtained through data 
analytics can be utilized to generate an enhanced understanding of the business and 
the market, thereby facilitating timely business decision-making. In a similar vein, 
Watson (2014) defined DAC as a diverse array of processes, applications and 
technologies associated with collecting, storing, accessing and analysing data for 
assisting business decision-making. DAC is concerned with the ability to offer 
appropriate information to the intended recipient, with the desired quality in a timely 
manner (Schermann et al., 2014). DAC allows organizations to uncover meaningful 
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information from data to make reliable business decisions (Demirkan et al., 2015). 
In this dissertation, the definition of Gupta and George (2016) is utilized, as it 
encompasses all types of data-related resources in business following the theoretical 
foundations of RBV and IT capabilities.  
Prior IS research on DAC can be categorized into multiple research streams. 

These include research on the components that make up DAC (for example, data, 
technology and human resources) (Akter et al., 2016; Gupta & George, 2016; Mikalef 
et al., 2020); the different forms or types of analytics utilized in organizations for 
various business purposes (Grover et al., 2018); the challenges associated with the 
adoption of DAC in organizations (Mikalef et al., 2021; Watson 2019); and the value 
creation potential of DAC in organizations (Elia et al., 2022).  
Prior studies have investigated DAC in different contexts, such as cyber security 

risk management (Huy & Phuc, 2024), marketing (Tarn & Wang, 2023), health care 
(Ben-Assuli et al., 2023; Wang et al., 2018; Zhang & Ram, 2020; Zolbanin et al., 
2022), finance (Liu et al., 2020; Wang et al., 2021; Yang et al., 2023), oil and gas 
(Parmiggiani et al., 2022), air pollution management (Zhang et al., 2022), E-
commerce (Chaudhuri et al., 2021; Tan et al., 2016), social media (Castillo et al., 2021; 
Dong & Yang, 2020), the automotive sector (Dremel et al., 2020), supply chain (Jha 
et al., 2020), tourism (Miah et al., 2017) and airlines (Chen et al., 2017).  
The foundational components of DAC include the data itself, data-related 

technologies (e.g. hardware and software), data-related human resources (e.g. skills 
and competencies) and organizational factors (e.g. organizational culture). Firstly, 
prior IS literature has examined the data component based on its different 
characteristics, including volume (e.g. different sizes of data), velocity (e.g. speed of 
the data flow), variety (e.g. different types of data, including structured, semi-
structured and unstructured data), veracity (e.g. reliability, credibility, abnormality of 
data), variability (e.g. different types of unstructured data), volatility (e.g. life span of 
data) and value (e.g. usefulness of data) (Abbasi et al., 2016; Grover et al., 2018; 
Sahay, 2016; Seddon & Currie, 2017; Shim et al., 2015). Data sources also constitute 
the validity dimension of data (Sahay, 2016; Watson, 2014). In addition, previous 
studies have also acknowledged data quality to be an important dimension of DAC 
in organizations (Baesens et al., 2016; Côrte-Real et al., 2020; Lin et al., 2022; Mudau 
et al., 2024; Surbakti et al., 2020).   
Secondly, with regard to data-related technology components, the prior IS 

literature has examined the different types of technologies needed for deploying 
DAC in business. Technological components include different types of digital 
platforms (Xie et al., 2016), including open analytics platforms (Gust et al., 2017), 
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platforms that can handle digital data streams (Anand et al., 2016), distributed data 
environment and data infrastructure (Asamoah et al., 2016; Watson, 2014), IoT 
devices or sensor-based technologies, data collection devices (Côrte-Real et al., 2020; 
Krumeich et al., 2016; Marabelli et al., 2017; Mikalef & Gupta, 2021), IT architecture 
(Chen et al., 2017), cloud computing or cloud infrastructures, ERP systems and CRM 
systems (Lokuge et al., 2020; Stocker et al., 2017; Zheng et al., 2020). Data-related 
technology tools facilitate better handling of both structured and unstructured data. 
Effective technological tools help in contributing towards providing efficient and 
reliable data analytics to a wide array of users (Schermann et al., 2014) and facilitate 
a stable environment for responding to business needs with data and analytics 
(Phillips-Wren et al., 2015). For example, columnar databases are used for efficient 
extract, transform and load (ETL) practices (Jukic et al., 2017). Technological 
components, such as data warehouses, data marts, semantic data lakes and Hadoop 
are central to overall data management, including data gathering, data storage, data 
processing and data analysis (Jha et al., 2020; Lumor et al., 2021; Watson, 2014, 
2019). In addition, prior studies have also emphasized the vital importance of data 
visualization for DAC, i.e. interactive dashboards for representing information from 
business data and visualizing business processes for decision-making (Bačić & 
Fadlalla, 2016; Badakhshan et al., 2022; Someh et al., 2023). 
Thirdly, prior studies have stressed the necessity of the human component in 

orchestrating data-related tasks and processes. The human component is related to 
the technical and managerial skills/competence dimension of DAC (Gupta & 
George, 2016). These skills include a combination of business, data, IT and analytics 
competencies (Debortoli et al., 2014; Watson, 2014). The human component 
includes technical analysts who are information creators, including business analysts, 
data analysts, data scientists, developers, data architects, data engineers and data 
visualization specialists (Debortoli et al., 2014; Schiller et al., 2015; Watson, 2014). 
The technical people require knowledge in programming, data analysis and machine 
learning (Schermann et al., 2014). These people understand statistics and modelling, 
and can handle both structured and unstructured data (Wixom et al., 2014), whereas 
the business users of analytics are managers, domain users, domain experts who 
consume information delivered by analysts, and data scientists (Tan et al., 2016; 
Watson, 2014).  
The prior literature has also examined different types of analytics related to DAC, 

such as predictive analytics (Chaudhuri et al., 2021; Goul, 2018; Krumeich et al., 
2016; Lin et al., 2017; Zolbanin et al., 2022), prescriptive analytics (Mitri & Palocsay, 
2015) and descriptive analytics for different use cases (Hahn & Packowski, 2015). 
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These analytical approaches require competencies associated with statistical and 
systematic reasoning, quantitative and qualitative techniques etc. (Holsapple et al., 
2014). Past studies have also examined the specific business applications related to 
these approaches, which include in-memory analytics cases (Hahn & Packowski, 
2015), social media analytics (Benthaus et al., 2016), text analytics (Lak & Turetken, 
2017; Muller et al., 2016; Ojo et al., 2024), predictive modelling (Piri, 2020) and visual 
analytics (Khakpour et al., 2023).  
Additionally, past studies have focused on the value creation potential based on 

DAC and emphasize its necessity in business. Value creation includes sustainable 
decision-making (Huy & Phuc, 2024), improving marketing agility (Tarn & Wang, 
2023), organizational competitiveness (Laguir et al., 2022), predicting customers’ 
purchasing behaviour (Chaudhuri et al., 2021), organizational performance 
(Suoniemi et al., 2020), organizational innovation (Mikalef, Boura, et al., 2020), 
quality of decision-making (Ghasemaghaei & Calic, 2019), competitive 
benchmarking (Ketter et al., 2016) etc.  
Although DAC can create value, there are also challenges associated with its 

utilization in business. IS literature has also examined the challenges in DAC 
adoption in organizations. For example, challenges and barriers related to the 
adoption of AI in organizations (Radhakrishnan et al., 2022; van Giffen & Ludwig, 
2023), failure factors in analytics and AI projects (Andriole & Barsky, 2022; Schlegel 
et al., 2023) from the perspective of inertial forces related to data and data analytics 
(Mikalef et al., 2021), challenges with regard to translating exhaust data into 
managerial value (OLeary & Storey, 2020), data-related challenges such as data 
security, data privacy and data ownership (Gimpel et al., 2018; Watson, 2019), 
challenges related to algorithmic decision-making (Galliers et al., 2017), and 
challenges associated with technologies, management and governance, skills and 
human capital (Gillon et al., 2014).  
Other streams of DAC research are related to ethical aspects of utilizing data and 

data analytics, data privacy, data security, ethical governance, data governance, data 
and algorithmic transparency (Marabelli et al., 2017; Someh et al., 2019; Surbakti et 
al., 2020; Watson, 2019). 
Some studies have examined the importance of DAC in augmenting other 

organizational capabilities, such as social media capabilities (Benthaus et al., 2016), 
manufacturing capabilities (Krumeich et al., 2016), customer management 
capabilities (Muller et al., 2016), operational capabilities (Mikalef, Krogstie et al., 
2020), market-directed capabilities (Suoniemi et al., 2020), financial capabilities 
(Wang et al., 2021) etc. Others have argued the importance of DAC for enabling a 
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sustainable future across different sectors, including health care, online behaviour 
and consumption, safety and the environment (Barnes et al., 2022).  
To summarize, the existing literature has examined DAC from different 

theoretical perspectives. For instance, the RBV has been utilized to uncover the 
resources necessary for building DAC in business. Dynamic capability theory has 
been used to understand the role of DAC in dynamic business environments (Tan 
et al., 2024) and extends the RBV through concepts such as resource identification 
and reconfiguration. Affordance theory has been utilized to identify the different 
affordances of DAC for value realization (Badakhshan et al., 2022; Dremel et al., 
2020). The technology-organization-environment framework has been leveraged to 
understand DAC adoption factors or barriers across different organizational 
contexts (Li et al., 2018; Verma & Bhattacharyya, 2017). Information governance 
theory has been used to explore the interplay between DAC and information 
governance practices for value creation (Mikalef, Boura, et al., 2020).   
While extant studies have focused on resources, the application of DAC in 

different industries, types of analytics, different success factors and barriers related 
to DAC adoption, privacy and ethical considerations, and the value creation 
potential of DAC, there is a lack of understanding concerning the enhancement of 
DAC in organizations. Especially, an in-depth understanding of how to enhance 
DAC at the organizational level needs to be further investigated from different 
perspectives. Table 4 synthesizes the key topics in the prior literature on DAC.  
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Table 4.  Synthesis of prior literature on DAC from different perspectives  

Key concepts of 
DAC 

Description Key references 

Characteristics of 
data 

Encompasses different Vs, 
including volume, variety, 
veracity and value. 

Abbasi et al. (2016), 
Seddon and Currie 
(2017) 

Technologies Cloud computing, data 
collection devices (e.g. IoT 
sensors), data warehousing 
components (e.g. databases, 
data lakes), software (e.g. data 
visualization tools), IS 
infrastructure (e.g. ERP and 
CRM systems) etc. 

Badakhshan et al. (2022), 
Marabelli et al. (2017), 
Watson (2019) 

Human aspect Data-related skillset (e.g. 
managerial and technical), 
leadership, business knowhow 
etc. 

Debortoli et al. (2014), 
Gupta and George 
(2016), Watson (2014) 

Analytics types Descriptive, predictive, 
prescriptive, diagnostic etc.  

Goul (2018), Hahn and 
Packowski (2015), Mitri 
and Palocsay (2015).  

Adoption challenges Technical, managerial and 
organizational challenges 

Gillon et al. (2014), 
Gimpel et al. (2018), 
Oleary and Storey 
(2020), Radhakrishnan 
et al. (2022) 

Governance and 
ethical issues 

Issues related to data privacy, 
data security, data governance 
etc. 

Marabelli et al. (2017), 
Someh et al. (2019) 

Value creation Value creation potential of 
DAC, including decision-
making, organizational 
performance, predicting 
customer behaviour etc. 

Chaudhuri et al. (2021), 
Huy and Phuc (2024), 
Suoniemi et al. (2020) 
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2.2 Theories related to organizational capabilities 

2.2.1 Resource-based view 

The RBV proposes that resources serve as a source of sustained competitive 
advantage, which was initially proposed by Barney (1991) in the field of strategic 
management. Since then, the RBV has been utilized in the IS field to investigate the 
crucial role of resources in achieving IS-related competitive advantage in business 
(Bharadwaj, 2000; Mata et al., 1995).  
From an RBV standpoint, organizations consist of resources that can be managed 

and leveraged to create value. Barney (1991) argued that organizational resources 
lead to sustained competitive advantage due to their characteristics, i.e. being 
valuable, rare, inimitable and non-substitutable (VRIN). Barney and Wright (1998) 
introduced another framework called VRIO, which differs from VRIN in that the 
last letter ‘O’ stands for organizational support. Therefore, it is in the best interest 
of organizations to cultivate resources that embody these attributes. This is based on 
the premise that, while valuable and rare resources can be imitated and substituted, 
inimitable resources have the potential to remain valuable, rare and non-substitutable 
(Iyer et al., 2006). Additionally, if an organization is organized, structured, and has 
the right culture to leverage and manage its resources, then it is poised to attain 
sustained competitive advantage (Barney & Wright, 1998). 
According to the RBV, resources include various organizational assets, 

capabilities, information, knowledge etc. These include human capital (e.g. the 
expertise of individuals), physical capital (e.g. technologies) and organizational capital 
(e.g. systems and control structures) (Wade & Hulland, 2004). Among these, 
capabilities are considered complex amalgamations of resources that are deployed 
by organizations for value creation (Amit & Schoemaker, 1993) and capabilities can 
exhibit VRIN attributes if cultivated effectively (Bharadwaj, 2000).  
Organizational resources can be divided into two categories: tangible and 

intangible (Wernerfelt, 1984). Tangible resources consist of  physical equipment such 
as hardware, technology components and machinery, whereas intangible resources 
include people-dependent elements like individual know-how, expertise, 
stakeholders, quality, organizational culture and organizational learning, along with 
people-independent resources such as patents and licenses, among others (Hall, 
1993). While the RBV signifies the importance of resources (e.g. tangible and 
intangible) in securing and maintaining a competitive advantage in business, the 
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knowledge-based view extends this by acknowledging knowledge as a strategic 
organizational resource (Grant, 1996). 
Capabilities can be considered a higher-order intangible organizational resource, 

as they relate to the ability of an organization to combine different resource 
components, such as technology, people and organizational processes, to create 
value (Day, 1994). An organization’s growth and sustainability are defined by its 
ability to cultivate capabilities through resource orchestration, which includes 
managing organizational routines (Winter, 2000). As organizations apply capabilities 
in business, the more they become ingrained in the organizational fabric, thus 
becoming resistant to imitation (Grewal & Slotegraaf, 2007). According to Grant 
(1996), the ability to orchestrate knowledge determines its path towards competitive 
advantage. 
The RBV has been predominantly applied in IS research to understand the impact 

of IT resources in building IT capabilities for achieving value (Bharadwaj, 2000; Ray 
et al., 2005; Sabherwal & Jeyaraj, 2015). All these studies emphasize the crucial 
integration of resources for building unique capabilities and achieving organizational 
performance. In the context of DAC, existing IS research has focused on how to 
build DAC to achieve organizational value using different data-related resources 
(Gupta & George, 2016; Wang & Hajli, 2017). For example, DAC becomes unique 
when it is integrated into a particular business context (Fosso Wamba & Akter, 
2019), thus making it difficult for competitors to imitate due to causal ambiguity. As 
mentioned earlier, the ability to transform raw data into knowledge is a key part of 
an organization’s DAC. By identifying patterns and generating insights from data, 
organizations can create knowledge that supports decision-making. In this 
dissertation, knowledge is also treated as a vital organizational resource. Therefore, 
it does not delve deeper into the knowledge-based view.  
The orchestration of resources to build capabilities has strategic implications for 

organizations. In this regard, past IS studies have focused on value creation based 
on DAC, utilizing different theoretical perspectives. DAC in organizations may vary, 
i.e. some organizations may be more efficient than others. This variation in DAC 
may also lead to variation in value creation. Therefore, organizations need to enhance 
their DAC for creating high business value. Although there are studies that focus 
their investigation on resource requirements, there is a lack of understanding from 
the resource quality, resource interaction and resource interplay perspectives of 
DAC-related value creation. In this dissertation, an enhanced understanding of DAC 
enhancement is provided, highlighting the crucial role resources contribute to the 
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process. This resource-based understanding will equip organizations with the 
necessary tools to orchestrate resources for value creation effectively.  

2.2.2 Organizational culture 

Organizational culture is concerned with a set of beliefs and values that are learned 
and shared by a group of individuals in an organization (Schein, 2004). These beliefs 
and values are developed over time as the organization continues to solve problems, 
related to handling the external and internal complexities associated with the 
organization’s environment. These tested beliefs and values are passed down to new 
members of the organization as a way of operating in terms of effectiveness.  
Organizational culture provides structural stability for organizations through 

identity, purpose and meaning (Schein, 2004). It consists of three layers: artefacts, 
espoused beliefs and values, and underlying assumptions. Artefacts are visible and 
hard to interpret; examples of artefacts include technologies, language, products, 
services etc. Espoused beliefs and values are related to strategies, goals and 
philosophies, thereby serving as explanations or justifications for individual and 
organizational actions. For example, Apple’s foundational belief that “the best 
technology works for everyone” is reflected in their actions, such as in ensuring that 
their products and services are designed in such a way that the features are accessible 
to all types of users, regardless of their technology-related limitations. Basic 
underlying assumptions serve as the basis for the aforementioned values, behaviours 
and actions. These taken-for-granted assumptions become integral to an individual 
over time.   
In this dissertation, the focus is on the second level of organizational culture:  

espoused beliefs and values. This level of organizational culture is visible and helps 
in unravelling the behaviours and attitudes associated with a certain phenomenon 
(Alavi et al., 2005; Jarvenpaa & Staples, 2001; Leidner & Kayworth, 2006). 
Additionally, it represents organizational motivations that lead to the development 
of organizational capabilities (Kurniawati et al., 2013).  
Organizational culture has been regarded as an important resource in 

organizations for value creation (Barney, 1986; Carmeli & Tishler, 2004). The values 
associated with organizational culture also reflect how organizations deploy 
resources to achieve their strategic goals aligned with these values. Additionally, these 
values serve as a foundation for an organization’s management IS (Denison, 1990; 
Jarvenpaa & Staples, 2001).  



 

 24 

Prior research has identified the role of organizational culture in shaping 
organizational capabilities (Alavi et al., 2005; Chang et al., 2010; Martínez-Caro et al., 
2020). Similarly, the development of organizational capabilities has also been found  
to influence cultural values in organizations (Campos-Blázquez et al., 2023; Melanie 
Pfaff et al., 2023). Although prior studies have emphasized the importance of 
organizational culture in the context of enhancing DAC, little research has focused 
on their interplay in organizations. In particular, how organizational culture 
influences the enhancement of DAC and vice versa, remains underexplored. 
Therefore, in the context of this dissertation, it is important to identify the different 
cultural values that determine the enhancement of DAC, and to understand how 
such enhancements can influence an organization’s culture.  

2.2.3 Organizational learning 

According to Vera et al. (2012), organizational learning is defined as follows: 
“organizational learning is the process of change in individual and shared thought 
and action, which is affected by and embedded in the institutions of the 
organization”. This process involves improving or enhancing organizational actions 
through the generation of knowledge and shared understanding (Fiol & Lyles, 1985). 
The components of organizational learning are related to acquiring knowledge, 
distributing information, understanding information and contributing to 
organizational memory (Huber, 1991). Organizational learning is a multi-level 
change process that involves learning and knowledge creation at the individual, 
group and organizational levels (Crossan et al., 1999).  
According to Teece et al. (1997), learning is a dynamic process involving sensing, 

coordinating and establishing organizational routines. These collective processes 
lead to the creation of organizational memory, which can be considered a strategic 
organizational asset, thus making organizational learning a strategic organizational 
resource (Collis, 1994; Hatch & Dyer, 2004). 
Prior research has argued the importance of organizational learning in developing 

organizational capabilities, as illustrated by Ahmad et al. (2015), Eismann et al. (2021) 
and Schlagwein and Bjørn-Andersen (2014). The aforementioned studies have 
utilized the 4I framework of organizational learning to understand how 
organizations can develop capabilities associated with incidence response, crisis 
management and IT-enabled crowdsourcing. The 4I framework comprises four 
stages: intuiting, interpreting, integrating and institutionalizing (Crossan et al., 1999). 
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Intuiting is an individual-level activity that utilizes an individual’s tacit knowledge, 
personal experiences and abilities. Interpreting occurs at both the individual and 
group levels, where a group of individuals interpret information together to arrive at 
a mutual understanding. Integrating is a group- and organizational-level activity 
where actions are taken based on a common understanding. Finally, institutionalizing 
is an organization-level activity, where new products, services or routines are 
embedded into organizational systems. These new systems become part of the 
organizational fabric, thus continuing the cycle of organizational learning. The 4I 
framework of organizational learning provides a systematic approach to 
understanding capability development, involving learning at the individual, group 
and organizational levels.  
Even though existing studies highlight the relevance of organizational learning in 

the context of DAC, the concept of organizational learning has been operationalized 
in the prior literature in various forms, such as an intangible resource, mediator or 
knowledge component. However, there remains an inadequate understanding of 
DAC development through organizational learning as a structured process involving 
different stages and levels. Therefore, in the context of this dissertation, 
organizational learning is utilized to understand how DAC can be enhanced in 
business organizations.  

2.2.4 IS success model 

The IS success model was first introduced by DeLone and McLean (1992) to identify 
the factors that contribute to the success of IS in organizations. Their study 
presented a typology consisting of six categories that define IS success, including 
system quality, information quality, use, user satisfaction, individual impact and 
organizational impact. Later, the same authors expanded the IS success model to 
include service quality as a key component contributing to the success of IS (DeLone 
& McLean, 2003). In comparison to the earlier model, their study also combined the 
individual and organizational impacts into a single measure, i.e. net benefits. Others 
have also reconceptualized the model to demonstrate IS implementation benefits 
and performance in organizations (Gable et al., 2008; Shang & Seddon, 2002).  
Prior IS research has utilized the IS success model to illustrate various 

phenomena. For example, it has been applied in the adoption of social media search 
systems (Dang et al., 2018), e-business success (Lee & Kozar, 2006), evaluating the 
success of internet-based cognitive behaviour therapy on patients (Johnsen & 
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Haddeland, 2021), measuring the effectiveness of cyberthreat intelligence 
management platforms in organizations (Zibak et al., 2021), evaluating the 
performance of healthcare providers (Mohd Salleh et al., 2016) and understanding 
the success of virtual communities (Lin, 2008).  
Quality-dominant logic emphasizes the importance of quality in assessing the 

performance of organizational systems (Prahalad & Bettis, 1986). In this regard, the 
IS success model enhances the RBV by introducing the concept of quality. For 
instance, information, systems and services are considered as important resources in 
organizations, and the concept of quality attributed to these resources highlights the 
intangible nature of the resources critical for achieving sustained competitive 
advantage in business (Bharadwaj, 2000). Additionally, quality-dominant logic 
facilitates the means through which DAC enhancement can be conceptualized 
through the lens of resource quality. It helps integrate the concept of resources from 
the RBV and quality from the IS success model. While the RBV facilitates 
understanding of resources for sustaining competitive advantage at a strategic level, 
the IS success model explains how resource quality affects performance at an 
operational level. By combining the two, this dissertation demonstrates that both 
resources and their quality are important for enhancing DAC in organizations. 
Previous studies have emphasized that investments in resources do not automatically 
lead to value creation in business; rather, the quality of resources determines how 
DAC can be enhanced for value creation. In the context of this dissertation, the 
concept of resource quality is utilized to demonstrate how DAC can be enhanced in 
organizations for value realization from a quality perspective.  

2.2.5 Socio-technical systems theory 

The STS theory categorizes the organizational work system into two main 
components: the social system comprising actors and structure, and the technical 
system comprising tasks and technology (Leavitt, 1965). In the context of IS 
implementation, organizations seek to deploy IS effectively in order to achieve value. 
However, such effectiveness is determined by how an organization orchestrates its 
socio-technical components (Bostrom & Heinen, 1977). Therefore, when 
organizations design or redesign IS for business, they cannot do so without making 
changes to their socio-technical components. Additionally, the socio-technical 
components interact with each other, and this interaction between the four 
components should be stable to ensure a reliable organizational work system. For 
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example, if changes are made to a technology component, it could influence how 
actors perform their task. In other words, changes to one component may either be 
detrimental or favourable to other components (Sykes et al., 2014).  
Prior IS research has utilized the STS theory to understand how organizations 

can utilize their socio-technical components to create value effectively across 
different IS-related phenomena, including data analytics work systems (Chowdhury 
et al., 2022; Dremel et al., 2020; Jónasdóttir & Müller, 2020; Makarius et al., 2020, 
McLeod & Doolin, 2012; Molnar et al., 2017).  
The STS theory has been applied both as a stand-alone theory and in combination 

with other theories to understand IS-enabled organizational change/transformation, 
IS design and implementation, IS usage in organizations, barriers to IS development 
and the linkage of IS with organizational performance. The theory is suitable for 
exploring IS-related changes in organizations because it can facilitate understanding 
from a micro-level perspective that includes actors/people, structure, technology 
and tasks. The work systems are made up of these elements and can help facilitate 
understanding concerning IS implementation in organizations.  
The STS theory can be used to explore how data and data analytics can help 

realize value. This is because organizational work systems based on data and data 
analytics consist of socio-technical components such as technology (infrastructure), 
tasks and sub-tasks (objectives related to value creation and tasks that focus on 
applying data and data analytics for business), actors (data analysts, managers, top 
management) and structure (decentralized and centralized teams, different units, 
culture, organizational structure).  
Additionally, STS can be applied at the organizational level of analysis. Therefore, 

the role of data and data analytics in organizations can be explored in detail using 
STS theory. Prior studies have utilized the STS theory to investigate different aspects 
of DAC, such as task affordances, task-technology fit and technology-actor fit. 
However, there is a lack of research concerning the interaction between the social 
and technical components of DAC for value creation. Understanding this interaction 
reveals how value can be created in the context of DAC in organizations. In this 
regard, the STS theory could help when investigating the interaction between 
different socio-technical components of DAC, particularly for achieving value.  
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2.3 Value creation 

Value in business is related to the output or benefits that organizations experience 
by employing resources in business processes and activities (Wade & Hulland, 2004). 
In the RBV, a resource is deemed valuable if it allows an organization to exploit 
opportunities, satisfy customers’ needs or help achieve better performance relative 
to its competitors (Bowman & Ambrosini, 2000). For example, IT creates business 
value in the form of financial benefits, process-related benefits or affective benefits 
(Kohli & Grover, 2008). Resource-related value can manifest in different ways 
depending on where the resource is put to use (Sedera et al., 2016; Singh et al., 2011; 
Toorajipour et al., 2024). Different organizations perceive value differently, in line 
with their organizational strategies and goals (Carmeli & Tishler, 2004; Jensen, 2002).  
According to Lepak et al. (2007), individuals, organizations and society can act as 

sources of value creation. However, at the organizational level, organizational 
capabilities play a vital role in the value creation process, as the latter involves the 
efficient orchestration of resources (Porter, 1985; Wade & Hulland, 2004). 
Organizational activities concerning the enhancement and deployment of 
organizational capabilities determine the extent of value creation in business (Božič 
& Dimovski, 2019; Brinch et al., 2021; Chen et al., 2015).  
In addition to resources, value creation includes other components. For example, 

organizational innovation is considered an important source for value creation due 
to the creation of new knowledge, products and services (Stoelhorst, 2023). In their 
article, Amit and Zott (2001) identify different sources of value creation in the 
context of e-business, including efficiency, novelty, lock-in and complementarities. 
In particular, the RBV highlights the role of resource complementarities in achieving 
competitive advantage in business (Pavlou et al., 2005). From a balanced scorecard 
perspective, Kaplan and Norton (1992) encouraged organizations to measure 
performance or value through different aspects, including customer, financial, 
internal business, innovation and learning. However, resources play a vital role in 
achieving performance associated with each of these perspectives.  
Value creation is important for the sustenance and progress of organizations. The 

emphasis on value creation enables organizations to create value from different 
perspectives, such as customer retention (Degbey, 2015), meeting customer 
demands to achieve market and innovation performance (Gangwani & Bhatia, 2024), 
and profitability (Mithas et al., 2012). Therefore, organizations should continuously 
create value in business in order to thrive in a dynamic environment (Teece et al., 
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1997). In this regard, organizations with superior resources and capabilities can 
create value better than their rivals (Peteraf & Barney, 2003).  
Different types of value propositions play an important role in organizational 

value creation processes (Pura, 2005; Sheth et al., 1991; Sweeney & Soutar, 2001).  
Multiple values influence the choice of users, such as consumers or stakeholders, 
including: functional value (reliability, convenience, performance), social value 
(social image, status), emotional value (comfort, trust, satisfaction), epistemic value 
(novelty, knowledge), conditional value (relative value depending on the 
environmental conditions) and monetary value, which is related to monetary benefits 
(reducing cost or increasing profits).  
IS research has studied value creation using a variety of theoretical frameworks 

and concepts, all centred around the use of resources and capabilities in an 
organizational context. Examples include the integration of IT and business strategy 
(digital business strategy) to create value in the context of digital business (Bharadwaj 
et al., 2013), the role of digitalization capabilities in co-creating value for servitization 
in manufacturing industries (Lenka et al., 2017), the role of digital organizational 
culture as a mechanism to generate value from digital technologies (Martínez-Caro 
et al., 2020), and exploring value-creating practices from social media in relation to 
digital innovation ecosystems (Suseno et al., 2018).  
As mentioned in Section 2.1, the IS literature has examined the potential of DAC 

for value creation in business organizations. Different types of value are generated 
as a result of deploying DAC in business. Much of the prior literature has focused 
on the role of resources in building DAC. However, there is a lack of understanding 
of how organizations can enhance DAC for achieving different types of value 
propositions. Figure 1 summarizes the main concepts related to value creation in 
business and shows the different types of business value. 
 

 

Figure 1.  Synthesis of value creation concepts and frameworks in the literature 
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In summary, this dissertation investigates the phenomenon of DAC 
enhancement through different theoretical lenses. In doing so, it helps generate a 
deep understanding of the components needed for enhancing DAC from the 
perspectives of resources, resource quality, cultural values and other organizational 
capabilities. Additionally, it provides a detailed understanding of resource 
interactions for capability development and value creation. Finally, the different 
theoretical lenses reveal how value can be realized through the enhancement of DAC 
in business organizations. Therefore, by approaching this phenomenon through 
different theoretical lenses, an in-depth understanding of DAC can be obtained.  
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3 RESEARCH DESIGN 

Chapter 3 describes the research design employed in this dissertation. The chapter 
begins by explaining the different philosophical assumptions underpinning research 
in general. The rationale for selecting the research paradigm for this study is provided 
here. Subsequently, the research methodology of the study is explained in detail. The 
various methods by which data were collected and analysed are also elaborated.  

3.1 Research paradigm 

Research inquiry in the IS field is rooted in certain philosophical beliefs and 
assumptions. The philosophical beliefs and assumptions of the researcher play an 
important role in guiding the research process or inquiry. Philosophy provides the 
foundation or principles for theoretical thinking (Moon & Blackman, 2014), 
particularly when conducting a scientific inquiry. Philosophy plays an influential role 
regarding the approaches researchers use in order to understand and conceptualize 
the world around them (Eriksson & Kovalainen, 2008).  
According to Eriksson and Kovalainen (2008), the philosophy of science 

embraces important concepts such as ontology, epistemology, methodology, 
methods and paradigm. Ontological beliefs and assumptions pertain to the nature or 
characteristics of reality, prompting questions such as “what is reality?” or “what is 
out there in the world?” These beliefs and assumptions about ontology are related 
to whether the reality is objective (independent of human beings) or subjective 
(existing due to human beings and their actions/interactions) (Orlikowski & 
Baroudi, 2002). Ontology can be objective or subjective (Moon & Blackman, 2014). 
The objective ontology, also referred to as realist ontology, argues that one objective 
reality exists (Lee & Saunders, 2017). The different kinds of realist ontology include 
naïve realism, structural realism and critical realism. Naïve realism, also known as 
direct realism, is about perceiving reality or the world as it is (Pernecky, 2016), 
indicating an unfiltered perception of reality (Byrne & Green, 2023). Structural 
realism states that the structure of reality can be observed using scientific theories, 
but not the nature of the reality itself (Ladyman, 2014). More specifically, even if 
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there are changes in theoretical conceptions, the underlying structure of reality 
remains unaltered (Worrall, 1989). The third kind of realist ontology is called critical 
realism, which acknowledges that reality exists independently of human knowledge. 
However, access to such a reality depends on – or is limited by – the methods or 
theoretical frameworks employed and necessitates critical examination to gain a 
comprehensive understanding (Mingers et al., 2013). Subjective ontology, also 
referred to as relativist ontology, argues that reality is based on the interpretation of 
individuals at a given time and place (Moon & Blackman, 2014). The two types of 
relativist ontologies comprise bounded relativism and relativism. Bounded relativism 
suggests that two groups of individuals experience reality differently and the 
subjective experiences of both these groups differ, but remains the same within 
groups due to shared understanding (Moon & Blackman, 2014). In other words, 
reality varies across groups but remains the same within groups. In contrast, 
relativism considers the existence of multiple realities, arguing that there is no single 
version of truth (Neyland, 2008). It is the belief that the world does not exist 
independently of human thought and must be understood through subjective 
experiences (Levers, 2013). Additionally, the presence of multiple truths enables 
researchers to understand the world through diverse interpretations (Guba and 
Lincoln, 1989).  
Epistemological assumptions and beliefs are related to how one can know or 

come in terms with this reality. In other words, questions concerning epistemology 
are related to knowledge, including “what is knowledge?”, “how to acquire 
knowledge?” (Willis, 2007), “how can knowledge be created?” (Moon & Blackman, 
2014) and “what are the scope and limits of knowledge?” (Myers, 2019). 
Epistemology can be divided into three types: objectivism, constructionism and 
subjectivism. Firstly, objectivism states that knowledge about the world is out there, 
independent of human existence, and that this knowledge is waiting to be discovered 
through various means (Bernstein, 1983). In objectivism, it is a question of knowing 
the world as it is (Schwandt, 2015) and the meaning of the objects is self-contained. 
In addition, objectivism is aligned with realist ontology, which argues the objective 
existence of the world (Denicolo et al., 2016). Secondly, constructionism states that 
meaning is created, and reality is understood through the interaction between a 
subject and an object. In other words, knowledge is constructed by human beings as 
they interact with the world around them, and social phenomena take shape as a 
result of such interaction (Hammersley, 2008). Thirdly, subjectivism refers to the 
experiences, interpretations and perceptions of individuals in relation to the world, 
while taking social and material conditions into consideration (Mills et al., 2009). 
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Therefore, what is considered real and true depends on the individual and takes into 
account an individual’s senses, thoughts, feelings and values (Sayre, 2001).  
In this dissertation, the ontological assumptions are grounded in relativism. The 

main research question focuses on three areas: understanding the components 
required for enhancing DAC, the interaction between these components for value 
creation, and the value realized through enhancing DAC. Understanding these areas 
necessitates information gathered from various individuals across different business 
organizations. These individuals and organizations experience the DAC 
phenomenon differently, influenced by the contexts in which they are situated. 
Therefore, multiple realities exist, and this needs to be thoroughly investigated to 
generate an enhanced understanding of the role of DAC in data-driven value 
creation. Understanding such phenomena demands the adoption of a relativistic 
stance.  
In this dissertation, the epistemological assumptions are rooted in subjectivism. 

The DAC phenomenon needs to be understood through the subjective perspectives 
of different individuals working in varied data-related roles. These individuals are 
confined by structural boundaries within their organizations, and it is important to 
know how they perceive data and data analytics, how they interpret its importance 
to their own organizational environment, what values they hold regarding its 
utilization in business, and how such values are pivotal in enhancing DAC and 
orchestrating DAC in organizations for value realization.  
There are two main philosophical perspectives employed in IS research: 

positivism and interpretivism. In positivism, researchers assume that reality exists 
independently of humans, and can, therefore, be understood, represented and 
evaluated objectively (Orlikowski & Baroudi, 1991). Positivism is aligned with the 
objectivist ontology and posits that knowledge about reality can be understood 
through the application of natural laws (Thorpe & Holt, 2008). In this regard, the 
concepts can be broken down or deconstructed into items that are measurable, can 
be scientifically tested, and the findings obtained via the positivist approach can be 
validated repeatedly. Epistemologically, positivist researchers set out to test pre-
existing theories, either to verify or falsify them. Thus, positivism utilizes the rules 
of formal logic and hypothetico-deductive logic (deductive reasoning) (Lee, 1991), 
to confirm or disconfirm theories. Primary data collection methods in IS research 
include sample surveys and controlled experiments (Orlikowski & Baroudi, 1991).  
The other important philosophical perspective in IS research is called 

interpretivism, which is closely aligned with the relativist ontology. In interpretivism, 
the researcher only has access to a socially constructed reality, the purpose of which 
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is to reflect understanding about a phenomenon (Willis, 2007). Therefore, 
interpretivists aim to reconstruct the subjective meanings that already exist in the 
socially constructed reality without any distortion (Goldkuhl, 2012). Instead of 
attributing a common set of patterns, interpretivists strive to understand a 
phenomenon by gathering insight from individual elements (e.g. cognitive elements) 
(Moon & Blackman, 2014). The real intention is to search for the socially constructed 
meaning (Corbetta, 2003). In IS research, interpretive research is mainly focused on 
generating a contextual understanding of IS, particularly the influence it has on a 
particular context and vice versa (Myers & Avison, 2002). Epistemologically, 
knowledge is constructed through interactions with the subject (where meaning 
already exists, and the meaning is attributed to an object) when interpreting the 
practices in a particular setting (Moon & Blackman, 2014; Orlikowski & Baroudi, 
1991).  
This study embraces interpretivism as the guiding research philosophy. Since 

organizational business processes, including those related to data and data analytics, 
are socially constructed, it is important to understand this reality from an 
interpretivist perspective. Given its value creation potential in business, it is 
important to investigate this phenomenon from multiple perspectives, particularly 
from the standpoint of those who are directly involved. By investigating the 
subjective meanings of organizational actors, those that are integral to data and data 
analytics business processes, this study aims to elaborate on/provide an 
understanding of the role of DAC in data-driven value realization in business 
organizations. Figure 2 shows the research design used in this dissertation.  
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Figure 2.  Research design of this dissertation  

3.2 Research methodology 

In contrast to quantitative research, which focuses on quantitative assessment (e.g. 
statistics), qualitative research focuses on the analysis of the qualitative aspects of 
human experience (Marvasti, 2004). Unlike quantitative research, which answers 
questions such as “how many?” or “what is the strength between variable A and 
variable B?”, qualitative research seeks to generate understanding by examining 
social processes (Rosaline, 2008). These social processes construct reality through 
the production and interpretation of cultural meanings (Eriksson & Kovalainen, 
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2008). Hence, qualitative research is particularly useful when little is known about a 
phenomenon, as it facilitates exploratory research to gather unique insights (Ghauri 
& Gronhaug, 2005; Rosaline, 2008). Qualitative research strives to provide a 
comprehensive understanding of business, which may be limited by quantitative 
research (Eriksson & Kovalainen, 2008).  
Qualitative research helps in uncovering the mechanisms that connect different 

variables, thereby making visible both the macro and micro aspects within 
organizations (Rosaline, 2008). In an IS context, it allows researchers to understand 
organizations, their actors, and the social and cultural contexts more extensively 
(Myers, 1997), thus providing a comprehensive understanding of IS phenomena in 
the business world. Furthermore, qualitative research places researchers in a position 
to observe the world through interpretive practices, allowing them to engage in 
interpretations and sensemaking successfully (Flick, 2018).  
In the field of IS, qualitative research has been utilized to explore a variety of 

phenomena, including the intrinsic motivation of students in e-learning (Shroff et 
al., 2007), IT-enabled transformation in the context of post-acute health care (Singh 
et al., 2011), technology acceptance of virtual worlds (Nardon & Aten, 2012), the 
role of IT-enabled crowdsourcing (Schlagwein & Bjørn-Andersen, 2014), IT-related 
bottom-up innovation among different types of communities (Zorina & Karanasios, 
2021) and organizational inertia and digital transformation (Kaganer et al., 2023).  
Qualitative research includes diverse methods, including but not limited to 

interviews, case study research, action research, ethnography, grounded theory 
research, focus group research, narrative research, critical research, discourse 
analysis, feminist research, observational field work, participant observation, 
document analysis and design research (Avenier & Thomas, 2015; Bryman, 2016; 
Eriksson & Kovalainen, 2008; Flick, 2018; Myers, 1997; Rosaline, 2008). These 
methods offer researchers various ways to investigate complex business phenomena. 
In the context of understanding the role of DAC in data-driven value realization, 
semi-structured interviews and case study research were selected as the primary 
research methods. The rationale for selecting these methods is explained in the 
following subsections.  

3.2.1 Case study method 

According to Yin (2013), case study research involves the inquiry or investigation of 
a research phenomenon, typically called the ‘case’, bounded within a real-world 
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scenario or context. For example, case studies can be used in a business context for 
collecting and investigating evidence regarding a particular company (Farquhar, 
2012). Additionally, case study research focuses on the dynamics occurring within a 
single case, and can be utilized to generate descriptions, which are important for 
creating insights (Eisenhardt, 1989).  

Since a case is a ‘bounded system’ (Creswell, 2007), it allows for a phenomenon 
to be examined and explored in its natural setting (Stake, 2009), which is one of the 
main strengths of this method. For example, it can be utilized for generating 
industry-specific, geographical and functional (e.g. marketing and accounting) 
insights (Farquhar, 2012). Furthermore, due to the exploratory nature of case studies, 
it can uncover unique characteristics associated with a phenomenon, and therefore 
does not require wider generalizations to prove its value (Lee & Saunders, 2017). 
There are different types of case studies, including single and multiple case 

studies. Siggelkow (2007) states that single case studies are particularly useful when 
providing new theoretical insights based on a real-life context. In addition, single 
case studies can close the gap between theoretical constructs and real-world 
phenomena. In addition, single case studies are chosen for investigating specific 
instances (Dubé & Paré, 2003) and because of their availability for performing 
exploratory study (Benbasat et al., 1987). In contrast, multiple case studies are mainly 
utilized for replicating and comparing findings through multiple lenses (Eisenhardt, 
1989), and for predicting familiar results across different cases to make analytical 
generalizations (Yin, 1994). In this dissertation, a single case study was conducted to 
gather rich insights regarding the development of digital services.  
According to Myers (2019), case studies are independent of philosophical 

positions and can therefore be positivist, interpretivist or critical research. The 
philosophical position also guides the data collection techniques. For example, case 
studies can utilize both quantitative and qualitative data collection methods, which 
is further defined by the research question of the study (Cassell, 2015). Quantitative 
data sources include surveys, experiments, external statistics, whereas qualitative data 
sources include interviews, focus groups, participant observation, internal reports 
and market research data (Farquhar, 2012). However, if the aim is to acquire a 
subjective understanding or an insider view of processes in a particular context, then 
interviews are appropriate for collecting data, which can act as a primary data source 
(Lee & Saunders, 2017). In this dissertation, the primary data for the case study was 
collected via semi-structured interviews, following an interpretivist approach.  
In IS research, case study research is often used for answering complex ‘how’ and 

‘why’ research questions. Examples include how organizational executives can build 
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or develop different capabilities in the context of electronic marketplaces (Koch, 
2010), investigating the use of metaphor by managers and employees for 
sensemaking during IS development within organizations (Hekkala et al., 2018) and 
exploring how workarounds are diffused within an organization to facilitate bottom-
up process innovation (Bartelheimer et al., 2023).  
In this dissertation, the case study research method was utilized in Publication I 

to understand how DAC and IS capabilities can coordinate to develop digital 
services. In this regard, a single case study was undertaken in a manufacturing 
company operating in the forestry industry. The organization has formulated a 
strategy to develop its digital services, aiming to boost sales and enhance the 
customer offering. Additionally, the case company was selected because of its recent 
decision (at the time of research) to embrace digitalization to offer new types of 
digital services. At the time of data collection, it had already been a couple of years 
since the company had made some structural changes, in particular, the creation of 
a new department dedicated to driving its customer offerings (e.g. digital services). 
Digital services have become an important part of the organization’s digital 
transformation efforts and serve as an interesting case for investigating how DAC 
and IS capabilities can jointly foster the development of digital services.  
The data for the case study came from different sources, including semi-

structured interviews (primary data collection method), company’s annual reports 
and website data (e.g. web release regarding new services). The interviews were 
conducted with the employees of the case organization, whose work is associated 
with providing digital services, for example employees associated with teams 
operating under the IT and digital services department.  
The interviews were administered with experienced personnel from different 

teams in the selected organization in the months of June and July 2022. A total of 
nine semi-structured interviews were carried out in English. The author had the 
opportunity to conduct the interviews virtually and in-person. The length of each 
interview was 60 minutes. The interviewees provided consent for recording and 
transcribing the interviews for research purposes. For the online interviews, 
Microsoft Teams was used.  
Additionally, the author utilized the company’s annual reports for the preceding 

five years and recent web release data. These additional sources of data were utilized 
to gain a deeper understanding of the case company and serve as multiple truths. All 
sensitive information such as the names of the services, people, products and the 
organization itself were anonymized to ensure privacy and integrity.  
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3.2.2 Interview method 

Research interviews are one of the primary sources for gathering qualitative research 
data and help generate an enhanced understanding of a research topic (Wengraf, 
2001). The main strength of this method is that interviewers are granted access to 
rich personal data, including interviewees’ thought processes, beliefs, perceptions, 
experiences, motivations, values and interpretations concerning the research topic 
(Morris, 2015). In this regard, interviews delve beyond basic facts such as “who?”, 
“what?”, “when?” and “where?” to explore questions related to “how?” and “why?”, 
thereby allowing researchers to explore and explain a research topic in depth (Guest 
et al., 2013). Furthermore, researchers or interviewers actively construct knowledge 
during their interaction with interviewees, integrating diverse viewpoints to achieve 
a comprehensive understanding of the subject (Kvale, 2007; Myers & Newman, 
2007). The interview method is appropriate, especially when something is relatively 
little known about a research topic (Rowley, 2012). 
Interviews usually involve an interviewer (researcher) and an interviewee 

(research participant) and are conducted on a one-to-one basis. They involve the 
utilization of open-ended questions, inductive probing (e.g. asking questions based 
on the interviewee’s response), and is designed to look and feel like a conversation 
(Guest et al., 2013). Interviews require the interviewer to guide the conversation 
skillfully to gather expert knowledge from interviewees who have direct experience 
with the research topic (Morris, 2015). Throughout the process, interviewees are 
encouraged to elaborate and explain their answers, ensuring a holistic understanding 
of their viewpoints. 
There are three main types of interviews: structured, unstructured and semi-

structured. In this dissertation, semi-structured interviews were chosen for the 
following reasons. Firstly, they allow for improvisation during the interview due to 
the unpredictable nature of interviewees’ responses, facilitating dynamic interaction 
(Wengraf, 2001). Furthermore, semi-structured interviews combine elements of 
structured interviews (e.g. planned questions), unstructured interviews (e.g. 
unpredictable conversation), general facts (e.g. common processes) and narrow 
topics (e.g. personal experiences and unique knowledge) (Guest et al., 2013). 
Secondly, in this format, the interviewee is encouraged to narrate a story, which does 
not limit the amount of information being shared (Wengraf, 2001), thereby 
contributing to more depth and detail. Thirdly, this method allows the interviewer 
to seek clarification of the meaning of a particular response or answer (Morris, 2015). 
Therefore, this allows the researcher to ask new questions and seek further 
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clarifications (Doody & Noonan, 2013). Finally, it is one of the common interview 
methods used in IS research and is effective in exploring complex IS phenomena 
(Myers & Newman, 2007). Hence, in this study, semi-structured interviews were 
utilized as the primary research method.  
Interviews are conducted in various ways, including face-to-face, telephone, MSN 

messenger, email, video interviews or video conferencing (Opdenakker, 2006; 
Salmons, 2014). In this study, the majority of the interviews were conducted using 
video conferencing tools for several reasons. Firstly, in the aftermath of the COVID-
19 pandemic, many interviewees preferred video interviews due to their flexibility 
and comfort. This allowed them to participate from their preferred location. This 
also meant that some of the interviewees had the opportunity to reschedule the 
interviews if necessary. Secondly, these interviews were conducted remotely, which 
significantly saved any travel, food and accommodation costs for the researcher. As 
the majority of the interviews were conducted remotely, this may have limited the 
ability to capture non-verbal cues and the degree of openness that in-person 
interviews could facilitate as a result of trust. 
The interviews were conducted between March 2022 and April 2023. A total of 

20 stand-alone semi-structured interviews were conducted. The interview design 
included participants working in various data-related roles in business organizations. 
The sample comprised data analysts, data scientists, chief executive officers (CEOs), 
consultants, heads of data, data product owners, data product managers, a pricing 
analyst and an AI engineer. The participants were chosen because of their work 
experience concerning the application of data and data analytics in their workplace. 
These participants have direct experience of being part of different data-related 
business processes. Furthermore, their ability to operate in data analytics work 
environment proved vital in their inclusion for this research project. Additionally, 
the interviewees’ prior industry experience was also an important factor. 
Another reason for selecting stand-alone semi-structured interviews was that 

accessing individual participants across organizations facilitated a much broader 
understanding of DAC enhancement. Since data and data analytics practices differ 
across organizations, these cross-organizational interviews provided both breadth 
and depth in examining DAC enhancement.   
The interviewees were located in different countries, including Finland, Sweden, 

the Netherlands, USA and Canada, although most of the interviewees were from 
Finland. The interviewees were selected through contacts in the industry and also 
based on recommendations by the interviewed participants. The interviews were 
conducted online via tools such as Microsoft Teams and Zoom. These tools allowed 
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the interviews to take place irrespective of the interviewee location, and also helped 
in rescheduling the interview when needed. The tools also helped the author to 
record the interview (audio and video). In addition, these tools saved time with 
regard to transcription. Even though the transcriptions were not perfect, it saved 
considerable time. Regarding the language, the interviews were conducted in English. 
Each interview lasted about 60 minutes, with one or two interviews extending to 70-
75 minutes as the maximum time. The interviewees were asked for their consent 
before the conversations were recorded. In this dissertation, the stand-alone semi-
structured interviews were utilized in Publication V, whereas a combination of stand-
alone semi-structured interviews along with the interviews from the case study were 
utilized in Publications II, III and IV.  

3.3 Data analysis 

In this dissertation, thematic analysis was utilized to analyse qualitative data using 
Atlas.ti qualitative data analysis software. Thematic analysis is widely used in 
examining qualitative data to answer various types of research questions, offering 
flexibility and structure to the researcher. For instance, it allows the researcher to 
make sense of the central concepts in qualitative data. Thematic analysis is a form of 
data analysis that emphasizes the identification, organization and interpretation of 
themes contained in textual data (King & Brooks, 2017; Myers, 2019). According to 
Braun and Clarke (2006), thematic analysis is a method for uncovering and 
interpreting patterns in qualitative data. The steps involved include becoming 
familiar with the data, producing initial codes, discovering themes, 
inspecting/reviewing themes, establishing themes and, finally, making a report.  
In thematic analysis, the themes do not exist independently of the researcher, but 

rather require the researcher’s involvement and interpretation (Guest et al., 2012). 
Themes are unique and recurring features that reflect the participants’ experiences 
and perceptions and are salient for answering a particular research question (King & 
Brooks, 2017). Themes are implicit and explicit ideas generated from qualitative data, 
and the researcher utilizes the themes to explain certain research phenomena (Guest 
et al., 2012; Myers, 2019). In thematic analysis, it is important that the analysis 
conveys a well-structured story about the data and the research topic (Terry et al., 
2017).  
Thematic analysis is particularly suited for examining a research phenomenon 

through an interpretivist lens for the following reasons. Firstly, both thematic 
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analysis and interpretivism facilitate the understanding of subjective experiences and 
perceptions of individuals, where the researcher’s interpretive stance plays a major 
role in generating and interpreting the codes and themes (Braun & Clarke, 2006). 
Secondly, thematic analysis offers researchers the flexibility to analyse certain 
sections of the dataset, which is beneficial when dealing with complex phenomena 
(Braun & Clarke, 2006; Guest et al., 2012). Thirdly, through interpretivism and 
thematic analysis, researchers can generate a contextual understanding of the data, 
thus facilitating a deep understanding of the interviewees’ experiences (Guest et al., 
2012).  
The first step in the coding process is open coding, where codes are generated 

either inductively or deductively, thus initiating the analysis process (Kuckartz, 2014). 
The codes are derived from the interpretation of the interviewees’ quotes and 
statements. The next step is first-order coding, where these codes are further 
abstracted to a higher level to form important code categories. Here, the codes are 
organized in a meaningful format, and the goal of first-order coding is to simplify 
the coding process (Saldaña, 2013). In this stage, the codes are summarized 
descriptively. In the next stage, second-order coding, the first-order codes are 
categorized into higher-order code categories. For example, these codes reflect a 
higher-level understanding of the qualitative data, thereby facilitating the 
development of conceptual frameworks (Gioia et al., 2013). Second-order coding 
serves as an important bridge between raw data and the researcher’s insights, 
facilitating the creation of themes. These themes are not only data-driven but are 
also aligned with the existing literature, thus making sure that the findings contribute 
to academic discourse.  
In this dissertation, thematic analysis was utilized to conduct data analysis across 

all the publications. In Publication I, themes were identified that link IS capabilities 
with DAC’s technical, managerial and organizational dimensions for digital service 
development. In Publication II, themes were generated that link organizational 
culture and DAC development and vice versa. In Publication III, themes connecting 
organizational learning and DAC development were explored. In Publication IV, 
themes were established connecting data quality with DAC, data system quality with 
DAC, and data service quality with DAC. In Publication V, themes connecting 
DAC’s socio-technical components and value creation were generated, based on the 
interview data. Across all of the publications, the thematic analysis process included 
open coding, first-order coding and second-order coding. The coding process 
facilitated the development of themes within each article. Table 5 presents an 
overview of the research method associated with each article in this dissertation.
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Table 5.  
Overview of the research methods according to each article  

Publication 
R
esearch question(s) 

R
esearch m

ethod 
Them

es 
 

 
I 

H
ow
 can D

A
C and IS capabilities w

ork 
together 

for 
digital 

service 
developm

ent 
in 

business 
organizations? 

C
ase 

study: 
9 
sem

i-
structured 

interview
s, 

Secondary data sources: 
com

pany annual reports 
and 

inform
ation 

from
 

the com
pany w

ebsite 

1) 
IS 
capabilities 

facilitating 
D
A
C
 
technical 

dim
ension for digital service developm

ent  
2) IS capabilities facilitating D

A
C
 m
anagerial 

dim
ension for digital service developm

ent  
3) IS capabilities facilitating D

A
C
 organizational 

dim
ension for digital service developm

ent 
 II 

H
ow
 
does 

organizational 
culture 

influence D
A
C?  

H
ow
 

does 
D
A
C 

influence 
organizational culture? 

Sem
i-structured 

interview
s: 24 interview

s 
in total, five of w

hich 
w
ere from

 the case study  

1) Influence of organizational culture on D
A
C
  

2) Influence of D
A
C on organizational culture 

 III 
H
ow
 
do 

business 
organizations 

develop D
A
C through organizational 

learning? 

Sem
i-structured 

interview
s: 16 interview

s 
in total, three of w

hich 
w
ere from

 the case study 

1) Intuiting and D
A
C developm

ent 
2) Interpreting and D

A
C
 developm

ent 
3) Integrating and D

A
C
 developm

ent 
4) Institutionalizing and D

A
C developm

ent 
 IV
 

H
ow
 
is 
the 

quality 
of 
data-related 

resources related to the developm
ent 

of 
D
A
C 

for 
enhancing 

business 
perform

ance? 

Sem
i-structured 

interview
s: 19 in total, 

nine of w
hich w

ere from
 

the case study 

1) Link betw
een data quality and D

A
C
,  

2) Link betw
een data system

 quality and D
A
C
,  

3) Link betw
een data service quality and D

A
C
,  

4) Link betw
een D

A
C and business perform

ance 
 V
 

H
ow
 

do 
the 

socio-technical 
com

ponents of D
A

C’s STS interact 
w
ith each other in creating value in 
business organizations? 

Sem
i-structured 

interview
s: 20 in total 

D
A
C
-enabled value creation – 1) Technology 

perspective, 2) A
ctor perspective, 3) Structure 

perspective, 4) Task perspective 
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4 SUMMARIES AND MAJOR FINDINGS FROM 
INDIVIDUAL PUBLICATIONS 

Chapter 4 outlines the enhancement of DAC in organizations from the perspective 
described in the individual publications. Each publication addresses a particular 
research question that contributes to answering the overarching research question 
of this dissertation. The following subsections provide summaries of the individual 
publications.   

4.1 Publication I: Data analytics capabilities for digital service 
development 

Digitalization and digital transformation have various implications for organizations 
operating in traditional industries, such as manufacturing. Digitalization has pushed 
these organizations to provide digital services to their customers, which are often 
seen as novel services that provide added value. Therefore, developing digital 
services has become a necessity for creating value (e.g. enriching the customer 
experience). Providing digital services involves the utilization of various data and 
analytics techniques and DAC is a prerequisite for providing successful digital 
services.   
Organizations seldom rely on a single capability; instead, they have a multitude 

of capabilities. In other words, a configuration of capabilities works together to 
create organizational value (Park & Mithas, 2020). In this regard, IS capabilities have 
been argued to be foundational in providing digital services and, consequently, in 
achieving digital business value (Riera & Iijima, 2019). However, little research has 
been focused on understanding the integration of capabilities in developing digital 
services. Therefore, Publication I bridges this gap by investigating how IS capabilities 
and DAC can work together for digital service development.  
In Publication I, a single case study was administered at a manufacturing 

company. Digital services have become an important component in supporting the 
company’s strategy, especially in assisting the sales department to achieve higher 
sales volumes. Additionally, to tackle the competition in the forestry industry, the 
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organization decided to provide customer-centric digital services by integrating 
forest machines with digital components such as data, advanced hardware and 
software. This company was selected as an ideal site for investigating how IS 
capabilities and DAC can work together in developing digital services. The 
interviews were carried out with personnel belonging to the digital services and IT 
department.  
A thematic analysis was conducted to identify themes from the case study data. 

Publication I shows that IS capabilities facilitated DAC for digital service 
development from three perspectives. Firstly, IS capabilities supported DAC’s 
technical dimension for digital service development. The factors making up the 
technical dimension include the following: 1) data, data analytics and APIs, where IS 
skills, IS-enabled synergy and IS infrastructure play vital roles in providing data (e.g. 
real-time data) and data-related services (e.g. provisioning data via APIs) and 2) the 
data platform, where the IS infrastructure provides the foundation for data collection 
and processing. The collected data is then transformed into predictive analytics and 
visualizations as part of the digital service offering. These digital services allow 
customers to manage their businesses efficiently.  
Secondly, IS capabilities assisted the DAC managerial dimension for digital 

service development. The factors contributing to this theme include: 1) digital 
experience design, where IS skills associated with user experience (UX) is responsible 
for providing design thinking. This design thinking allows DataPlat, a data platform, 
to integrate modular elements, such as customizable widgets for better data and 
information visualization, 2) cross-team collaboration, where IS-enabled synergy 
allows different teams within the department to maintain visibility concerning 
different processes. This collaboration is important for ensuring customer 
understanding, addressing issues, ensuring alignment, and the timely delivery of 
products and digital services, and 3) digital marketing competencies, where the IS-
enabled customer orientation capability helps marketing teams create processes for 
generating customer understanding. For example, a customer-centric focus 
encourages marketing teams to associate closely with customers via digital means. 
This requires the use of different methods to gather data, which is later used for 
segmentation and building better relationships with the customers. In addition, IS 
skills and IS infrastructure are used as resources for achieving these objectives.  
Thirdly, IS capabilities supported the organizational dimension of DAC in the 

development of digital services. A data-driven culture was identified as the 
contributing factor in this theme. This culture is driven by IS capabilities in the form 
of IS-enabled intangibles, IS skills and IS infrastructure. The conversation 
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surrounding data is embedded within the organization. Every team within the IT and 
digital services department has reorganized around data to enhance their digital 
service offerings. The IS capabilities of the organization drive the data-driven culture 
and solve customers’ problems through the digital service offering. This offering 
includes data extraction, data processing and ensuring that data is usable for the 
customers’ business requirements. The main value comes from reducing complexity 
for the customer throughout the process. Figure 3 shows how the IS capabilities 
support different dimensions of DAC for digital service development.  

 

Figure 3.  IS capabilities that facilitate DAC for digital service development (Publication I)  

Publication I provides an examination of IS capabilities, including IS-enabled 
intangibles, IS skills and IS infrastructure, to facilitate the different dimensions of 
DAC, i.e. managerial, technical and organizational, for digital service development. 
The paper shows that organizations must integrate DAC with IS capabilities in order 
to provide their customers with successful digital services. IS capabilities enhance 
DAC across these three dimensions to develop digital services.  
Publication I contributes theoretically to the DAC literature, particularly in the 

area of DAC-enabled value creation. Firstly, it provides insights into the role of IS 
capabilities in supporting the different dimensions (i.e. managerial, technical and 
organizational) of DAC for digital service development. It does so by explicating the 
association between the capabilities. Secondly, the publication investigates the 
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different dimensions of DAC, specifically the components that make up these 
dimensions in the development of digital services. Furthermore, the study clarifies 
the boundary between the two capabilities, which could help guide better resource 
investment and orchestration in the context of digital services. 
Publication I makes practical contributions by revealing how organizations can 

utilize their IS capabilities to develop DAC across different dimensions for digital 
service development. The publication encourages organizations to emphasize the 
different components that make up the dimensions of DAC when developing their 
digital services.  

4.2 Publication II: Examining the interplay between organizational 
culture and data analytics capabilities 

Organizations utilize data in business for different purposes, ranging from decision-
making support to enhancing their business processes, ultimately to create business 
value. Data is deemed a vital organizational resource for the above-mentioned 
purposes. In this regard, organizations need to enhance their DAC to harness the 
full potential of data and data analytics.  
The enhancement involves different factors, including organizational-level 

factors, such as organizational culture. According to the prior literature, 
organizational culture, comprising cultural values and beliefs, influences the 
development of various technology-related capabilities, including knowledge 
management capabilities, absorptive capacity and marketing capabilities. On the 
other hand, the enhancement of organizational capabilities also influences the 
cultivation of new cultural values and beliefs.  
Publication II examines the interplay between organizational culture and DAC in 

business organizations. It highlights the lack of research on the interplay between 
organizational culture and DAC, investigating how the two mutually influence each 
other in an organizational context. In particular, the study investigates how 
organizational culture (e.g. values) facilitates DAC development, and, in turn, how 
the development of DAC can foster a new data-driven culture (e.g. data-driven 
values). To investigate the interplay between the two, a value-based 
conceptualization of organizational culture was utilized to identify which cultural 
values lead to the development of DAC, and conversely, how DAC can change 
organizational cultural values.   
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A qualitative study was used in this publication and 24 interviews were carried 
out with data-related experts from various organizations to gather data. The data was 
analysed thematically to generate the following themes: the influence of 
organizational culture on DAC and the influence of DAC on organizational culture.  
Firstly, with regard to the influence of organizational culture on DAC, the factors 

identified in Publication II were collaboration (e.g. synergy between different 
groups), leadership commitment (e.g. prioritizing data analytics in business), 
customer-centric values (e.g. use of data analytics to address customer demands), 
learning (e.g. data literacy), expertise (e.g. skill development), data governance (e.g. 
improving data quality) and technology utilization (e.g. technology investment) as 
important cultural values enabling the enhancement of DAC in organizations.  
Secondly, with regard to the influence of DAC on organizational culture, various 

cultural values were identified in Publication II that are influenced by the 
development of DAC in organizations. These values include data-driven decision-
making (i.e. using data to support business decisions), data-driven learning (i.e. 
learning through data analytics projects), data-driven efficiency (i.e. achieving 
efficiency through data analytics), data-driven expertise (i.e. expertise that relies on 
data and data-related tools), data-driven monetization (i.e. creating revenue through 
data and data analytics) and data-driven technology utilization (i.e. increased 
utilization of data analytics).  
The influence of organizational culture on DAC is observed across three 

dimensions as follows:  
1. Management dimension: management of data quality, alignment between 

data analytics and business, and collaboration regarding data analytics in 
business. 

2. Technical dimension: access to data, enhancement of data quality, data 
product development, and hardware and software development. 

3. Skills/knowledge dimension: knowledge associated with data analytics 
processes and both technical and managerial expertise related to data and data 
analytics.  

Therefore, in Publication II it was concluded that organizations must recognize 
and cultivate cultural values to enhance DAC. Additionally, to generate a culture of 
data-drivenness across different cultural dimensions, organizations must enhance 
their DAC. Finally, this suggests that the interplay between the two may be cyclical 
in nature.  
In this publication, theoretical contributions are made to the IS literature by 

examining the mutual influences between organizational culture and DAC in 
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organizations. Cultural values play an important role in enhancing DAC, which is 
further instrumental in shaping data-driven values, thus transforming the 
organizational culture into a data-driven culture. It was demonstrated in Publication 
II that organizations should foster data-related capabilities, such as DAC, in order 
to transform their culture.  
Practical contributions are made by providing organizations with guidelines for 

aligning organizational culture with overall data strategy. In this regard, the cultural 
values needed for organizations to enhance DAC are identified. Furthermore, it 
provides a basis for efficient resource allocation in alignment with those cultural 
values. Additionally, it reveals that the interplay between organizational culture and 
DAC could be continuous. Thus, organizations should conduct their business with 
this interplay in full consideration. Figure 4 shows the interplay between 
organizational culture and DAC described in Publication II.  

 

Figure 4.  Interplay between organizational culture and DAC (Publication II)  
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4.3 Publication III: Developing data analytics capabilities through 
organizational learning 

The value created by using DAC is acknowledged in Publication III. The ability to 
utilize data to drive business value further underscores the importance of enhancing 
DAC in business. One way of doing this is through organizational learning, a process 
that involves individual thought, shared action and the embedding of knowledge in 
organizations (Vera et al., 2012). The prior literature has explored the role of 
organizational learning in enhancing different types of organizational capabilities, 
such as IT-enabled crowdsourcing capabilities and crisis management capabilities, 
among others.   
Organizational learning has also been investigated in the DAC literature, for 

example, as an important prerequisite for DAC-enabled value creation. Prior IS 
studies have primarily focused on translating data into knowledge by using 
organizational learning as a lens. Existing research also emphasizes organizational 
learning as a vital component for exploring DAC. However, little research has 
focused on how DAC can be enhanced through organizational learning. Therefore, 
Publication III examines how organizations can enhance their DAC through 
organizational learning. This investigation bridges the gap in comprehending how 
learning can take place at the individual, group and organizational levels to enhance 
DAC in business organizations.  
In, Publication III, we utilized Crossan et al.’s (1999) 4I model of organizational 

learning, a structured framework that illustrates how learning occurs at the 
individual, group and organizational levels. The framework, or the 4I model, 
comprises four stages, namely intuiting, interpreting, integrating and 
institutionalizing. The four stages collectively represent the process of organizational 
learning. 
Data was collected using 16 semi-structured interviews with data-related experts 

(e.g. data scientist, data analyst, data engineer, CEO etc.,) from various organizations. 
Thematic analysis was used to analyse the data. Four themes emerged following the 
organizational learning framework, each aligned with a stage in the 4I framework 
and represented by associated sub-dimensions.  
The four themes identified were as follows:  
1. Intuiting and DAC development: The factors associated with this theme 

include leveraging prior technical experience, intuitive understanding of data 
for business and intuitive recognition of the data deployment process. These 
factors are present at the individual level.  
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2. Interpreting and DAC development: Factors such as collective sensemaking 
and iterative interpreting represent this dimension at both the individual and 
group levels.  

3. Integrating and DAC development: The factors representing this theme 
include coordinated actions, refining processes, experimenting and 
evaluating, and adapting at the group and organizational levels.  

4. Institutionalizing and DAC development: In this theme, institutionalizing 
new processes, facilitating a data-driven decision-making culture, 
institutionalizing new data quality standards and automating existing 
processes were identified as the factors contributing to organizational 
learning at the organizational level. Figure 5 shows the enhancement of DAC 
through organizational learning described in Publication III. 

 

Figure 5.  Enhancing DAC through organizational learning (Publication III) 

In Publication III, it is shown how the above-mentioned factors represent 
learning at each stage and across different levels. The study also shows how 
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organizational learning is a step-by-step process that contributes to the enhancement 
of DAC in business.  
In Publication III, theoretical contributions are made to the DAC literature by 

exploring the function of organizational learning as a mechanism for enhancing 
DAC. It discusses the enhancement of DAC at different organizational learning 
stages and across various levels. With regard to practical contributions, this 
publication guides managers and practitioners on the importance of organizational 
learning for enhancing DAC. Organizations should prioritize learning at different 
stages and levels while utilizing their resources to enhance DAC.  

4.4 Publication IV: Developing data analytics capabilities: 
integrating the information systems success model and the 
resource-based view 

The concept of resources in building DAC has been a central topic of investigation 
in IS research. There is no shortage of research on DAC-related value creation, 
especially concerning the impact of DAC in achieving business performance, such 
as supporting decision-making and enhancing customer experience.  
Existing research has emphasized the importance of building DAC through both 

tangible and intangible data-related resources. Prior research argues the centrality of 
efficient data-related resource orchestration as an antecedent to achieving success 
with data-related resource investments. Organizations can also face failure if they do 
not know how to apply or orchestrate resources effectively. In this regard, 
Publication IV emphasizes the importance of resource quality as a critical factor in 
ensuring success with regard to data-related resource investments, especially in 
enhancing both DAC and business performance.  
Resources that contribute to sustained competitive advantage in business follow 

the foundational principles of RBV, possessing VRIN attributes. In Publication IV, 
quality-dominant logic (Prahalad & Bettis, 1986) is utilized as a key concept in 
investigating the impact of data-related resource quality on DAC and business 
performance, specifically in the former’s development and the latter’s enhancement. 
Quality-dominant logic ties quality to superior performance in organizations. Hence, 
the perspective of resource-quality was utilized in this study.  
Additionally, the RBV and the IS success models were utilized in Publication IV 

as theoretical lenses to understand the link between data-related resource quality and 
DAC development in enhancing business performance in organizations.  
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A qualitative methodology was used in this study. The research data was obtained 
by administering semi-structured interviews with participants working with data and 
data analytics in their workplace. A total of 19 semi-structured interviews were 
conducted, which were considered sufficient to answer the study’s research question. 
The data was analysed thematically (Boyatzis, 1998), and the themes were mapped 
according to the three dimensions of the IS success model: information quality (data 
quality), system quality (data system quality) and service quality (data service quality).  
The thematic analysis resulted in the following themes: 
1) The link between data quality and DAC: The resources contributing to this 

theme were data ownership, data sources and data reliability. 
2) The link between data system quality and DAC: Resources such as distributed 

infrastructure, data platforms, hardware and software for data use, and data 
storage collectively contribute to data system quality.  

3) The link between data service quality and DAC: The data service quality 
dimension includes resources such as domain knowledge, collaboration, 
alignment of data analytics with business, and data-related expertise.  

4) The link between DAC and business performance: DAC was connected to 
business performance through its ability to increase revenue, save costs, 
enhance customer satisfaction and support decision-making. 

Evidence was provided in Publication IV of the importance of considering both 
resources and their quality when enhancing DAC. This enhancement is also reflected 
in the organizations’ business performance. The three dimensions, namely data 
quality, data system quality and data service quality, augment the resource quality 
perspective showcased in Publication IV.  
This publication contributes theoretically to both the IS success model and the 

RBV. It shows what resources are required for enhancing DAC from the perspective 
of resource quality. The integration of these two theories provides a new perspective 
concerning the enhancement of DAC. It also demonstrates the role of three quality 
dimensions in this context. Furthermore, the publication identifies key aspects that 
constitute every single quality dimension for DAC enhancement, in addition to its 
influence on business performance. The study also explains the role of data service 
quality, which reflects a socio-technical configuration of data, technology and human 
resources for enhancing DAC and improving business performance.  
Regarding practical contributions, Publication IV provides guidance to 

organizations by emphasizing the importance of investing in key data-related 
resources and maintaining their quality to enhance DAC and business performance. 
The study recommends that organizations focus on key resource aspects to ensure 
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their quality. Additionally, it shows the importance of DAC in enhancing business 
performance. Therefore, organizations should formulate strategies that focus on 
maintaining the quality of data-related resources, as this is vital for enriching both 
DAC and business performance. Figure 6 (taken from Publication IV) shows the 
resource quality model for enhancing DAC and business performance.  

 

Figure 6.  Resource quality model for enhancing DAC and business performance (Publication IV)  

4.5 Publication V: Value creation through data analytics 
capabilities: a socio-technical systems theory perspective 

Prior IS literature has investigated the value creation potential of IS in organizations, 
especially from the standpoint of STS. The process of creating value using IS follows 
a socio-technical phenomenon involving both social and technical subsystems 
(Bostrom & Heinen, 1977). The social subsystem consists of the actor and the 
structure components, while the technical subsystem consists of the technology and 
task components. Together, these components represent the organizational work 
system.  
Value creation using DAC has also been examined using the STS theory. 

However, the examination focuses on the process of value creation using the four 
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socio-technical components, for example, the interaction between task-technology 
and the accomplishment of tasks through other components. In this regard, 
Publication V specifically addresses how the four socio-technical components of 
DAC interact to create value in organizations.  
The investigation utilized STS theory as the main theoretical lens for 

understanding the interactions among the four socio-technical components of DAC. 
The data collection involved 20 semi-structured interviews with experts working in 
data-related roles in their daily work life. The data was analysed using thematic 
analysis, and four themes associated with the STS theory and DAC-related value 
creation were generated.  
The four themes are as follows: 
1. DAC-enabled value creation – Technology perspective: The technology 

component of DAC creates value using technology hardware and software, 
such as by ensuring data availability. The technology component also 
interacts with other components such as the actor (e.g. enhancing the actor’s 
tasks), structure (e.g. providing teams with more autonomy) and task (e.g. 
assisting with organizational tasks) to create value.  

2. DAC-enabled value creation – Actor perspective: DAC’s actor component 
involves value creation based on human expertise, for example, assisting 
other personnel with data and data analytics tasks. The actor component also 
interacts with other components such as structure (e.g. data analytics 
adoption in the organization), technology (e.g. efficient usage of data and 
analytics) and task (e.g. aids in sourcing external data for different 
applications) to create value.   

3. DAC-enabled value creation – Structure perspective: The structure 
component of DAC creates value by organizing or managing structural 
elements, thus facilitating usage of data analytics in the organization, for 
example, fostering business understanding through decentralized structures. 
The structure component also interacts with other components such as actor 
(e.g. providing freedom for actors to work with data), technology (e.g. 
investments in high-quality technology) and task (e.g. task control) to create 
value.  

4. DAC-enabled value creation – Task perspective: The task component creates 
value by breaking tasks into smaller tasks. This allows organizations to 
develop data analytics solutions effectively, for example. The task component 
also interacts with the technology (e.g. adoption of new technologies), actor 
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(e.g. developing skills) and structure (e.g. new structures for collaboration) 
components to create value.  

The interaction between the four socio-technical components of DAC is 
examined in Publication V. Additionally, this study reveals a deep understanding of 
the different types of value in relation to each component.  
Regarding the theoretical contributions, firstly, it extends the discussion on DAC 

by investigating its four STS components through the lens of STS. It shows how the 
components interact to create value. Secondly, the publication provides an enhanced 
understanding of the synergies between the components and the value created due 
to their interactions, thereby enriching existing IS studies. Thirdly, the study extends 
the application of STS theory in the context of DAC, showcasing DAC-enabled 
value creation as a socio-technical phenomenon.  
Regarding practical contributions, firstly, this study provides guidance to 

organizations on viewing DAC-enabled value creation as a socio-technical 
phenomenon, suggesting managers take into consideration both the technical and 
social subsystems when investing and managing data-related resources in business. 
Secondly, this study recommends that managers ensure smooth interaction between 
DAC’s socio-technical components in order to enhance DAC to achieve the 
organization’s strategic objectives.  
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5 DISCUSSION OF THE FINDINGS 

Chapter 5 discusses the findings from each publication and aligns them with the 
dissertation’s research question. It should be noted that all publications contribute 
to answering the research question: How can business organizations enhance their DAC for 
value realization? However, there are three sub-research questions that contribute 
towards answering the overarching research question.  
The investigation specifically focuses on organizations operating in the private 

sector. Although the individual publications address a particular research question, 
they all align with the dissertation’s main research question. The insights from each 
publication provide a unique perspective concerning the enhancement of DAC in 
business organizations for value realization. The qualitative insights from each 
publication are discussed in the following subsections.   

5.1 What are the components of DAC?  

The enhancement of DAC in organizations begins with the identification of the 
different components. Prior IS research has identified these components in the form 
of different resources. There are a multitude of studies that utilize the RBV to 
identify the resource components necessary for building DAC in business (Garmaki 
et al., 2023; Gupta & George, 2016; Jha et al., 2020; Mikalef et al., 2018; Wamba et 
al., 2017; Zhang et al., 2020).  
These resources are related to the following contexts: technological (i.e. technical 

infrastructure, including hardware and software), organizational (i.e. organizational 
culture, organizational learning, management control and planning); and finally, the 
human context, which is related to technical skills, managerial skills, business 
knowledge etc.  
In the context of this dissertation, Publications I, II, IV and V not only 

acknowledge previous research with regard to different data-related resources but 
also delve deeper into the components for DAC enhancement through different 
theoretical lenses. The integration of IS capabilities and DAC for digital service 
development is examined through the capability lens in Publication I.  In Publication 
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II, the mutual influence of organizational culture and DAC is investigated through 
the organizational culture lens. In Publication IV, the RBV and the IS success model 
are integrated to explore the influence of data-related resource quality in enhancing 
DAC and business performance. Finally, the STS perspective is used in Publication 
V to unravel the socio-technical interactions of DAC for value creation in 
organizations.  
In Publication I, IS capabilities such as IS-enabled intangibles, IS skills and IS 

infrastructure are identified as key components that facilitate DAC for value 
creation. DAC is found to comprise different data-related resources, including data, 
predictive analytics, data platforms, cross-team collaboration, domain knowledge 
(e.g. digital marketing competencies in a manufacturing context) and a data-driven 
culture. The resources associated with DAC are conceptualized along three 
dimensions: technical, managerial and organizational.  
It is demonstrated in Publication I that each of the DAC dimensions (technical, 

managerial and organizational) is facilitated by IS capabilities, particularly IS-enabled 
intangibles, IS skills and IS infrastructure. This finding reveals that the prerequisites 
of DAC not only include various data-related resources but also other IS capabilities, 
thereby highlighting the integration of DAC with other capabilities for value 
creation.  
In Publication I, the integration of DAC with other capabilities is examined in 

the context of manufacturing. The study shows that IS capabilities are crucial in 
enhancing DAC, especially in facilitating the technical, managerial and organizational 
components of DAC to achieve value, such as the development of digital services. 
This demonstrates that, in order to enhance DAC for value creation, organizations 
should utilize or leverage IS components. It also reveals that DAC is not only 
dependent on data-related resources but also on its synergistic integration with IS 
capabilities.  
In Publication II, the components associated with organizational culture are 

identified in the form of values. In contrast to the prior literature that emphasizes 
the importance of organizational culture for DAC, for example, see Danielsen et al. 
(2021), Gupta and George (2016), Hyun et al. (2020), Morimura and Sakagawa 
(2023), Sabharwal and Miah (2021) and  Sheng et al. (2021), Publication II examines 
the organizational cultural values that lay the foundation for enhancing DAC. These 
values either foster or hinder the enhancement of DAC in organizations.  
Values such as collaboration, leadership commitment, customer-centricity, 

learning, expertise, data governance and technology utilization pave the way for the 
enhancement of DAC. Firstly, these values are necessary for effectively guiding 
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organizational data-related resources in business. Secondly, without pre-existing 
cultural values, organizations lack a basis for enhancing their DAC, i.e. cultural values 
act as a glue between the components and drive resource orchestration for value 
creation (Schmelzle & Tate, 2022).  
In contrast to the prior literature that argues the importance of a pre-existing 

data-driven culture for deploying DAC (Danielsen et al., 2021; Gupta & George, 
2016; Sheng et al., 2021), it is suggested in Publication II that organizations could 
have other cultural values as a basis or foundation for enhancing their DAC, in turn 
fostering a data-driven culture. It is demonstrated in Publication II that, as a result 
of enhancing DAC, organizations can achieve a data-driven culture across different 
value dimensions. This is supported by the prior literature, which shows that DAC 
can affect the culture of an organization (Sabharwal & Miah, 2021). Therefore, to 
attain a data-driven culture, organizations should utilize existing cultural values to 
enhance DAC. In this regard, existing organizational culture becomes an important 
component of DAC.  
In Publication IV, the components for enhancing DAC extend beyond resources 

alone to incorporate the aspect of resource quality. In contrast to previous studies 
that emphasize the centrality of resources for building DAC, Publication IV 
highlights the significance of data-related resource quality in business. The concept 
of quality contributes towards achieving enhanced organizational performance in 
organizations.  
The role of resource quality as an important prerequisite or antecedent for 

enhancing DAC and creating value is demonstrated in Publication IV. The findings 
show that resources as such do not lead to competitive advantage, but rather their 
quality does. In this regard, Publication IV combines the RBV with the IS success 
model to highlight the role of three different resource quality dimensions in 
enhancing DAC for value creation. In particular, high-quality, data-related resources 
facilitate the effective utilization of data, systems and services in organizations.  
In the context of this dissertation, the components of DAC enhancement include 

resource quality dimensions such as data quality, data system quality and data service 
quality. Therefore, organizations should focus on deploying high-quality resources 
in order to enhance their DAC for value creation.  
In Publication V, the primary components of DAC are identified within the STS 

framework. The four main STS components of DAC include technology, task, actor 
and structure. The social components of DAC are related to actor and structure, 
whereas the technical components of DAC are related to technology and task. Even 
though the focus in Publication V is on the interaction between the components, it 
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succeeds in identifying each socio-technical component required for enhancing 
DAC.  
To summarize, the components for enhancing DAC include the integration and 

utilization of IS capabilities, such as IS-enabled intangibles, IS skills and IS 
infrastructure, an existing organizational culture (e.g. values), high-quality, data-
related resources and the clear identification of DAC’s socio-technical components.  

5.2 How do the components of DAC interact with each other for 
value creation? 

In the previous subsection, the components of DAC were identified from multiple 
perspectives, including IS capabilities, data-related resources, existing organizational 
culture, data-related resource quality and the STS elements of DAC. The second 
research question extends the investigation of DAC enhancement and explores the 
interaction between different components of DAC. Two publications (III and V) 
offer an enhanced understanding of the interaction between these components.   
In Publication V, the interactions between the socio-technical components of 

DAC are examined using the STS lens. The publication reveals how value is created 
in the context of DAC as a result of the interactions between DAC’s actor, structure, 
task and technology components. The findings reveal that these components interact 
with each other for value creation at the component level. In contrast, in Publication 
III, the lens of organizational learning is used to investigate how DAC can be 
enhanced through organizational learning. The study shows how learning occurs at 
individual, group and organizational levels, thereby enhancing DAC through 
different learning stages. The interactions between the components are vital for 
learning to take place in organizations. The components play a crucial role in the 
learning process for value creation at all organizational levels.  
In this regard, the specific focus of Publication V is on the interaction between 

the different components of DAC for value creation. The interaction is grounded 
within the STS theory. The components of DAC fall under two categories: social 
components and technical components. The social component of DAC contains the 
structure and actor elements, whereas the technical component consists of 
technology and task elements. In Publication V, the interactions between each of 
these components for value creation in business are made clear.  
The structure element of DAC consists of organizational structure, organizational 

culture, groups or teams etc. The structure element plays a vital role in fostering the 
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business understanding required for DAC implementation, facilitating group 
autonomy for data-related business enhancements, fostering learning at the group 
level and ensuring that data is available for different organizational teams. In 
Publication V, the interactions of structure with other components (structure-actor, 
structure-technology and structure-task) are demonstrated to ensure the efficient 
orchestration of DAC for value creation. The structure-actor interaction emphasizes 
how data-related resources are allocated to specific actors, encouraging them to try, 
test, fail and learn concerning data and data analytics implementation. The 
interactions concerning structure-technology highlight the structure’s power to drive 
high-quality, data-related technology investments and data sourcing, thus ensuring 
both data quality and data system quality for DAC enhancements.  Lastly, structure-
task interactions demonstrate the influence of structure on the types of tasks that 
need to be performed to create DAC-related value. This ensures that data and data 
analytics are implemented practically and systematically.  
The actor element of DAC consists of the human expertise responsible for 

orchestrating data and data analytics for value creation. The actors not only work 
with the technical aspects of DAC, such as data management, but also educate and 
support other organizational actors concerning data. In Publication V, the 
interactions between the actor and other components (actor-structure, actor-
technology  and actor-task) are shown. With regard to actor-structure interactions, 
actors such as data leaders make the structural changes necessary to create a 
conducive data environment by fostering the culture of data development and 
adoption. With technology, actors are responsible for using it responsibly, especially 
in identifying problems related to data reliability and compatibility. Lastly, actors 
perform various tasks beyond data analysis, such as sourcing data externally, 
managing the quality of data for analytics and supervising the deployment of data 
for business.  
The technology element of DAC relates to the technical infrastructure 

components, such as hardware and software, required for analytics. These ensure the 
availability of critical business data, monitoring technology use etc. The technology 
component interacts with other DAC components (technology-task, technology-
actor and technology-structure). With regard to tasks, it is useful for task monitoring, 
task automation, domain-specific task automation and supporting decision-making. 
Technology also assists the actor component by augmenting actors’ capabilities and 
routines. Lastly, technology interacts with structure and offers teams more 
independence concerning data-related application development.  
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The task element of DAC is concerned with the business objectives that are 
organizational-specific. Group or team-specific objectives also fall under this 
category. Therefore, the task component enables organizations to create task 
assignments (tasks within a task), enabling them to orchestrate DAC effectively for 
value creation. Additionally, organizations are driven towards developing data-
related products or services to accomplish business objectives, thereby enhancing 
their DAC. The task component interacts with the other socio-technical 
components of DAC (task-technology, task-actor and task-structure). With 
technology, tasks enable organizations to invest in new technologies appropriately 
and scale their technology use up or down based on DAC development 
requirements. In turn, regarding interaction with the actor component, tasks enable 
actors to learn and develop their skills and competencies. Lastly, with regard to 
structure, tasks drive structures to collaborate effectively, and allocate and utilize 
resources to achieve business objectives. Additionally, they foster data analytics 
alignment among different structures (teams), thereby contributing to high data 
service quality.  
In Publication III, the specific focus is on the concept of organizational learning 

for DAC enhancement. Organizational learning assimilates both the social and 
technical components of DAC. For example, in the first stage of organizational 
learning, actors or individuals work with technology components, such as data and 
data-related technologies to scale up DAC in organizations, gather business insight 
or understanding based on data analysis, monitor the quality of data for business, 
and use their expertise or skills to understand how to deploy data in business 
effectively. This interaction contributes to learning for DAC enhancement at the 
individual level in organizations.   
In the second stage, interpreting, actors collaborate with other actors and groups 

to make sense of data analysis insights collectively, to understand technical 
requirements, and align data and data analysis with business objectives, ensuring 
domain understanding and fit. The process of collective sense-making involves 
different types of actors, including technical, business and domain experts. 
Additionally, the interaction of these components takes place iteratively over 
different time periods, indicating the dynamic enhancement of DAC in 
organizations. This interaction involves actors, technology, tasks and structure at the 
individual and group levels, thereby representing individual and group learning for 
DAC enhancement.  
Moreover, learning at the individual and group levels is integrated at the group 

and organizational levels through structural actions such as coordinated actions, 
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refining processes, experimenting, evaluating and adapting. These actions take place 
between two structures to solve a task (e.g. the marketing team using an external data 
provider to enhance data quality) or involve actors and structures collaborating to 
ensure enhancements to the technology component (e.g. improving an 
organizational product offering) to ensure customer satisfaction.   
Furthermore, at the organizational level, organizations make enhancements to 

their products or services and institutionalize these enhancements. This allows them 
to create value for their stakeholders (actors) and achieve their business objectives. 
Additionally, organizations can institutionalize the use of new technology tools, such 
as hardware or software (technology component), thus facilitating better access to 
data for employees (actor component). In Publication III, it is also demonstrated 
how learning can successfully lead to a data-driven decision-making culture 
(structure component). This institutionalization of data-related tools (technology) 
also allows actors to perform their tasks efficiently.  
To summarize, the interaction between the different components of DAC should 

create value with reference to a particular component. For example, when there is 
an interaction between the actor and structure components, the value created for 
enhancing DAC should be noted. The interaction of DAC’s components also leads 
to both organizational learning and the enhancement of DAC at various 
organizational levels. This shows the importance of organizational learning in the 
context of DAC enhancement. This also highlights the role of organizational 
learning as an important resource for enhancing DAC. Lastly, organizational learning 
acts as a glue between the organizational data-related resources.   

5.3 How is value realized through the enhancement of DAC? 

In the previous subsections, the components of DAC and their interactions for DAC 
enhancement were discussed in detail.  The enhancement of DAC for value creation 
can be witnessed along the following dimensions: business performance 
enhancement (Publication IV), data-driven culture (Publication II) and digital service 
development (Publication I). DAC enhances organizations’ business performance, 
influences the formation of a data-driven culture and leads to the development of 
digital services.  
All the publications (I, II, III, IV and V) reveal the value realization process 

through the enhancement of DAC. Publication I, which examines the integration of 
IS capabilities and DAC through the capability lens, shows that value is realized in 
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the form of digital service development. Publication II, which examines the mutual 
influences between organizational culture and DAC, shows that value is realized 
through the formation of a data-driven organizational culture by fostering data-
driven values. Publication IV, which integrates the RBV and the IS success model, 
demonstrates the role of resource quality in enhancing DAC, where the value is 
realized through the enhancement of business performance. Publications III and V, 
which use the organizational learning and STS lenses, respectively, demonstrate that 
value is realized in the organization due to the learning stages and socio-technical 
interactions. These act as a bridge between DAC and value realization (e.g. digital 
service development, business performance enhancement and formation of a data-
driven organizational culture). The following paragraphs answer the question in 
detail.  
Firstly, when organizations invest in, deploy and orchestrate the components of 

DAC, such as IS capabilities and existing cultural values, it leads to the formation of 
high-quality resources. Cultural values such as collaboration, customer-centricity, 
expertise, data governance and technology utilization help in the effective guidance 
of resources, align data analytics with business needs (e.g. to meet customer 
demands), apply data and technology effectively, and enhance data quality and data 
management, respectively, whereas IS capabilities such as IS-enabled intangibles, IS 
skills and IS infrastructure help in data transmission, combine technical and 
managerial competencies for data analytics deployment and enable synergy between 
technology, human and business.  
The increase in quality of data-related resources can itself be considered valuable 

for organizations in business. For example, improved data quality can lead to 
functional value (e.g. reliable data for business operations) and epistemic value (e.g. 
contributes to knowledge and accurate information). Similarly, improved data system 
quality can lead to functional (e.g. ensuring a reliable system with less downtime) and 
financial value (e.g. reducing costs associated with system downtime). Furthermore, 
enhanced data service quality contributes to functional value (e.g. reliable services to 
users).  
Additionally, the learning processes at the individual, group and organizational 

levels also lead to value creation. For example, integrating and institutionalizing 
phases lead to functional value through business process enhancements, whereas 
interpreting contributes to epistemic value through the generation of shared 
knowledge. Lastly, the institutionalization of new services creates financial value for 
organizations. All the above-mentioned factors have better business outcomes, i.e. 
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enhancing business performance by increasing revenues, saving costs, enhancing 
customer satisfaction and supporting decision-making (see Publication IV).   
Secondly, as described in Publication II, existing cultural values provide the basis 

for enhancing DAC in organizations. When organizations enhance and deploy DAC, 
it fosters a data-driven culture represented by data-driven values, including decision-
making, learning, efficiency, expertise, monetization and infrastructure utilization. 
The new cultural values are inclined towards data-driven activities in business and 
also lead to different types of value creation. For example, data-driven decision-
making and data-driven efficiency contribute to functional value, whereas data-
driven learning supports epistemic value through enhanced knowledge. Data-driven 
monetization brings financial value through the creation of new revenue streams.   
The learning processes investigated in Publication III demonstrate how 

organizations can foster a data-driven culture by enhancing DAC at the individual, 
group and organizational levels. For example, expertise in intuiting and interpreting 
can act as catalysts for data-driven initiatives, thereby encouraging data-centric 
methods of problem-solving. At the same time, the integration and application of 
data-driven insights (at the group level) has an impact on organizational strategy by 
facilitating and reinforcing a data-driven decision-making culture at the 
organizational level.  
The quality dimensions, such as data quality, data system quality and data service 

quality, are crucial to enhancing DAC and in establishing a data-driven culture. 
Although the impact of quality dimensions on data-driven culture was not 
investigated directly in Publication IV, it can be argued that the quality dimensions 
have an influence on cultural values. For example, high data quality translates to 
reliable, timely and accurate data, and consequently contributes to reliable insights 
for business. This increases stakeholder’s trust in data and data analysis insights for 
decision-making. Additionally, increasing the amount of data in business for 
decision-making can contribute to a data-driven decision-making culture. A similar 
argument can be attributed to data system quality, i.e. when data and associated 
technology is readily available and accessible to diverse individuals and groups, it 
allows for its effective deployment in business, thus contributing to data-driven 
expertise, learning, along with other cultural values. Moreover, high data service 
quality indicates that the organizational actors are satisfied with the effective and 
reliable services provided to them. This subsequently nurtures a data-driven culture, 
depending on how the actors utilize these services. Finally, the interactions between 
different socio-technical components for value creation (see Publication V) 
contribute to value-focused thinking. The interactions between the social (e.g. actor 
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and structure) and technical (e.g. technology and task) components provide evidence 
for the enhancement of DAC and the overall formation of a data-driven culture in 
business.  
Thirdly, as discussed in Publication I, the enhancement of DAC directly lead to 

the development of digital services. In the case described in Publication I, a 
manufacturing organization provides data and API services, a digital platform, as a 
product and service, makes continuous improvements in the design and delivery of 
these products and services, enhances customer-related communications for better 
customer segmentation and personalized marketing, develops a better user 
experience for the customers utilizing the product or service, and addresses 
customers’ data collection, data processing, data analysis and data delivery demands 
by formulating a data-driven culture in the organization. The development of these 
digital services creates new revenue streams for the organization and enhances 
customer satisfaction.  
Although not specifically investigated in Publication I, cultural values (see 

Publication II) such as technology utilization, expertise, customer-centric values, 
collaboration and data governance, play an important role in developing digital 
services. The utilization and investment in appropriate technology, emphasis on data 
quality management, reliance/dependence on both internal and external expertise, 
placing the customer as a central component for digital service development, and 
the collaboration established among different individuals and teams all contribute to 
the development of digital services.  
The emphasis on continuous learning plays a vital role in the refinement and 

institutionalization of new products and services. As organizations learn from the 
customers’ needs, deploy resources, innovate and integrate these innovations, they 
contribute to delivering good digital services. Organizational learning factors, such 
as coordinated actions (Publication III), are central to the development of digital 
services, thus enhancing customer satisfaction.  
Publication IV presents evidence of the relevance of different quality dimensions 

in enhancing DAC and developing digital services. High data quality, data system 
quality and data service quality were found to be strong factors that not only enhance 
DAC but also form the backbone for developing effective digital services. Examples 
include leveraging different sources of reliable data for preventive maintenance of 
machines and marketing operations, designing and updating data platforms with 
enhanced digital features for customer offerings, and ensuring better service 
provisioning to meet customers’ business needs or demands. To summarize, 
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enhancing DAC realizes value in the form of business performance enhancement, 
the creation of a data-driven culture and digital service development.  

5.4 Enhancement of DAC for value realization 

This dissertation investigated the enhancement of DAC for value realization in 
business organizations. The enhancement of DAC is better understood through the 
three sub-research questions, each reflecting a different aspect of the enhancement 
process. Firstly, the components of DAC were identified as IS capabilities (e.g. IS-
enabled intangibles, IS skills and IS infrastructure), existing organizational culture 
(e.g. cultural values) and high-quality, data-related resources. The identification of 
components provides a foundational understanding of what is needed to enhance 
DAC from the perspectives of capability, culture and resource-quality.  
Secondly, this dissertation involved an examination of how the identified 

components interact with each other for value creation. By categorizing them into 
social and technical components, a framework is provided for better mapping and 
understanding their interactions. In this regard, these interactions are considered 
socio-technical in nature, with each component not only creating value by itself, but 
also influencing the other components in the value creation process. Additionally, it 
can be understood that, as these components interact, they also contribute to 
organizational learning at all levels of the organization, which further facilitates the 
enhancement of DAC within organizations.   
Finally, the dissertation reveals how the interactions between the different 

components contribute to both value creation and realization in organizations. By 
enhancing DAC, organizations can realize value through the development of digital 
services, the formation of a new data-driven culture and enhancements in business 
performance. Figure 7 illustrates the enhancement of DAC for value realization from 
a multifaceted perspective, thereby addressing all the sub-research questions and the 
main research question of the dissertation.  
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Figure 7.  Enhancement of DAC for value realization from a multifaceted perspective 

 
As mentioned in Section 2.2.1, capabilities are higher-order organizational 

resources. Following that logic, this dissertation considers DAC as a higher-order 
organizational resource. It satisfies the criteria of the VRIO framework for sustained 
competitive advantage. 
Firstly, this dissertation shows that DAC comprises components, such as IS 

capabilities, existing organizational culture, and high-quality data-related resources. 
These components can be categorized into technology (tangible), and human and 
organizational (intangible) resources. Evidently, these components make DAC 
valuable because of their ability to develop digital services, foster a data-driven 
organizational culture, and enhance business performance.   
 Secondly, high-quality resources can provide organizations with a high degree of 

success related to data, system, and services, thus contributing to the enhancement 
of DAC. Subsequently, it can be argued that the interaction between these resources 
(socio-technical components) leads to value creation at the component level and 
organizational learning across various organizational levels. Overall, these 
interactions reflect the synergetic, causally ambiguous, and idiosyncratic nature of 
DAC in organizations. Therefore, it is very difficult for an external organization to 
replicate or imitate exactly the process of value realization through DAC 
enhancement. In this regard, DAC is not only valuable but also rare, difficult to 
imitate, and, most importantly, a rival organization may not be structured to leverage 
or exploit these capabilities completely or successfully. All of these characteristics 
reflect DAC’s ability to sustain competitive advantage in organizations.  
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6 CONCLUSION 

The theoretical and practical contributions of this dissertation are presented in this 
chapter. Additionally, the research evaluation, limitations of the dissertation and 
avenues for future research are discussed.   

6.1 Theoretical contribution 

The prior literature has investigated the DAC phenomenon from various 
perspectives, including the resources needed for building DAC in organizations to 
achieve performance (Gupta & George, 2016; Mikalef, Krogstie et al., 2020; 
Upadhyay & Kumar, 2020; Wamba et al., 2017); different characteristics of data for 
effective DAC (Abbasi et al., 2016; Grover et al., 2018); technological resource 
requirements of DAC (Anand et al., 2016;  Côrte-Real et al., 2020); human resource 
aspects (Gupta & George, 2016; Watson, 2014); different types of analytics 
(Chaudhuri et al., 2021; Holsapple et al., 2014); augmenting other organizational 
capabilities (Suoniemi et al., 2020; Yu et al., 2021;); value creation potential (Grover 
et al., 2018); and challenges related to DAC adoption in organizations (Gimpel et al., 
2018; Radhakrishnan et al., 2022; Watson, 2019). As argued by Grover et al. (2018), 
although the strategic value creation potential of DAC is evident, the pathways 
through which value is realized need a more deep understanding. This should 
incorporate aspects related to, but not limited to, the quality of investments, value 
creation mechanisms, different value targets and contextual factors. Therefore, this 
dissertation contributes to the academic discourse on DAC by offering an in-depth 
understanding of enhancing DAC for value realization through different theoretical 
perspectives.  
Firstly, this dissertation contributes to the literature on DAC in business 

organizations. While the majority of studies focus on concepts such as resource 
requirements for DAC building and DAC-related value creation, this dissertation 
particularly contributes to the understanding of the components needed for 
enhancing DAC in business organizations. By utilizing the theoretical lenses of 
organizational culture, the IS success model, the RBV and the capabilities view, the 
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aim in this dissertation was to elucidate the components of DAC, which include the 
existing organizational culture (e.g. cultural values), IS capabilities (e.g. IS-enabled 
intangibles, IS skills and IS infrastructure) and the quality of data-related resources 
(e.g. data quality, data system quality and data service quality). These components are 
influential in enhancing DAC in business organizations. The dissertation 
demonstrates that organizations need to possess IS capabilities, an existing 
organizational culture and high-quality resources as prerequisites for enhancing 
DAC. In prior research, the concepts of organizational culture, resources, resource 
quality, and IS capabilities were investigated separately. However, in this dissertation, 
these components are integrated within a single framework of DAC enhancement 
for value realization in organizations. For example, it shows how a culture of 
collaboration can improve data-related processes by leveraging IS capabilities (e.g. 
IS-enabled intangibles), while the effectiveness of this process also depends on the 
availability of high-quality data-related resources (e.g. skills). In doing so, this 
dissertation goes beyond merely listing them as critical success factors, and reveals 
their integrated role in DAC enhancement, thereby extending the current 
understanding of DAC. Additionally, these linkages help elucidate the pathways 
through which DAC can be enhanced for value realization.  
In the context of DAC, this dissertation emphasizes the importance of IS 

capabilities for value creation (e.g. developing digital services), thus contributing to 
the understanding of the capability configurations required for driving a successful 
digital business strategy (Park & Mithas, 2020). For example, IS capabilities are 
needed for efficient data integration and for providing data-related services via a data 
platform. Additionally, IS skills help integrate design solutions for customer-facing 
data applications, contributing to a better user experience. Collaborative processes 
can lead to IS-enabled intangibles that contribute towards effective implementation 
of digital service solutions. Although organizational culture, i.e. a data-driven culture, 
has been argued to be important in the context of DAC (Gupta & George, 2016; 
Mikalef & Krogstie, 2020) to achieve value, it is shown in this dissertation that a 
data-driven culture is not a precondition for DAC development but rather a 
consequence of DAC based on existing organizational cultural values. For example, 
by focusing on customer-centricity, organizations can align their DAC enhancement 
with the needs of their customers, irrespective of the industry, thus fostering data-
driven values over time. 
The dissertation extends the understanding of resources for DAC enhancement 

by incorporating a resource quality perspective (DeLone & McLean, 2003). It shows 
that organizations need to develop high-quality resources in order to enhance their 
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DAC. Additionally, three critical resource quality dimensions are identified in the 
dissertation for enhancing DAC in business organizations: namely, data quality, data 
system quality and data service quality. Although prior research has investigated the 
role of IS success model’s quality dimensions, such as information quality, system 
quality, and service quality, this dissertation increases their relevance in the context 
of DAC enhancement. In particular, by adapting the quality dimensions to suit data-
related quality factors for DAC enhancement. Especially, this dissertation 
contributes to the data quality component by identifying data ownership as a critical 
resource (see Publication IV). It also reveals how organizations can institutionalize 
high standards of data quality, such as timeliness and enhanced data understanding 
through DAC enhancement (see Publication III). Additionally, it also shows that 
data quality is essential for effective data governance and DAC enhancement (see 
Publication II). Furthermore, the dissertation highlights the importance of data 
quality in facilitating successful digital service development, which is reliant on IS 
capabilities (see Publication I).  
Also, this dissertation contributes to the DAC literature by categorizing the 

components into social and technical components. Additionally, it contributes to the 
understanding of resources in the context of DAC enhancement by incorporating 
the concept of quality into resources (Barney, 1991). As discussed earlier, resources 
are categorized into tangible and intangible resources, which play an important role 
in enhancing DAC for value creation. Specifically, the presence of intangible 
resources can determine how organizations can achieve and sustain their competitive 
advantage. In this regard, this dissertation demonstrates the role of intangible 
resources, such as organizational culture, organizational learning and high-quality 
resources, in enhancing DAC for value creation in a detailed manner. Although DAC 
is a capability, it can be regarded as a higher-order intangible resource according to 
the foundational tenets of the RBV. Furthermore, this dissertation also contributes 
by enhancing the understanding of resources and revealing how the resources are 
orchestrated to create unique capabilities, such as DAC for achieving value. It also 
presents detailed evidence that capabilities are a unique amalgamation of 
organizational resources and that resources must be orchestrated efficiently in order 
to achieve organizational value.  
Secondly, this dissertation contributes to the DAC literature by revealing how the 

components of DAC interact with each other by utilizing a socio-technical and an 
organizational learning perspective. It signifies a value-focused approach to the 
interaction among the socio-technical components of DAC and underscores the 
importance of organizational learning as a key mechanism for enhancing DAC. 
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Specifically, it shows how the different socio-technical components interact at 
various organizational levels to achieve value, thereby enhancing DAC. By providing 
an enhanced understanding of the interactions, this study extends the prior literature 
concerning organizational learning and socio-technical affordances at all levels of the 
organization (Dremel et al., 2020; Gupta & George, 2016).  
Thirdly, this dissertation contributes to DAC-enabled value creation by revealing 

how value is realized through the enhancement of DAC. Although different benefits 
of DAC have been discussed in the prior literature (Elia et al., 2022; Gupta & 
George, 2016; Krishnamoorthi & Mathew, 2018), this dissertation introduces a 
structured approach to understanding value creation. Specifically, it breaks down 
value creation into three levels: 1) component level, 2) interaction level and 3) 
organizational level. For example, at the component level, value can be related to the 
achievement of different types of quality. At the interaction level, value is created for 
a particular socio-technical component by the interaction between different socio-
technical components and learning mechanisms. Finally, at the organizational level, 
value is related to business performance enhancement, the formation of a data-
driven culture and digital service development.  
Finally, another contribution to the literature is the disentangling of the role of 

both social and technical components in enhancing DAC for value creation from 
the STS perspective. It can be argued that the enhancement of DAC in business 
organizations requires successful optimization of both social (e.g. actor and 
structure) and technical components (e.g. task and technology). The dissertation also 
extends the understanding of the application of STS theory by demonstrating the 
role of DAC’s socio-technical components by revealing the interactions between 
them for value creation. These interactions are vital to ensuring that value is both 
created and realized through DAC enhancement. Additionally, this dissertation 
shows that organizations should align task, technology, actor, and structure 
components in order to successfully extract the value of DAC. Publication V 
demonstrates both the individual value created by each component and how 
organizations can drive value creation in a particular component using another 
component. In this way, organizations can reconfigure or recalibrate their socio-
technical systems for continuous value creation. For example, if organizational actors 
don’t have the necessary skills or tools to utilize data for decision-making, 
organizational leaders can initiate structure-level actions, including technology 
investments or educational programs to bridge the gap. As discussed in previous 
sections, the successful orchestration of DAC’s socio-technical components can 
contribute to organizational learning and the enhancement of DAC.  
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6.2 Practical contribution 

This dissertation contributes to the enhancement of DAC for value creation in 
business organizations practically. Firstly, the dissertation provides guidelines for 
organizations with regard to the identification and deployment of various 
components of DAC. Business organizations should identify these components 
from three perspectives: IS capabilities, existing organizational cultural values and 
high-quality, data-related resources (e.g. data quality, data system quality and data 
service quality). The dissertation provides organizations with the means to utilize IS 
capabilities, such as IS-enabled intangibles, IS skills and IS infrastructure in 
facilitating the different dimensions (managerial, technical and organizational 
dimension) of DAC for value creation. For example, organizations should enhance 
their human resources by training their employees to become more data-driven; 
enhance their technical infrastructure through continuous upgrades and investments 
to handle functionalities for data analytics; and enhance their intangible resources by 
cultivating cross-functional relationships between IT and data analytics teams.  
This dissertation also shows how organizations should enhance the quality of 

their data-related resources when developing DAC for value creation. The results 
show that, by ensuring high data quality, data system quality and data service quality, 
organizations can enhance their DAC and business performance. Therefore, it is 
important for organizations to take action at the component level by establishing 
data governance practices to improve the accuracy and reliability of data. They 
should upgrade their technological tools to meet high functional standards for data 
analytics; this includes scaling IS-related infrastructure to address the evolving needs 
of data-related personnel and making sure that technology tools are readily available 
to personnel who want to utilize data and data-related technologies. Additionally, 
organizations should focus on upskilling employees by offering training and 
education related to data analytics processes. Through investing in good data 
governance practices, technical infrastructure and human expertise, organizations 
can attain high data quality, data system quality and data service quality. Additionally, 
organizations should develop mechanisms by which they can further evaluate their 
three quality dimensions. This would allow them to further utilize their data-related 
resources in business effectively.  
Secondly, the dissertation shows how organizations should utilize existing 

cultural values to enhance DAC. Values such as collaboration, leadership 
commitment, customer-centricity, learning, expertise, data governance and 
technology utilization are not only responsible for enhancing DAC but also 
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contribute to data-driven success by fostering a data-driven culture. Therefore, if 
organizations do not have such values, they should integrate these values into their 
business practices and thereby ensure the effective utilization of organizational data-
related resources for value creation. Additionally, this dissertation encourages 
organizations to utilize other existing cultural values that are specific to their 
organization to accelerate the enhancement of DAC. For example, if one of the 
cultural values of an organization is to have an ownership mindset, then it translates 
to taking responsibility to maintain data quality, taking ownership of the business 
processes associated with data analytics, and taking responsibility for analytics 
outcomes. If the organization values innovation, then it should be open to utilizing 
new data analytics tools, methods and techniques to facilitate business progress. 
Furthermore, organizations should integrate new values, if they are not already part 
of the existing organizational culture to enhance their DAC.   
Thirdly, the dissertation provides organizations with guidance regarding the 

efficient management of the different socio-technical components of DAC. 
Organizations should take a holistic approach when implementing or integrating 
various social and technical components for value creation. More importantly, 
alignment between the social and technical components is necessary for DAC-
related value creation in business. In this regard, organizations should ensure 
effective collaboration between individuals and groups to maximize value. For 
example, from a social perspective, organizations should establish ad hoc teams or 
structures to prioritize data-related initiatives and manage data-related projects. This 
helps promote cross-functional collaboration between actors from business, IT, and 
data analytics teams, thereby facilitating knowledge sharing and data analytics’ 
alignment with business objectives. From a technical perspective, organizations 
should invest in new data-related technologies and make efficient use of these 
technologies. Furthermore, the management of DAC components helps reveal the 
complex learning and socio-technical processes involved in DAC for value creation. 
Fourthly, this dissertation offers business organizations practical guidelines with 

regard to how they can realize value by enhancing DAC. By prioritizing actions to 
enhance business performance, create a data-driven culture and develop digital 
services, organizations can enjoy tangible business outcomes, including increased 
revenues, enhanced customer satisfaction and superior decision-making. Therefore, 
organizations should develop strategies that align DAC-related initiatives with their 
business objectives; measure their progress in relation to strategic objectives by 
developing key performance indicators (KPIs); and optimize their business 
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processes based on data and data analytics. In doing so, they can enhance their DAC 
and maintain their competitive advantage.  
By incorporating the components, their interactions, and elements of value 

realization into a single unified framework, this dissertation provides organizations 
with an array of perspectives for taking actionable insights. These include planned 
phases for deploying IS capabilities, improving the quality of resources (e.g. along 
different dimensions), and fostering the development of a data-driven culture. In 
doing so, this dissertation provides organizations with enhanced knowledge 
concerning the building blocks of DAC (e.g. components), how they can interact, 
and how value can be realized as a result of these interactions.  

6.3 Research evaluation 

The enhancement of DAC for value realization was investigated in this dissertation 
using a qualitative research methodology. According to Lincoln and Guba (1985), 
qualitative research is evaluated based on its ability to establish trustworthiness, 
which includes satisfying specific quality criteria: credibility, transferability, 
dependability and confirmability. How this dissertation is evaluated against these 
criteria is explained in the following paragraphs.  

6.3.1 Credibility 

Credibility concerns the ‘truth’ of findings and interpretations (Lincoln & Guba, 
1985). The aim of credibility is to ensure that the research reflects the perspectives 
and experiences of the research participants. There are certain activities that help 
ensure the credibility of the study and they include prolonged engagement, persistent 
observation, triangulation and member checking.  
The first activity is prolonged engagement, which is related to spending an 

adequate amount of time in understanding the research phenomenon. This involves 
speaking with a wide range of people regarding the topic as it helps generate 
understanding and sensemaking between the researcher and research participants 
(Billups, 2021). In the context of this dissertation, prolonged engagement was 
demonstrated through a single case study, which allowed the author to engage with 
various experts from the same organization. In particular, one of the employees of 
the organization participated in all the interviews. The conversations helped build 
trust and a thorough understanding of the organizational context, thereby assisting 
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in data collection and data analysis. In addition, there was substantial prolonged 
engagement with data-related experts when conducting the 20 stand-alone semi-
structured interviews. This allowed the author to delve deeply into the participants’ 
experiences during the interviews, which enabled the author to capture diverse 
perspectives concerning DAC in organizations. According to Mertens and 
McLaughlin (2004), when themes from the interviews begin to repeat rather than 
extend, then it acts as an indicator for the researcher to conclude the investigation. 
In other words, there are no strict rules governing the duration or length of 
prolonged engagement. Overall, the combination of both ensured the credibility of 
the study’s findings.  
Secondly, persistent observation involves identifying factors or characteristics 

that are relevant to the research problem and exploring them in depth (Lincoln & 
Guba, 1985). The purpose of persistent observation is to offer depth. In this 
dissertation, persistent observation was achieved by investigating specific DAC 
elements in each publication. The publications focused on concepts such as 
organizational culture and its influence on DAC (and vice versa), enhancement of 
DAC through organizational learning, socio-technical components and their 
interactions, the function of data-related resource quality, and the influence of IS 
capabilities in facilitating DAC for digital service development. This approach, in 
combination with attention to repeating patterns in the data (Ivankova, 2015), 
ensured a deep and extensive understanding of DAC.   
Thirdly, triangulation concerns utilization of different data sources in the research 

study to produce a thorough understanding. In the single case study, the use of 
multiple data sources, such as semi-structured interviews, the company’s annual 
reports and website data, ensured triangulation (Patton, 1999). This approach helped 
the author generate an enhanced understanding of how IS capabilities can facilitate 
DAC for digital service development, thus increasing credibility (Lincoln & Guba, 
1985). In the stand-alone semi-structured interviews, triangulation of multiple data 
sources was restricted. Nonetheless, the diversity of expertise, organizations and 
industries among the interviewees offered a breadth of views on DAC enhancement. 
As mentioned in some of the publications, the final reports were shared with the 
research participants, allowing the participants themselves the possibility to challenge 
the study’s findings and interpretations.  

Finally, member checking involves testing the study’s conclusions and 
interpretations (formally or informally) with the sources (i.e. people) from whom the 
data originated in order to establish validity (Lincoln & Guba, 1985). In this 
dissertation, member checking was ensured by sharing the final reports with the case 



 

 79 

company for validation (Corden & Sainsbury, 2006). The reports were also shared 
with other research participants. Additionally, during the semi-structured interviews, 
the author and co-authors engaged in confirming the interviewees’ statements 
through clarifying questions to ensure valid understanding of their intended 
meaning. These practices ensured that the findings and interpretations were accurate 
from the participants’ perspective, thus enhancing the trustworthiness and credibility 
of the study (Billups, 2021).  

6.3.2 Transferability 

Transferability is about demonstrating whether the study’s findings can be applied 
in other contexts or situations. Lincoln and Guba (1985) suggest that the reader can 
decide how the findings are applicable in the receiving context. Therefore, the 
responsibility lies with the researcher to ensure that adequate information and detail 
are presented. A thick description of the context can serve this purpose (Mertens & 
McLaughlin, 2004). A thick description of a context or situation can serve as a type 
of external validity, allowing readers to draw conclusions about which aspects may 
be transferrable (e.g. people, situation, settings, time).  
In this dissertation, wherever applicable, the findings are explained through thick 

descriptions of the business activities, industry sectors and organizational contexts 
related to DAC enhancement. The interviewees’ quotes/statements are situated 
within the aforementioned contexts and are presented as is (Holloway, 1997). It is 
important to acknowledge that not all the findings may be applicable or transferrable 
universally. Therefore, readers can assess the applicability of these findings to their 
own business activities, industry sectors or organizational contexts.  

6.3.3 Dependability 

Dependability concerns demonstrating whether the study’s findings are consistent 
and reproducible (Lincoln & Guba, 1985). Factors that ensure dependability include 
an audit trail, transparency in research design and peer examination. Firstly, an audit 
trail was organized by carefully documenting the research process (Bailey, 2018). 
This includes data collection techniques, coding processes and analysis steps. 
Detailed descriptions related to the selection of interviewees, timelines of data 
collection, means of communication and data analysis techniques were described in 
detail in the research methodology sections of each publication. Wherever possible, 
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data analysis coding diagrams were included in the publications to enhance reader 
comprehensibility and transparency. Therefore, the detailed documentation of the 
research process increased transparency (Guest et al., 2012) and can be modelled by 
others.  
Secondly, regarding the transparency of the research design, each publication has 

a dedicated subsection for methodologies. The methodology section in each 
publication contains the rationale for selecting the research methods (e.g. single case 
study, semi-structured interviews). The rationale for selecting participants and data 
analysis techniques is also provided. These approaches contribute towards 
dependability (Largan & Morris, 2019).  
Finally, all publications were subjected to peer examination through peer review 

processes, with four out of five published in leading IS academic conferences and 
peer-reviewed journals. The feedback from peer reviewers was addressed in an 
effective manner, with in-depth responses and revisions. Additionally, the author’s 
supervisors and co-authors offered guidance and support, and helped in critically 
evaluating the research process, including the methodology and interpretations. This 
helped to ensure the dependability and credibility of the study (Bailey, 2018).  

6.3.4 Confirmability 

Confirmability refers to the degree to which the study’s findings reflect or are shaped 
by the respondents and are not influenced by the researcher’s bias or interest 
(Lincoln & Guba, 1985). Factors that address confirmability include reflexivity, data 
transparency and the use of direct quotes (i.e. original source material). Firstly, during 
the data collection process (e.g. interviews) the author kept a reflexive journal, which 
involved documenting thoughts and reflections (Billups, 2021). During the data 
analysis stage, memos and notes were maintained within the data analysis software 
(i.e. Atlas.ti), which helped generate enhanced insights related to different themes. 
Additionally, after each interview, reflections were shared with the supervisor, which 
helped alleviate any potential biases. In this regard, these practices ensured that the 
findings reflect the participants’ or interviewees’ account rather than the author’s 
preconceived concepts.  
Secondly, regarding the transparency of data, all interviews were recorded and 

transcribed verbatim, which helped maintain the accuracy of the research data 
(Largen & Morris, 2019). The raw and cleaned versions of the interview transcripts 
were stored securely, following the university’s data management and data security 
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guidelines. The files associated with data analysis were organized and maintained 
carefully. The research data is confidential and is not publicly available, because of 
the interviewer-interviewee agreement. However, this data is archived securely, and 
if needed, could potentially be made available for external audits to verify the 
findings, thus ensuring confirmability.  
Finally, to further contribute to confirmability, direct quotes (e.g. interview 

transcripts or source material) from the interviewees are presented in the 
publications wherever possible. These quotes are presented word-for-word without 
modification, thus capturing the participants’ intended meaning (Given, 2008). The 
data analysis is grounded in their own words, and the interpretations align with their 
statements concerning DAC. By following these principles, the influence of 
researcher’s bias is minimized.  

6.4 Limitations and future research avenues 

There are limitations inherent in this dissertation. Firstly, the focus of this 
dissertation is limited to organizations operating in the private sector. The 
investigation into the enhancement of DAC for value creation is particularly valuable 
for private sector organizations. However, caution should be taken when applying 
these findings to public sector organizations or not-for-profit organizations due to 
their unique characteristics. For example, the types of value aimed at could differ 
between private and public sector organizations. In this regard, future research could 
consider investigating the enhancement of DAC in public sector organizations. 
Organizations are limited with regard to the availability of different types of data-
related resources due to their business needs. Therefore, future research could 
explore different mechanisms for DAC enhancement that consider the above-
mentioned aspects.  
Secondly, the focus of this dissertation is not on any particular industry; rather, 

the interviewees were sampled from different industry sectors, and the findings are 
based on cross-industry interviews. Furthermore, no specific cross-industry 
comparisons were made in this investigation. However, the examination of IS 
capabilities and DAC for digital service development was conducted using a single 
case study in the manufacturing industry. While the case study provides in-depth 
knowledge and contextual understanding with regard to the interaction between IS 
capabilities and DAC for value creation, the findings may not be applicable to all 
organizations in the manufacturing industry due to differences in organizational 
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sizes, maturity of organizational capabilities, or culture. Therefore, future research 
could make comparisons across various industries to identify the different 
configurations of DAC-related components and explore how the components 
interact across industries to enhance DAC and realize value.  
Thirdly, this dissertation did not focus on any specific organizational sizes (small, 

medium or large) or organizational culture types (e.g. hierarchical, clan, market or 
adhocracy culture). The investment in and orchestration of data-related resources 
could differ depending on the size and type of organizational culture. Therefore, 
future research could conduct investigations into how to enhance DAC subject to 
variables such as organizational size, culture type and also geographical differences 
across countries. Although data was collected at different time points, this 
dissertation did not consider the evolution of DAC or the different phases of 
organizational evolution based on DAC. Therefore, future research could conduct 
longitudinal studies to investigate the evolution of DAC and the transformation of 
organizations with respect to its evolution. In particular, with the advent of emerging 
technologies such as AI and Large Language Models (LLMs), their impact on DAC 
should be investigated. Additionally, since this dissertation was completed before the 
emergence of generative AI and LLMs, future studies can build upon these findings 
by investigating how these emerging technologies, along with their ethical 
considerations influence the implementation of DAC in organizations. The 
understanding from such research could contribute towards better application of 
data and data analytics in business.  
Fourthly, in this dissertation, a particular type of qualitative methodology (i.e. case 

study and interviews) was utilized to investigate the components of DAC, their 
interactions and value realization. However, other qualitative approaches, such as 
interventionist methods, action research, participant observation, and narrative 
research, could offer other possible interpretations of this topic and the research 
questions. Even though qualitative methods help uncover in-depth insights, they 
could be limited with regard to objectivity, which can be achieved through 
quantitative methods. Additionally, quantitative methods can also allow researchers 
to test relationships between different concepts in relation to DAC enhancement. 
Furthermore, quantitative methods can allow for comparisons between different 
organizational sizes, culture types, industry types, and allow for the inclusion of 
moderators and mediators with regard to the enhancement of DAC. Therefore, 
future research could consider utilizing quantitative methods, such as surveys, to 
identify other DAC components and perform statistical analyses to test the 
relationships and interactions between these components.  This approach would 
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help generate a more nuanced understanding of the different roles these components 
play, as well as their interactions in enhancing DAC for value realization.   
Lastly, factors relating to data privacy, privacy-enhancing technologies, data 

sharing, or ethical aspects of data and data analytics are not emphasized in this 
dissertation. The inclusion of these factors may provide a more comprehensive and 
detailed understanding of DAC enhancement for value realization in business 
organizations. Therefore, future research could specifically examine the ethical 
dimensions of DAC and their strategic impact on organizations.  
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Abstract 

Data analytics capabilities (DAC) have become important for business organizations in 
delivering successful digital services to their customers. The success of digital services 
depends on how efficiently business organizations can deploy DAC in association with 
other organizational capabilities. Prior information systems (IS) literature has also 
argued the importance of IS capabilities for digital service development. However, few 
studies have examined how DAC and IS capabilities will work together for digital service 
development. To address the research gap, we conducted a case study in a forest machine 
manufacturing organization. The research findings revealed that IS capabilities such as 
IS skills, IS infrastructure, and IS-enabled intangibles facilitated DAC’s technical, 
managerial, and organizational dimension for digital service development. This study 
contributes to the DAC literature by investigating the role of DAC and IS capabilities in 
developing digital services in business organizations. 

Keywords:  Data analytics capabilities, digital service development, information systems 
capabilities 

 

Introduction 

Development of digital services are essential for business organizations in transitioning towards service-
oriented business models, enhancing customer experiences (Warner & Wäger, 2019), addressing 
customers’ demands through service innovation (Barrett et al., 2015), etc. Data and data analytics have 
become important for organizations in developing digital services to serve customers and to enhance 
competitive advantages (Park & Mithas, 2020). For instance, Nike has transitioned from its role as a shoe 
manufacturer to providing data-related fitness services via digital platforms based on data and data 
analytics to achieve competitive advantages in the market (Günther et al., 2017). Prior literature have 
argued that DAC is needed for organizations to successfully compete in delivering good digital services 
(Levkovskyi et al., 2021) and to enhance customer experiences (Baskerville et al., 2020).  
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DAC is related to the ability of an organization to deploy its data-related resources (Gupta & George, 2016). 
Prior literature has highlighted how DAC can help generate value in business. Anton et al. (2021) found that 
DAC’s technical, managerial, and organizational dimensions lead to organizational performance. Park and 
Mithas (2020) argued that successful digital business requires a configuration of DAC and other 
organizational capabilities such as leadership, strategic planning, customer orientation, and process 
management, which could help achieve high financial or customer performance.  

In addition, IS capabilities have also been suggested to be important for digital service development (Riera 
& Iijima, 2019). IS capabilities has been found to influence the development of digital platforms and plays 
an evolutionary role in the process (Tan et al., 2015). For example, in the health care context, high 
investments in IS capabilities are positively associated with organizations’ digital capabilities thereby 
enhancing their digital business strategy (Van de Wetering et al., 2018). Riera and Iijima (2019) found that 
organizations having high levels of maturity with regards to IS capabilities achieved high digital business 
value.  

Though both DAC and IS capabilities are important in digital service development in organizations, little 
research has explored how DAC and IS capabilities will work together for digital service development. There 
is lack of knowledge on how DAC and IS capabilities should be applied for successful digital service 
development together. Therefore, this study aims to address the above discussed research gap by answering 
the following research question: How can DAC and IS capabilities work together for digital service 
development in business organizations?  

To answer this research question, we conducted a single case study in a forest machine manufacturing 
organization to investigate how business organizations can deploy DAC together with IS capabilities in the 
specific context of customer-oriented digital service development (hereafter digital service development). 
Specifically, we explore the role of organization’s IS capabilities in facilitating DAC’s technical, managerial, 
and organizational dimensions, and the role of DAC’s technical, managerial, and organizational dimensions 
in digital service development. This study aims to contribute to DAC literature by investigating the role of 
DAC and IS capabilities in developing digital services in business organizations. 

The paper is structured in the following manner: First, we discussed the theoretical background for this 
study, including digital services, IS capabilities, and DAC, based on the prior literature. Then we introduced 
the research method applied in this study, such as the research approach, research case, data collection, 
and data analysis. Afterward, we explained the findings from the case study and proposed a theoretical 
framework to understand how DAC and IS capabilities work together for successful digital service 
development in business organizations. Finally, the theoretical and practical implications of this study are 
discussed along with the limitations and future research directions.  

Theoretical Background 

Digital services 

Williams et al. (2008) defined digital services as services that are facilitated via digital means. On the other 
hand, when organizations embed digital technologies in their services, it could be referred to as digital 
services (Nambisan et al., 2017; Pagani, 2013). Digital services aims to transform traditional business 
activities to address the opportunities and challenges brought forth by digital technologies (Barnir et al., 
2003). In this regard, digital services affect how organizations conduct business activities such as 
production, selling, marketing, services, etc. For example, in the case of Tesla, car-related maintenance 
services are provided via over-the-air software updates (Steininger et al., 2022). 

Service offerings based on digital asset like data are shaped by the extent of utilizing DAC in organizations 
(Tilson et al., 2010). For example, an ecommerce retailer like Amazon is now providing cloud-based web 
services by leveraging the power of DAC technical components (Bharadwaj et al., 2013). According to Lusch 
et al. (2015), digital platform, an important DAC infrastructure component, is vital for fulfilment of digital 
services and facilitates value exchange between actors (e.g., producers and consumers) (Constantinides et 
al., 2018).  

Customers are one of the key foci in business, and organizations are providing digital services to customers. 
Digital services are a part of competitive strategic actions taken by organizations to leverage opportunities 
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provided by data (Woodard et al., 2013). On the other hand, customers are becoming active participants or 
co-creators in digital services and customer service performance is determined by the extent of 
organization’s customer orientation (Setia et al., 2013). IS capabilities such as IS skills, IS infrastructure, 
and IS-enabled intangibles (e.g., IS-enabled customer orientation) have been found to be important for 
digital service development (Haffke et al., 2016; Teubner & Stockhinger, 2020). DAC has also been argued 
to be important for digital service development in the data era (Bharadwaj et al., 2013) . However, there is 
a lack of knowledge on how DAC and IS capabilities could be applied in business organizations for 
successful digital service development.  

Information systems capabilities 

Amit and Schoemaker (1993) defined capabilities as the ability of an organization to deploy or utilize its 
resources. The utilization of resources is facilitated by organization-specific processes that are both tangible 
and intangible in nature (Barney, 1991). Capabilities allow an organization to be strategically flexible by 
acting as a link between resources and outcome (performance) because capabilities are created by deploying 
organization-specific resources and is deeply embedded in organizational routines (Day, 1994). As a result, 
capabilities define the direction in which organizations are headed toward, and distinctly differentiates 
organizations from one another (Leonard‐Barton, 1992). There are different types of organizational 
capabilities such as DAC, IS capabilities, strategic capabilities, management capabilities, supply chain 
capabilities, etc.  

Bharadwaj (2000) defined IS capabilities as the ability to deploy IS-based resources in combination with 
other resources. IS capabilities have been positively associated with organizational performance 
(Bharadwaj, 2000; Powell & Dent-Micallef, 1997). IS research have published different taxonomies of IS 
capabilities. For example, managerial IS skills are related to the ability of a manager to understand the 
needs of all stakeholders, develop solutions to address those needs, coordinate processes, and anticipate 
future needs of the stakeholders (Mata et al., 1995). Whereas technical IS skills are related to programming 
and systems analysis (Bharadwaj, 2000). IS infrastructure is related to technological hardware components 
(Wade & Hulland, 2004). An integrated IS infrastructure has been found to enable synergies in the context 
of supply chain (Rai et al., 2006). IS-enabled customer orientation is a key IS capability that allows an 
organization to equip itself to provide digital services that satisfy customers. Prior literature has argued that 
IS-enabled customer orientation is essential in business as it is closely linked with organizational 
performance (Bharadwaj, 2000; Park & Mithas, 2020). On the other hand, organizations should be capable 
of managing relationships or aligning processes between different functional areas via applying different IS 
resources, and this is commonly referred to as IS-enabled synergy (Bharadwaj, 2000). Such IS-enabled 
synergies could lead to better alignment between departments for development of digital services  (Wade & 
Hulland, 2004). Therefore, in addition to IS skills and IS infrastructure, organizations need intangibles 
such as IS-enabled customer orientation and IS-enabled business synergy to inflict change, respond to 
market needs, and to coordinate processes in the context of digital service development. IS capabilities have 
been found to be useful in supporting organizational core competencies (market access and functional 
competencies) for organizational performance (Ravichandran & Lertwongsatien, 2005). In addition, IS 
capabilities have been positively linked with organizational agility (Lu & Ramamurthy, 2011) related to 
market capitalizing and operational adjustment. 

Data analytics capabilities 

DAC is defined as the ability of an organization to deploy data and data-related resources (Gupta & George, 
2016) and involves successful orchestration of data, data-related technologies, and data-related human 
resources (Shuradze & Wagner, 2016). Organizations develop DAC to extract the value of business data 
from different points of view, such as enhancing customer experiences (Elia et al., 2022) and business 
performance (Krishnamoorthi & Mathew, 2018). 

DAC is comprised of technical, managerial, and organizational dimensions (Anton et al., 2021). The 
technical dimension of DAC involves the use of sophisticated technological tools and expertise related to 
data acquisition and data storage (Lehrer et al., 2018), data software and data visualization (Elia et al., 
2022), and different types of data analytics (Chang et al., 2022). The managerial dimension involves human 
knowhow regarding data and data analysis, including managerial-, domain- and organizational-specific 
knowledge and expertise (Garmaki et al., 2016; Gupta & George, 2016). For instance, business analysts need 
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to have both data and business knowledge to find data-driven solutions for business problems (Popovič et 
al., 2018), managerial knowledge related to data is needed to drive business initiatives with regards to data 
analytics (Zhu et al., 2021), and managerial knowledge about user experience is needed for developing 
customer experience based on data and data analysis (Shollo et al., 2022). The organizational dimension of 
DAC is related to organizational structure, learning, and culture (Anton et al., 2021). Organizational culture 
has been found to influence the role of DAC in organizational outcomes (Gupta & George, 2016; Hyun et 
al., 2020). Organizational data-driven culture is deemed to be an important antecedent for DAC’s success 
in business organizations (Zhao & Kamioka, 2022). 

Prior literature has studied DAC from different perspectives. Dremel et al. (2020) utilized socio-technical 
systems theory and affordance theory to explore the affordances of DAC in establishing customer-focused 
marketing, provisioning and developing vehicle-data driven services, and optimization of production 
processes. Using information processing theory, Chen et al. (2021) explored the impact of DAC on decision 
making. They found that using DAC for supply chain learning helps foster internal integration, which is 
associated with DAC-enabled decision-making capability. Bharadwaj et al (2013) emphasized the need for 
DAC in digital service development and highlighted that organizations should find ways to harness the value 
of large amounts of data in areas related to digital services. In this regard, digital service development also 
requires data collection, data analysis, and utilization of data in business (Schumm et al., 2022; Xing et al., 
2020). Prior literature has also shown that DAC is vital for developing or providing data-related services 
for fulfilling customer needs (Vial, 2019).  

IS capabilities is more IS management and operation oriented, which facilitate business management and 
operation, such as email or ERP (Cui et al., 2022; Simonsen & Hertzum, 2022). While DAC is related to 
utilizing data generated by different IS for decision support, solving business problems, achieving strategic 
goals, and for identifying new problems or solutions from data which are not usually seen by the business 
in their normal operations. Therefore, DAC is related to higher level of management capabilities and 
strategic thinking (Côrte-Real et al., 2020; Oesterreich et al., 2022) and can be utilized to achieve goals that 
cannot be achieved using IS capabilities. IS capabilities have their limitations with regards to what it can 
and cannot do. Even though DAC and IS capabilities overlap with regards to the technology infrastructure, 
skills, and knowledge, there are some differences between the two. For e.g., not all the IS (e.g., email 
systems) are related to DAC. However, systems like ERP or Azure are related to both IS capabilities and 
DAC, as Azure can facilitate data analytics for achieving competitive advantages (Battleson et al., 2016). In 
this regard, the two capabilities have similarities and differences. This study aims to explore how the two 
capabilities interact to develop digital services in organizations.  

Research Methodology 

In this study, we used a qualitative research approach to understand how DAC and IS capabilities lead to 
digital service development in a forest machine manufacturing organization. Qualitative research is 
exploratory in nature and gives room for interpretation and understanding of a research phenomenon 
(Erikkson & Kovalainen, 2008). Qualitative research works with the perspective that reality is socially 
constructed through meanings ascribed by actors (Creswell, 2007). A qualitative approach could provide a 
rich understanding of how DAC and IS capabilities could be applied in business organizations for digital 
service development. 

Specifically, we took a case study research approach in this study. According to Creswell (2007), case study 
research takes place within a particular context or a ‘bounded system’. In a case study, the data is gathered 
from multiple data sources within a particular case. The data can be from reports, interviews, audio visual 
material, and could enrich the findings in a particular context. Case studies can be used to discover 
(exploratory), to explain (explanatory), and utilizes empirical evidence from real people in real life 
organizations (Myers, 2019). Case study provides the means to answer ‘how’ and ‘why’ questions related to 
a research phenomenon.  

This case was selected because the case organization have set digital services as important for their customer 
offering, in supporting their organization’s sales function, and to provide competitive services in the forest 
machine manufacturing industry. In this regard, the case organization have invested a lot on digital service 
development to help achieve their strategic targets. The organization has applied digital services for efficient 
management of machines. Thus, this case could be a good example as it combines physical machines, data, 
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and IS components for the provisioning of digital services. In this study, we try to understand how a forest 
machine manufacturing organization develops digital services through DAC and IS capabilities. Since the 
boundary between DAC and IS capabilities is not well established, the exploratory nature of the case study 
is important for revealing the boundary between DAC and IS capabilities, which could otherwise be difficult 
to establish using quantitative methods. The following subsections provide details regarding the case 
background, the data collection, and data analysis in this study.  

Research setting 

To understand the development of digital services, we investigated a forest machine manufacturer in 
Europe. The organization ManuCo (the organization’s name is kept anonymous) provides harvesting 
solutions internationally and most of its sales comes from exports. It has received the ISO 9001 quality 
certificate. The organization ManuCo took a journey towards digitalization/digital transformation with the 
introduction of digital services a couple of years ago. However, the journey intensified in the past two years 
with the change in organizational structure and introduction of a dedicated department (digital services 
and IT department) to further develop the digital services for their customers. One responsibility of the 
digital services and IT department is to bridge the gap between IT and business with digital service 
development.  

The digital services and IT department consists of different teams such as data, analytics, and API team 
(data & analytics as one sub-team and API as another sub-team) and digital experience team. On the other 
hand, ManuCo’s business teams related to digital services include user experience (UX) design team, 
product management of information systems (team), digital marketing team, and digital services sales 
team. The objective of all the teams is to cater to the needs of the customer through digital means and DAC. 
Each team keeps customers at the center of their organizing and service delivery. The digital services t0 
customers vary, including providing operational data (including forest machine data) for customers’ 
business operations, offering machine related predictive maintenance services through data platform, 
visualizing different performance related information regarding the machines and their operators, etc. 
Therefore, the organization is an appropriate case for understanding how IS capabilities can facilitate DAC 
for digital service development and how DAC could be deployed for digital service development.  

Data collection and data analysis 

The primary data collection method was semi-structured interviews. The interviews were conducted with 
employees associated with digital services at ManuCo. The interviewees were from different teams and have 
varied expertise (See Table 1). The interviews were conducted in English in the month of June and July in 
2022 via both online and face-to-face means. The duration of each interview was around 60 minutes. All 
the interviews were recorded and transcribed. The transcripts were checked carefully against the recordings 
to maintain the quality of data.  

The interview conversation was related to value creation from digital services; utilization of data, data-
related technology, and data-related expertise for the development of digital services; the conversations 
also included the coordination of activities between different teams for the development of digital services; 
the role of organizational culture in developing digital services, etc. In addition to semi-structured 
interviews, we gathered additional secondary data about the case organization from its website and annual 
reports between 2016 and 2021 (latest) to gather more information regarding digital service development 
at ManuCo.  

In this study, we conducted a thematic analysis and used an inductive approach. According to Myers (2019), 
thematic analysis is a process of ‘identifying, examining, and recording’ themes that are occurring in the 
dataset. Thematic analysis provides a flexible, rich, and detailed explanation of qualitative data and helps 
in the process of creating patterns from the data (Braun & Clarke, 2006). Myers (2019) suggested that 
coding qualitative data could help researchers formulate themes related to the research phenomenon. Thus, 
we developed codes for sentences and paragraphs in the qualitative data to help formulate themes in this 
study. In the data analysis, we identified codes related to DAC’s technical, managerial, and organizational 
components as well as IS capabilities such as IS skills, IS infrastructure, and IS-enabled intangibles. These 
codes were used to create themes related to the interworking of IS capabilities and DAC for digital service 
development.  
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The data analysis of the case study was performed via qualitative data analytics software, Atlas. First, an 
initial coding was performed to identify codes related to individual dimensions of DAC, IS capabilities, and 
digital services. For example, all the data-related technical aspects such as data availability, data gathering, 
different types of data analytics, different means of data delivery to the customers were grouped under 
DAC’s technical dimension. 

Interviewees Role in the organization Industry experience (up to May 2023) 

1 Data, analytics, and API team 
leader 

8 years of experience on information and IoT systems 
in traffic and machinery sectors, with current focus 
on software development, data analytics, and API 
solutions. 

2 Business analyst (and scrum 
master) 

11 years of experience in telecommunication and 
machinery sectors, focusing on business analysis of 
digital systems design and development. 

3 Business analyst 
13 years in the case company working on the 
specification and UX of different business systems, 
such as sales and marketing, and digital services. 

4 Digital experience team 
leader 

 6 years of experience in telecommunication and 
machinery sectors on digital service development, 
customer experience and service design. 

5 UX design team leader 

20 years of experience regarding product design and 
management, as well as user interface design in 
industries such as consumer electronics and 
machinery. 

6 Digital marketing specialist 

8 years of consultancy and in-house experience of 
digital marketing, focusing on marketing automation, 
marketing analytics development, and online 
marketing campaigns. 

7 Director of digital services 
and IT 

Over 10 years of experience in developing new 
services, products, and technologies, working in 
different roles in projects across industries with high 
complexity, familiar with different solutions, 
architectures, and technologies. 

8 
Product management and 
information systems team 

leader 

12 years of experience on product management 
in manufacturing industries focusing on information 
systems within R&D. 

9 Digital services, sales team 
leader 

Experienced sales manager with 26 years of history 
working in logistics, supply chain, and machinery. 
Currently focusing on the sales planning, operations, 
and negotiations around digital services.  

Table 1. List of Interviewees and Their Industry Experience 

 

The managerial dimension included managerial aspects such as knowhow with regards to data-related 
digital design, digital marketing, and collaboration between different functions related to deployment of 
data for digital services. The organizational dimension aspects included attitudes, beliefs, expectations, and 
decision making regarding the use of data for developing digital services. With regards to IS capabilities, IS 
infrastructure components were related to organizational use of different IS systems for connectivity (e.g., 
visual conferencing tools, E-mail), customer relationship management (CRM), IS architecture, connectivity 
technologies (including machine related components). IS skills were related to developing and maintaining 
software (including machine-related research & development), development of software architecture and 
implementation, website and webinar management, IS planning (e.g., steering the development of IS 
deployment). IS-enabled intangibles were related to developing and fostering customer understanding 
through combination of IS technologies and IS knowhow, organizational knowledge and experience related 
to forest machine manufacturing (e.g., knowledge regarding different markets gathered through different 
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IS), and deployment of IS for achieving synergy between organizational members. Digital services were 
categorized with regards to how the organization is able to provide end points to the customers for efficient 
access to all machine-related data, predictive analytics solutions, and enhanced user experience via data 
platforms (for e.g., customized widgets showing important user metrics). Second, we revisited the data to 
check for interactions between DAC and IS capabilities. A network map was developed between each 
component of IS capability and DAC. The network map allowed clear visualization and mapping of ideas. 
According to (Friese, 2012), networks assist in ‘detailing the entire structure of an idea’. Finally, network 
maps allowed us to visualize the interaction between IS capabilities and DAC for digital service development 
in the case organization. The details of coding logic in this study can be found in Appendix A.  

Case Study Findings 

IS capabilities facilitating DAC-technical dimension for digital service 
development 
The findings in the case study show that data, data analytics, APIs, and data platforms are related to the 
DAC’s technical dimension. The IS capabilities such as IS infrastructure, IS skills, and IS-enabled 
intangibles facilitate DAC-technical dimension for development of digital services at ManuCo.  

Data, data analytics, and APIs 

At ManuCo, there are dedicated teams that are responsible for deploying data, data analytics, and API 
solutions. There are five ManuCo employees in the data & analytics sub-team and three ManuCo employees 
in the API sub-team. The sub-teams also get support from enterprise architect from IT team. In addition, 
there are 16 external consultants working in these teams including data architects. The data, data analytics, 
and API sub-teams utilize different IS infrastructure components for digital service development tasks. The 
IS infrastructure and IS skills of both the sub-teams develop IS-enabled synergy needed for building data 
solutions. Statements from Int.1 is as follows: 

The data is not, of course the only thing, it's obvious that we need integrations and connections 
between the systems and between the solutions, so that's why the work of API team is crucial. You 
usually need both [teams] when you build something. If you need data, you need integrations and 
if something needs to be changed, then integrations [API team] are needed to make the changes 
and so on….  

We are customer of a big cloud service provider (name changed), so we are utilizing their cloud 
systems. We are using data visualization software (name changed) to build our reports. We are 
utilizing data warehouse from another company (name changed) and then we are utilizing 
databases for different kinds of presentation layers….  

The data and analytics team are receiving the data, or they are building the pipelines. API team 
is more like building up those APIs between the systems, let's say from when we fetch the data 
from cloud systems to data warehouse, then we need API team in there to build the pipeline, but 
the data engineers are there to ensure that the all the data is in one place. I mean in the database, 
in right tables and in right columns and so on. So that's more like their responsibility as well as 
building these reports on top of the data. (Int. 1) 

According to Int. 8, ManuCo has a digital service offering called DAPI (name changed), which involves data 
and APIs. The DAPI service is due to the collective effort of both the sub-teams and is developed for 
addressing customers’ business needs. For example: DAPI allows ManuCo’s customers to analyze their 
forest machine data with high precision. Thus, customers’ harvesting operations are supported by the DAPI 
service by acting as an important data source. The DAPI service also assists customers in real-time for 
planning their logistic operations. Overall, the DAPI service makes data-based management available for 
their customers.  

Thus, the case organization leverages third party IS infrastructure as well as IS data-related expertise 
(internal and external) to facilitate DAC for digital service development. The interaction between these 
resources fosters synergy. Data alone is not enough for facilitating DAC for digital service development, the 
support of different IS components for creating integrations is also needed for developing digital services. 
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Based on the interaction, the case organization developed and monetized a particular digital service offering 
with which customers can efficiently manage their business operations.  

Data platform 

ManuCo’s IS infrastructure consists of technology related components which help in gathering data from 
ManuCo’s machines. According to ManuCo’s annual report, data transmission unit (DTU - name changed) 
collects different types of data such as data related to machine movements, machine-related operations, 
and machine- & operator-related performance from the forest machines. The organization utilizes a data 
platform called DataPlat (name changed) which is developed in-house to gather data via DTU and machine 
sensors.  

If we look at, for example some diagnostic data from the machine, it tells the basic parameters 
related to machine behavior. What are the engine hours or engine rounds per minute. Such sets 
of values, and the machine sensors bring the values to our data platform and then we can offer 
this data as a raw data back to the customers. (Int. 1)  

The DataPlat is an important DAC component needed for developing digital services. DataPlat allows 
ManuCo to scale their digital services offerings. The application contains various machine parameters and 
services such as predictive analytics and visualizations. 

There are some dashboards that are built in our DataPlat application, which is again a product 
for our customers so they can follow the productivity and efficiency of the machines, but there is 
also possibility to have these kinds of predictive analytics for some parts. So basically, visualizing 
the situation. (Int. 1) 

The digital services aim at enabling customers to be proactive with regards to their machine health. 

We have this prediction that this part won't last anymore very long, so it should be changed before 
it breaks down. I would say complex analytics from the diagnostic or telemetry information what 
we receive from the machines…. It's also about the service level and if we talk about this industry 
level customers, it's important for them that the machines are running all the time or there won't 
be any breakdowns [machine related]. (Int. 1) 

The above points highlight the importance of data platform in delivering important machine related data 
which are utilized by ManuCo’s industrial customers. In addition, the data platform (as a digital service 
offering) allows the customers to follow the productivity of their machines, as it can have big impact on 
customers’ business operations. However, the data platform needs to be supported by IS components 
specifically developed by the organization. This highlights the importance of IS capabilities and DAC for 
business organizations in developing digital services. 

IS capabilities facilitating DAC-managerial dimension for digital service 
development 
The findings in this study show that digital experience design, cross-team collaboration, and digital 
marketing competencies are related to the DAC’s managerial dimension. The IS capabilities such as IS 
skills, IS infrastructure, and IS-enabled intangibles facilitate DAC-managerial dimension for development 
of digital services at ManuCo.  

Digital experience design 

ManuCo has a user experience (UX) design team comprising of knowledge and expertise related to UX 
design. The UX designer’s IS skills related to UX design is vital for developing digital services. 

In short, my purpose in ManuCo is to give design thinking in the ways I've been taught. So, 
because I'm an industrial designer… my approach is always to think about the user [customer] 
and then look at what they're saying or what they're needing and try to interpret that and use the 
skills that I have as a designer and give the best possible answer to those questions. (Int. 5) 

The UX design is responsible for the design elements such as visual thinking and product design, aimed at 
enhancing user experience.  
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We've been looking at reporting in the DataPlat [new version], so there what I've been sort of 
involved is to try to look at how do we arrange the information in a meaningful way for the 
customers or how do they perceive that you need to look at the production, the working hours and 
how do you get reports out of those that are beneficial for the user [customers]. (Int. 5) 

The IS skills facilitate DAC’s managerial dimension for digital services. This is done by enhancing the user 
experience through DataPlat. According to Int. 5, with the understanding of the technical capability in 
relation to DataPlat, the UX designers could bridge customer needs with the digital services through 
modular design. In DataPlat, the user interface on the customer side is made customizable based on 
customers’ needs and DataPlat’s user interface is designed to serve customers with differing roles. 
Statements from Int. 5 are as follows:  

Each of the customers can customize one part to the software where they can sort of build these 
widgets that meet the area that's a particular interest for them….  

You can customize the widgets [in the DataPlat], no matter who you are. We have this different 
set up, sort of like, one for the owner of the company, one for the operations manager, who is kind 
of running the show for the owner quite often, and then we have the normal operators who are 
driving the machines and then we have the repair guys or maintenance guys and then we have 
what's called the guys [transport truck drivers] who move machines from one place to another. 
(Int. 5) 

According to ManuCo’s annual report, DataPlat helps the machine operator by providing information that 
is needed by the operator while performing his/her task, thereby contributing to the economy and safety of 
the machine in addition to helping customers with their logging activities. This shows that organizations 
require expertise that can bridge both IS and DAC related aspects related to digital services design, which 
allows them to create better user experiences for their customers.  

Cross-team collaboration 

ManuCo, has a virtual design team (VDT - name changed) which is a cross-functional team consisting of IS 
expertise from different functional areas and includes two business analysts, an enterprise architect, a UX 
designer, a quality assurance (QA) lead, and data architects. The VDT was established to overcome issues 
related to incomplete specifications, to tackle misalignment of scope, and to avoid delays with regards to 
the delivery of digital services. 

We had functionalities where the functional specification was very complete in one area and 
completely incomplete in another area…things were not aligned. (Int. 2) 

The VDT assembles IS skills from different areas of ManuCo and acts as a medium for collaboration. The 
scope alignment is addressed by developing IS-enabled synergy through VDT.  

Yeah, we work together in the part of the process where we define the functional specifications on 
a higher level which we then hand over to implementation [teams] and we work together with the 
product management to define the business requirements and then we work together with the 
enterprise architect, UX designer, QA lead to kind of coordinate tasks and to share the same 
priority and the functionalities that we want to hand over to the implementation teams. (Int. 2) 

The collaboration provides visibility and understanding into what each team is doing, which drives the 
development work related to digital services.  

But they [implementation teams] have an understanding of the high level of different areas for 
the functionality…. For the next month or two, they can organize their work and we try to freeze 
that scope for one implementation cycle so that the businessperson is not continuously pressing 
on the button up more and more. Every time there's an interaction between the business and the 
implementation team, we [VDT] try to be kind of a buffer. (Int. 2)  

The VDT helps to make the business requirement more concrete and going into more detail how 
they would apply on the product itself… they will make suggestions and try to understand the 
requirements… by asking questions. So basically, refining the requirements and making it more 
towards the actual service or product. (Int. 8) 
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Via VDT, IS-enabled synergy, an important IS capability, fosters the generation of customer understanding 
and process visibility for data, analytics, and API teams. This provides clarity for the data, analytics, and 
API teams while creating solutions towards developing digital services. 

So, they prepare the data, analyze the data, they do the architecture of the data. But they 
desperately want to know more about the why behind. So, one mission of VDT is combining 
different aspects, from functional design to UX design, and then to architectural design. So, all 
three parts are kind of combined together in one view in the VDT. Let's say when we invite those 
data architects in the workshops in VDT, they could also understand. Ok, so how does it look like 
on the UX side? How does it work on the functional side? (Int. 4) 

VDT prioritizes the needs of the customers and facilitates deployment of data-related solutions. This 
process is to help customers in their business, thus, facilitating DAC’s managerial dimension for digital 
service development.  

It might be that the product management finds or identifies a trend in their customers for new 
features in the applications and then that they talk with us, and we try to do a good description 
of those functionalities on how software should behave to accommodate those needs and then we 
communicate with the implementation teams and then we add those new features in the 
application. So that's one way to add value to our customers, is to make our applications fulfil 
their needs. (Int. 2) 

When they [customers] are making their core business, they are producing lots of data and then 
we need to visualize that and make that understandable and visualize that data to customers so 
that they can run their business better and then they will get more value from our machines, from 
our services, and from our digital services. (Int. 3) 

The findings show that organizational members and departments should utilize different IS and DAC-
related expertise to develop data-driven solutions for developing digital services. However, this only occurs 
when the case organization can foster efficient collaboration across its different teams and members. The 
findings reveal that through efficient use of IS technologies, the organizational members can generate 
synergy. IS-enabled synergy is needed for ensuring cross-team collaboration for developing digital services 
that can fulfil specific needs of the customers.  

Digital marketing competencies 

ManuCo has a digital marketing team that takes care of customer-related communications. Int. 6 is a digital 
marketing manager whose tasks include development of ManuCo’s website, supporting global marketing 
network, deploying marketing automation, and product information management tools. 

I work with various systems, and I'm also taking care of our data analytics to ensure how we can 
better utilize our data. (Int. 6) 

According to Int. 4 and 6, digital marketing competencies are established based on IS-enabled customer 
orientation capability. The aim of digital marketing team is to generate better customer understanding 
through digital means.  

So, at ManuCo, customer is the key. I can say that we are quite close to the customer, and we 
know the customer quite well, but also with the digital marketing means we try to know the 
customer even better and then cater personalized marketing to that customer. (Int. 6) 

We have a tradition of customer centricity in ManuCo, but in a very personalized and qualitative 
way. Let's say we have knowledge here and there in the marketing people, salespeople, our other 
colleagues, when they are interacting with customers, but then with the digital means and the 
data we are aiming to have more precise view on our customer and then we are able to segment 
and do more automation and do more precise marketing and relationship-building with the 
customer. (Int. 4) 

The marketing department is in collaboration with the digital services and IT department for their 
resourcing needs (IS skills and IS infrastructure). The collaboration also leads to IS-enabled customer 
orientation capability.  
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We have IT specialists who work hand-in-hand with Int. 6 as business specialists; so, that worked 
very well regarding resourcing. In addition to the resourcing of Int. 6's team, IT also provide 
resources for example licenses. We also provide budget for external consultancy, to configure and 
work on the system from technical point of view. So, Int. 6 as business owner of those systems, is 
in close collaboration with us. (Int. 4) 

We noticed that there was a big drop in the traffic, which seemed not realistic. We noticed that 
the problem was the cookie consent and that we needed to make some UX design [website related] 
improvements to better affect the customer behavior so that it’s easier to select the preferences 
related to cookies. Earlier, the cookie consent banner was in the background that you could easily 
ignore it, and still continue using our website, but now it's more like a pop-up in the middle of the 
window, and then you really need to make the selections before you continue browsing our 
website. That has affected positively into the traffic in Google Analytics. (Int. 6) 

The IS capabilities discussed above facilitate DAC’s managerial dimension for digital service development. 

We are just improving the process; so, on ManuCo's website, you can subscribe to our newsletters, 
and then there, we are collecting some data of the subscriber. Let's say, being a customer or 
anyone, and then we are improving this process to make it, of course, easier, but also to provide 
better quality data. (Int. 4) 

We have marketing campaign related analytics, social media, and marketing cloud analytics, so 
my goal is to improve how we utilize data.... One area of improvement is that we collect data 
about customer interest, what kind of interest the customer has, for example, when the customer 
subscribes to our marketing communications. Then, we collect that information and, in the future, 
provide more personalized content to that customer’s question. (Int. 6) 

The above findings revealed that the digital marketing team require support from different IS personnel 
(including externals) who can deploy the IS infrastructure and knowhow for capturing relevant and better-
quality data from multiple sources. The data is needed for the digital marketing team to deploy different 
types of DAC applications mentioned above. This allows them to cater better services to their customers.  

IS capabilities facilitating DAC-organizational dimension for digital service 
development 
The case study findings show that data-driven culture is related to DAC’s organizational dimension. The IS 
capabilities such as IS skills, IS infrastructure, and IS-enabled intangibles facilitate DAC-organizational 
dimension for development of digital services at ManuCo.  

Data-driven culture 

At ManuCo, data is often an important part of customer interactions and establishing a common language 
with the customer regarding data is important.  

Mostly, understanding customer cases comes from visiting the customers in the forest where the 
operation happens and interviewing the customers and talking about data and digital services 
and how they would benefit, how it would benefit their daily operations, and based on those 
interviews, I will draw up the requirement map for customers and prioritize what we should do 
next. (Int. 8)  

We see also the generation change amongst our customers and now with the young people, who 
are starting to run their companies, they know what to do with data, they want to have the figures 
rather than guesswork, and it's really dangerous if we don't speak the same language, because 
then it means that they don't want to talk with us and that is a huge risk for us and that's one of 
the reasons why we really need to make that change happen quickly. (Int. 9) 

According to Int.4, IS capabilities such as IS skills, IS infrastructure, and IS-enabled intangibles drive the 
data-driven culture in the organization. 

In ManuCo, we have this software team in the R&D team that is designing and developing 
software inside the machine and then there is this digital service and IT, our department that is 
based on the data that is produced from the machine, and then we're building applications and 
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capability outside of the machine to enable our customers’ day-to-day work. So that's why in this 
sense, all the capabilities that we have been talking about…is very much data based…. For 
example, my team will contribute more on the application and user experience side, but that is 
also very much driven by what kind of data we have and match that with the business 
understanding and customer understanding and then the data and API team are more explicitly 
relevant on the data topic. But then we also have the core IT that is overseeing the whole 
architecture and connecting with all the hardware and infrastructure as well. Then we have the 
project portfolio and quality analyst team to ensure that everything is going on very well. So, as 
you see, the whole organization, it’s very much built on data. (Int. 4) 

The IS capabilities facilitate DAC’s organizational dimension for developing digital services. The 
organization has been building DAC for the last four years for developing their digital services. According 
to Int.7, due to an increasing demand for different kinds of digital services from customers, developing 
digital services has become ManuCo’s strategy for sustaining competitive advantages. Int. 7 discussed that 
certain markets for forest machines necessitates the requirement of specific digital services. For example, 
in making data available, and deploying data for creating solutions to address customer requirements has 
become a necessity. 

It's at the same time not that big of a change and at the same time it's quite a big revolution in 
forestry [with regards to] handling data…. For example, the forest companies have been utilizing 
[data] almost 20 years now, so there's basically nothing new in the data content wise. But the big 
difference what we do now is that we actually solve a big problem for our customers. So far, all 
the customers have built their own solutions on how to transfer the data from the forest machines, 
how to extract the data, and how to transform the data in the usable format. Now, we have taken 
all the complexity away from the customers. We can actually provide the data already in usable 
format, saving a lot of time, lot of complexity, a lot of money for our customers so that they can 
directly integrate, and they then for example build the use cases that actually helps in their core 
business. For example, optimizing the wood logistics…can save huge amounts of money. (Int. 7) 

The findings reveal that the ManuCo’s customers want data-driven services. The organization also aligned 
itself towards customers’ needs. To meet these customers’ needs, the organization made some structural 
changes, such as setting up a dedicated department for developing digital services. This helped the 
organizational teams and members involved in creating the data-driven culture needed for developing 
digital services at ManuCo.  

Discussion 

In this study, we examined the deployment of DAC for digital service development in a forest machine 
manufacturing organization. The case findings revealed that ManuCo leveraged IS capabilities to facilitate 
DAC’s technical, managerial, and organizational dimensions. In addition, the findings show that IS 
capabilities such as IS skills, IS infrastructure, and IS-enabled intangibles (e.g., customer orientation and 
IS-business synergy) are needed for facilitating DAC for digital service development. Together, DAC and IS 
capabilities work together for developing digital services at ManuCo.  

First, we found that IS capabilities such as IS infrastructure, IS skills, and IS-enabled intangibles facilitates 
DAC’s technical dimension for digital service development. The findings further revealed that data, 
predictive analytics, APIs, and data platforms are related to the DAC-technical dimension. These 
components help ManuCo in developing digital services. For instance, predictive analytics-enabled 
customer service help customers to monitor their productivity and manage their machines’ health in 
proactive ways. Moreover, API-based data platform provides customers with access to different data, data 
products and data services to support their machine management. Figure 1 shows the deployment of IS 
capabilities and DAC for digital service development in the case organization. 
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Figure 1. Deploying IS Capabilities and DAC for Digital Service Development  

 

Second, we found that IS capabilities such as IS skills, IS infrastructure, and IS-enabled intangibles 
facilitates DAC’s managerial dimension for development of digital services at ManuCo. Digital experience 
design, cross-team collaboration, and digital marketing competencies were related to the DAC-managerial 
dimension. Digital experience design enabled ManuCo to deliver personalized customer experience. The 
cross-team collaboration aligned actors and goals associated with digital services together. Whereas 
customer-related communications via digital means helped in generating customer understanding for 
personalized marketing.  

Third, the findings show that IS capabilities such IS skills, IS infrastructure, and IS-enabled intangibles 
facilitates DAC’s organizational dimension for digital service development. Data-driven culture was related 
to the DAC-organizational dimension. At ManuCo, data-driven culture was fostered through changes in 
organizational structure, hiring of expertise in data field (in-house and external), orienting the teams and 
members towards customers’ needs based on data and digital technologies. The data-driven culture helped 
ManuCo to develop and deliver digital solutions to meet customer needs.   

The findings in this study indicated that IS capabilities facilitates the deployment of DAC for digital service 
development from the perspective of DAC’s technical, managerial, and organizational dimension. Clearly, 
ManuCo have deployed both IS capabilities and DAC for its customer-oriented digital service development 
to meet the needs of its customers.  

Theoretical and practical implications 

This study makes contributions to the literature on DAC for value creation, especially in the field of digital 
service development. First, the study extends the understanding of the role of IS capabilities in facilitating 
DAC for digital service development in business organizations. Specifically, this study enriches the 
knowledge on how different IS capabilities, such as IS infrastructure, IS skills, and IS-enabled intangibles, 
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facilitate DAC’s technical, managerial, and organizational dimensions for digital service development by 
providing the explanation of the link between IS capabilities and DAC for digital service development. 

Second, this study contributes to the DAC literature by exploring the role of different components of DAC’s 
technical, managerial, and organizational dimensions for digital service development. For instance, data, 
predictive analytics, APIs, and data platform are important components of the technical dimension of DAC, 
digital experience design, cross-team collaboration, and digital marketing competencies as important 
components of the managerial dimension of DAC, and data-driven culture as an important component of 
the organizational dimension of DAC for developing digital services which meet customer needs.  

Overall, this study strives to establish the distinction and relationship between IS capabilities and DAC in 
the context of digital service development addressing the call by Lyytinen et al. (2023) as an important topic 
in the digital era, especially, for IS curriculum development, and the requirement of skills and competencies 
related to IS and DAC. Our research contributes to a deeper exploration on the boundary between IS 
capabilities and DAC, which allows organizations to utilize IS and data-related resources efficiently, 
thereby, providing a clearer guidance for organizations’ digital business strategy (Bharadwaj, 2013). 

This study offers some practical guidelines for manufacturing organizations that seek to deploy data to 
improve their customer-oriented digital service development to enhance customer services. First, the 
findings from the study show that organizations should utilize their IS capabilities, including IS 
infrastructure, IS skills, and IS-enabled intangibles to help develop DAC, which could help them understand 
their customers better and develop digital services that could meet customers’ needs. Second, organizations 
should develop their DAC from the three angles that were explored in this study. They should develop DAC 
by placing importance on the components that make up the technical, managerial, and organizational 
dimensions of DAC. In addition, organizations should understand the importance of IS capabilities and 
their association with the three dimensions in facilitating DAC for digital service development.  

Limitations and future directions 

This study comes with few limitations. First, a single case study was conducted in the manufacturing context 
in this study. Future studies could consider conducting cross-industry multiple case studies to explore DAC 
for value creation in digital service development. Second, the study only examined DAC deployment for 
digital service development. However, there are other concepts related to value creation from DAC. 
Therefore, future research can consider other value elements such as digital innovation, digital 
transformation, product development, etc. Third, this study has applied a single case study to explore how 
DAC could be applied in digital service development together with IS capabilities, future research could 
examine the configurations of DAC with other organizational capabilities for value creation and apply mixed 
methods or quantitative methods to understand DAC for value creation in business organizations. 
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Abstract 
Prior information systems (IS) literature has argued the significance of data analytics capabilities 
(DAC) in business organizations for extracting the potential of data and data analytics. Organizational 
culture (OC) also plays an important role in the development of technology related capabilities in 
business organizations. However, there is a gap in IS literature with regards to the interplay between 
OC and DAC. i.e., the influence of OC on DAC and the influence of DAC on OC. Therefore, a qualitative 
study was conducted to examine the interplay between OC and DAC. The findings show that different 
value dimensions of OC influence the development of DAC in business organizations, and DAC also 
influences OC by making it data-driven. The study provides theoretical and practical contributions with 
regards to DAC development in business organizations from OC point of view. 
 
Keywords: Data analytics capabilities, Organizational culture, Data-driven culture. 

1 Introduction 
Data is becoming a vital resource for business organizations in the digital era. Business organizations 
are utilizing data to create value and to sustain competitive advantages (Saldanha et al., 2017). To extract 
the value of data, business organizations need to cultivate and implement capabilities associated with 
data. In this regard, data analytics capabilities (DAC) have become critical for business organizations to 
extract the potential of data and data analytics (Gupta and George, 2016). The positive outcomes 
associated with deploying DAC in business have been linked with high customer performance (Park and 
Mithas, 2020), service innovation (Lehrer et al., 2018), improved decision-making (Ghasemaghaei and 
Calic, 2019), and optimizing production processes (Dremel et al., 2020). Different factors in 
organizations could influence DAC development and its business value (Gupta and George, 2016).  
Prior research has emphasized the importance of organizational culture (OC) in capability development. 
Alavi et al. (2005) investigated the influence of OC (cultural values and beliefs) in developing 
knowledge management (KM) capabilities. Felipe et al. (2016) examined the influence of different types 
of OC on the development of absorptive capacity (capability to assimilate and apply external 
information) in organizations. Meanwhile, the development of capabilities can also influence OC. For 
instance, Campos-Blázquez et al. (2023) found that internal crowdsourcing capabilities can develop a 
culture that values innovation in organizations. Following the literature, OC could be an important factor 
in developing DAC (Gupta and George, 2016) and DAC might also influence OC. 
Prior literature has examined the importance of OC for achieving competitive performance and radical 
process innovation capabilities in applying data analytics in business (Danielsen et al., 2021; Mikalef 
and Krogstie, 2020). Some studies have argued that OC plays a mediating role between DAC and 
organizational performance (Campbell et al., 2021; Hyun et al., 2020). Whereas others argued that OC 
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is a vital resource component required for developing DAC and other organizational capabilities to 
achieve organizational performance (Gupta and George, 2016; Zhang et al., 2020). 
Though prior literature has examined the role of OC in realizing the business value of DAC in 
organizations, few studies have investigated the interplay between OC and DAC: specifically, the 
influence of OC on DAC and the influence of DAC on OC. Examining the interplay between OC and 
DAC is essential for understanding which OC values are needed for developing DAC, and how DAC 
could help develop the value dimensions of OC. Therefore, the objective of this research is to examine 
the interplay between OC and DAC. In this regard, we aim to answer the following research questions: 
1) How does OC influence DAC? 2) How does DAC influence OC? 
To answer the research questions, we utilized the value-based perspective of OC and the literature on 
DAC. To examine the interplay between OC and DAC in business organizations, we conducted a 
qualitative study utilizing interviews. The findings show that different value dimensions of OC such as 
collaboration, leadership commitment, customer-centricity, learning, expertise, data governance, and 
technology utilization influence the development of DAC. Conversely, DAC changes OC values 
associated with decision-making, learning, efficiency, expertise, monetization, and infrastructure 
utilization by making it data-driven, which represents an organization’s data-driven culture. This study 
enhances the IS literature on OC and DAC by examining the interplay between the two concepts. This 
study identified not only the influence of different value dimensions of OC on DAC development but 
also the influence of DAC on building a data-driven culture in organizations. The study also offers 
practical guidelines to business organizations on how to develop DAC from the OC point of view and 
how to develop a data-driven OC by enhancing DAC.  
The remainder of the paper is structured as follows. In section 2, we present the theoretical background 
related to OC and DAC. Sections 3 outlines the research methodology. In section 4, we present the 
findings from the expert interviews. In section 5, we discuss the study’s findings and propose a 
theoretical model. In section 6, the theoretical and practical contributions are discussed. The limitations 
and future research directions are presented in section 7.  

2 Theoretical Background 

2.1 Organizational culture in technology capability development 
According to Alavi et al. (2005), the concept of OC is very broad and poses a challenge for 
understanding a particular phenomenon through the lens of OC. In this study, we utilize Schein (2004)’s 
conceptualization of OC, which refers to the shared beliefs and values held and developed by members 
in an organization to address challenges (both internal and external) and opportunities. Desired and 
effective beliefs and values are passed down to new organizational members. Schein (2004) 
conceptualized OC across three levels, namely, artifacts, espoused beliefs and values, and underlying 
assumptions. First, artifacts consist of visible processes and includes technologies, services, routines, 
language, stories, etc. Second, beliefs and values include organizational strategies, goals, philosophies, 
and are mechanisms by which organizational members communicate and act in a given context. Such 
values also lay the foundation for desired behaviour (Leidner and Kayworth, 2006). Finally, underlying 
assumptions relate to perceptions, thoughts, feelings, and are the basis for values and action. The 
underlying assumptions get ingrained in organizational members over a long period of time and are 
taken for granted.  
Of the three levels, values are most visible and can help in uncovering different mechanisms (Alavi et 
al., 2005). Among numerous factors that define OC, the concept of values significantly guides and shape 
different organizational behaviours (Giorgi et al., 2015; Hyun et al., 2020). For instance, Hewlett 
Packard (HP-analytics) transformed their OC by changing employee behaviour in the context of 
knowledge sharing (Teo et al., 2011). In doing so, the organization developed an OC that values the 
importance of knowledge sharing and collaboration between organizational members.  
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The competing values framework, developed by Cameron and Quinn (2011), identifies four distinct 
types of OC: hierarchical culture, clan culture, market culture, and adhocracy culture. They are mapped 
according to their organizational focus (internal vs. external) and organizational structure (flexibility 
and discretion vs. stability and control). In hierarchical OC, organizations are internally focused and 
maintain a stable structure, emphasizing internal efficiency. Therefore, processes associated with DAC 
could be structured, incremental, and inclined towards risk aversion. In doing so, DAC could be 
leveraged to achieve organizational efficiency through incremental development without deviating from 
standard operating procedures. Similarly, in clan OC, which is also internally focused, organizations 
adopt a flexible structure that values collaboration and human development. In this regard, collaboration 
and communication could facilitate effective DAC-related processes. Conversely, DAC could not only 
foster knowledge sharing and mutual learning among members but also align groups to address 
organizational objectives. This process strengthens clan OC’s foundational values, such as collaboration 
and expertise development. In contrast, market OC is identified by an external focus, stable structure, 
control, and an orientation towards competition and measurable outcomes. To achieve the goal of 
performance (e.g., market share), organizations could leverage DAC to generate insights about customer 
preferences and tailor strategies to acquire more customers. In doing so, DAC enables a market OC that 
is oriented towards improving and sustaining its competing advantages using data and data analytics. 
Finally, adhocracy OC, which is externally focused with a flexible structure, emphasizes creativity and 
innovation. Therefore, organizations with this type of OC would be inclined to invest in and experiment 
with data and data analytics to explore and seize new market opportunities. In doing so, DAC not only 
supports but also reinforces adhocracy OC’s foundational values of agility, innovation, and 
transformation.  
Prior literature has studied the link between OC and technology capability development in organizations 
through value-based conceptualization. Alavi et al. (2005) investigated the influence of OC values such 
as collaboration, learning, expertise, etc., in effective utilization of KM technologies, which play a vital 
role in KM practices and KM capability development in organizations. Chang et al. (2010) found a 
positive relationship between customer-centric OC values and customer relationship management 
(CRM) technology use. The authors found that customer-centric OC values facilitated the utilization of 
CRM technology, which developed the organization’s marketing capabilities. Martínez-Caro et al. 
(2020) found that digital OC values (utilization of digital technologies) influences business digitization 
(capability to explore and utilize digital technologies) and digital technology value development, which 
are further associated with improving organizational performance. Campos-Blázquez et al. (2023) found 
that internal crowdsourcing capabilities led to an innovative OC in organizations. Internal 
crowdsourcing capabilities positively affected emotional and rational values of OC. Thus, signaling a 
shift in OC through innovation-centric OC values. Melanie Pfaff et al. (2023) found that digital 
transformation (capability to utilize digital technologies) leads to transformation of OC along various 
value dimensions such as lower power distance and uncertainty avoidance, increased collectivism, 
decreased power distance, indulgence, long-term orientation, and femininity.  
To summarize, different studies have explored the relationship between different OC values and 
technology capability development. Therefore, in the context of DAC, it can be argued that OC could 
influence organizations’ capability to use data and data analytics in business. In other words, DAC and 
the utilization of data and data analytics to develop DAC may not only influence business processes and 
performance but also reconfigure existing values about data and data analytics. This reconfiguration 
could lead to change in behaviours associated with data and data analytics in organizations. In this vein, 
this study aims to provide an understanding of the interplay between OC and DAC in business 
organizations.   

2.2 Data analytics capabilities 
Gupta and George (2016) defined DAC as the organizational capacity to deploy data-related resources 
to achieve competitive advantages. Such competitive advantages are based on DAC’s ability to derive 
value in the form of business decision-making (Wixom et al., 2011), configuring competencies needed 
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for a dynamic environment (Battleson et al., 2016), and data-driven innovation through successful 
orchestration of data-related resources in association with other capabilities (Shuradze and Wagner, 
2016).  
Prior IS research has approached DAC through different organizational dimensions which include OC 
values. First, DAC’s management dimension is made up of OC values such as collaboration, 
communication, leadership, etc. Collaboration between different members is needed to integrate 
different inputs from IT and business during the implementation of data analytics tasks (Krishnamoorthi 
and Mathew, 2018). Communication is essential to ensure common understanding (between different 
actors) in the data analytics process for further actions. Leadership or top management support can 
ensure the adoption/utilization of data analytics for performing business tasks (Yu et al., 2022). This 
includes investing in appropriate technologies (hardware and software) necessary for data analytics 
tasks. Second, DAC’s knowledge dimension includes technical and managerial skills and expertise of 
employees (Gupta and George, 2016). Technical expertise is related to developing and applying 
knowledge regarding technicalities of data and data analytics. For example, expertise related to 
programming, data engineering, data analysis, data visualization, etc., is important for performing data-
related tasks (Lyytinen et al., 2023). Managerial expertise is related to knowing how to utilize data in 
business (Gupta and George, 2016). For instance, developing business solutions or services based on 
data and data analytics (Mikalef and Krogstie, 2020). It also includes domain knowledge in a specific 
business context (Tan et al., 2016). Third, DAC’s data governance dimension is related to managing 
data quality in the organization. For example, this includes emphasizing the accuracy of data for business 
purposes (Chae et al., 2014). Success of DAC’s decision making depends on the quality of data in 
business organizations (Ghasemaghaei and Calic, 2019). Finally, data infrastructure utilization involves 
factors related to technological hardware and software components (Gupta and George, 2016). Such 
components play a vital role in data gathering, data storage, data processing, data analysis, data 
visualization, report generation, and data sharing in the organization (Fink et al., 2017). In particular, 
performing different types of data analytics or handling real-time data (Preuveneers et al., 2021) requires 
utilization of good data infrastructure.  
Prior research has highlighted the factors that facilitate the development of DAC from a general 
resource-based view (Gupta and George, 2016), and technology, organizational, and environment 
perspective (Yu et al., 2022). However, DAC is closely linked with OC based on the data analytics-
related activities and tasks in practice. Such activities need OC values to guide the development of DAC. 
For instance, Mikalef and Krogstie (2020) argued that data-driven culture plays a central role in 
achieving radical process innovation capabilities in large business organizations operating in dynamic 
environments. Hyun et al. (2020) found that democratization and collectivistic culture mediated the 
association between DAC and organizational agility. Campbell et al. (2021) found that data-driven 
culture leads to better data quality, and mediated the association between DAC and organizational 
performance. Zhang et al. (2020) found a positive support for the association between data-driven 
culture and the development of DAC. In addition, data-driven culture has been found to be a key internal 
driver for developing OC values (commitment to analytics usage). Even though prior research has 
studied the link between OC and DAC, there is a lack of research on DAC development from an OC 
perspective. Specifically, how the two influence each other. In this study, we aim to explore the interplay 
between OC and DAC in business organizations.  

3 Research Methodology 
In this study, a qualitative research methodology is used to examine the interplay between OC and DAC 
in business organizations. Qualitative research helps in uncovering mechanisms that could explain a 
certain phenomenon, and encourages researchers to answer ‘how’ questions (Rosaline, 2008). A 
research participant’s world is subject to different embedded processes, and qualitative research can 
allow researchers to get access to understanding such processes. As a result, it can provide detailed 
explanations in comparison to other research methods. According to Flick (2007), qualitative research 
is about understanding daily practices surrounding a particular research phenomenon, and therefore is 
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interested in the perspectives of human beings who play a vital role in these practices. Therefore, 
interpreting the meaning that these human beings ascribe to a phenomenon allows for a comprehensive 
understanding of a research topic (Marvasti, 2004). Qualitative research can apply different types of 
research methods, including observation, interviewing, ethnography, document analysis, focus groups, 
case study research, visual methods, discourse analysis, etc. (Rosaline, 2008; Travers, 2001).  
In this study, the data were collected through interviews, involving interactions between the researcher 
and the research participant (interviewee) with each interview varying from one another (Rosaline, 
2008). Interviews help in understanding perspectives through inquiry into day-to-day activities of 
interviewees, and in generating an enhanced understanding of reality (Travers, 2001). A semi-structured 
interview is a type of interview process that is flexible because the order of questions can be changed 
depending on the interaction with the interviewee. It encourages the participant to tell a story and allows 
interviewer to improvise in order to gather important details. Therefore, semi-structured interviews can 
allow for examining a phenomenon from different perspectives (Cassell, 2015). In this regard, 
examining the interplay between OC and DAC in business organizations requires an in-depth 
understanding from the perspective of different research participants whose daily work practices involve 
the use of data and data analytics. We purposely selected interviewees whose work responsibilities are 
closely related to data and data analytics in business, so that they could provide us with an in-depth 
understanding of this phenomenon (Vaughn et al., 1996). For instance, the mindset, values, behavior, 
and the reasoning regarding the application of data and data analytics in business could be better 
understood through this process. The semi-structured interviews were conducted between March 2022 
and April 2023. The interviews were conducted via both online (majority) and face-to-face means. 
Microsoft Teams and Zoom were used to conduct online interviews. Maximum duration of 60 minutes 
was allocated for each interview. The interviewees have experience from various industries, and 
especially with regards to application of data and data analytics in business. The interview data was 
recorded and transcribed to ensure the quality of data for data analysis.  
We conducted thematic analysis to analyze the data. Thematic analysis helps in identifying and 
explaining ideas or themes in the data (Guest et al., 2012). The main strength of this type of data analysis 
approach is that the interpretation is supported by the data and is helpful in analyzing all units of analysis. 
Initially, the data was analyzed to generate codes. Later, they were combined to form themes that link 
to a particular research context (Myers, 2019). In this regard, we found themes related to OC and DAC. 
Especially, the factors or values that support DAC development. Themes concerning the influence of 
DAC on OC was also recorded through the analysis. The data analysis was conducted using Atlas, a 
qualitative data analysis software. 
Regarding the validity of the study, we followed Maxwell (2012)’s criteria for evaluating the inferences 
from the empirical data. First, to ensure descriptive validity, the accuracy of data was maintained by 
recording each interview and transcribing verbatim. We provided quotes that are directly from the 
interviewees wherever applicable. Second, we ensured interpretive validity or interviewees’ subjectivity 
by delving into each of their arguments. Their current profile, role and tasks in the organization 
concerning data and data analytics, and their industry experience reflects their subjectivity. Third, the 
validity of the theory and the concepts (e.g., influence of OC on DAC) are ensured by interviewing 
participants who have varied industry experience (and learnings) from various industries regarding the 
application of data and data analytics in business, and from different levels of organizations such as top, 
middle, and lower management. The proposed theoretical model captures different OC values and their 
effect on DAC development, consistent with the interview data. Regarding the external validity, we 
articulated the concepts and the findings from different perspectives and organizational situations. 
Therefore, some of the findings may be valid in a particular business activity or an industry-specific 
process, but not all contexts. Therefore, the reader can decide how the study’s findings can be 
transferrable to other contexts. Finally, to ensure evaluative validity, we gave examples that represent 
the interplay between OC and DAC as intended by the interviewees. We also provide the context in 
which some of the arguments are made to ensure their original meaning. Upon completing the data 
analysis, we also provided a final report as feedback to ensure the validity of the study’s findings. Table 
1 shows the interviewee information. 



Interplay Between OC and DAC 

Thirty-Second European Conference on Information Systems (ECIS 2024), Paphos, Cyprus                             6 

Interviewee 
(#) Role Work experience 

in years Industry background 

1 CEO >20 Consulting, software, construction, IT 
services 

2 Data analyst 7 IT, advertisement 
3 Director >10 Manufacturing 
4 Product manager (data) >10 Insurance, telecommunications 
5 Data analyst (product) 8 IT, leather, automotive, publishing 
6 Data analyst 5 IT, pulp and paper 
7 Data scientist (Senior) 10 Healthcare, IT services, retail 
8 Data analyst (pricing) 8 Consumer electronics 
9 Product manager >12 Manufacturing 

10 
Data, analytics, and 

application programming 
interface (API) - Manager 

8 Manufacturing, transportation 

11 Data analyst 4 Telecommunications, banking 
12 Consultant (Senior) >20 Consulting, software, IT services 
13 AI engineer 5 IT, banking, manufacturing 

14 Data engineer (Senior) 17 Software, healthcare, manufacturing, IT 
services 

15 Data engineer 6 IT 
16 CEO >30 Software, consulting, eLearning, media 
17 Data scientist 6 IT, telecommunications 
18 Data strategy >25 IT services, media, retail, aviation 
19 CEO >20 Energy, manufacturing, sports 
20 Data analyst 4 IT, manufacturing 
21 Business analyst 11 Manufacturing, telecommunications 

22 CEO 20 IT, manufacturing, media, banking, 
healthcare 

23 Data scientist >4 Manufacturing 
24 Sales manager 26 Automotive, manufacturing 

Table 1. Interviewee information. 

4 Findings 
The findings show that OC influences the development of DAC through various OC values. 
Furthermore, DAC changes OC to become data-driven. The following sub-sections present these 
findings in detail.  

4.1 Influence of OC on DAC 
Different value dimensions of OC such as collaboration, leadership commitment, customer-centricity, 
learning, expertise, data governance, and technology utilization influence DAC development in 
organizations.  
Collaboration: OC values such as collaboration and teamwork facilitate collaboration and teamwork 
for data analytics activities, which is necessary to the development of DAC. Interviewee 6 discussed the 
importance of collaboration between technical and businesspeople when utilizing CRM data for 
enhancing sales and marketing activities. The outcome of that collaboration is to ensure satisfaction 
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concerning data quality. In a healthcare context, Interviewee 7 discussed the benefits of collaboration 
between different domain actors when utilizing data and data analytics. For instance, collaboration 
between clinicians and data scientists/analysts is important for validating the treatment procedures by 
doctors on patients [members of the insurance companies]. This allows them to provide better 
recommendations [high quality doctors] to the patients. ‘We can have a strategy as to build 
recommendations for members to use high quality providers or doctors, so that can improve clinical 
outcomes’. (#7).  
Interviewee 12 discussed that the collaboration between business and data people is important for 
gathering diverse viewpoints with regards to data analytics process. Diverse viewpoints are needed to 
generate enhanced understanding for different members. ‘It's very important that every stakeholder is 
listened to at some point so that they can give their input to the [data analytics] process’. (#12). 
Interviewee 24 mentioned that collaboration can lead to free-flowing information between different 
members and emphasized its importance for the success of data-driven organizing. In a manufacturing 
context, Interviewee 20 emphasized the need for collaborating with important stakeholders in a timely 
manner. Specifically, in developing key definitions for variables in the database tables. The timely 
involvement of domain actors helps in addressing issues concerning data analytics process. The outcome 
of such a collaboration is enhanced understanding of variables and a robust master table for further data 
analysis.  ‘So, the specialist [warehouse] was the one who knew it all and he was the one who helped us 
[with regards to key definitions and building the master table]’. (#20) 
Leadership commitment: Commitment from leadership with regards to technology use/utilization in 
organizations is also important for being committed towards utilizing data and data analytics. Therefore, 
the development of DAC in organizations requires leadership commitment. Interviewee 16 expressed 
that top management commitment is needed for legalizing the use of data and data analytics in business 
activities. Interviewee 7 mentioned that the top management’s commitment to analytics for ensuring 
customer [member] retention allowed analytics teams to align their tasks with organization’s strategy. 
‘Last year we lost a lot of customers, so this year we are doubling down on customer retention. So, it’s 
all set from the CEO, and Strategy office sets the strategy, and everybody follows that’. (#7).  
The commitment is also reflected in the mindset of the leadership. Specifically, their willingness to take 
risks when experimenting or implementing data analytics solutions for business (Interviewee 12). For 
instance, it reflects the courageousness of the leadership to continue utilizing data and data analytics 
even when they experience practical difficulties. Interviewee 1 mentioned that leadership should embed 
data analytics thinking throughout the organization. Specifically, encouraging the use of data in business 
activities. Interviewee 8 recalled his experience and stated that the leadership in the organization should 
be committed towards understanding the needs/requirements of different departments to facilitate the 
development of DAC. In particular, breaking organization siloes for easier access to data-related 
resources can help with the application of data and data analytics for different business activities [in this 
case, utilizing data and data analytics for pricing activities]. In a banking and insurance context, 
Interviewee 11 discussed that his organization’s leadership are conservative when utilizing data and data 
analytics in business. For instance, the organization uses only descriptive statistics for many exercises. 
This is to ensure that the organization does not hastily adopt unproven data models, which could have 
grave implications for business. Interviewee 2 mentioned that his organization’s leadership recognized 
the absence of data-culture in the organization. This was a significant step towards developing a data-
driven culture. In their case, the leadership was committed towards developing a strong data-driven 
culture from the very bottom. This was needed to transform the thinking that data is not something 
mystical but rather an important resource for business. In addition, the transition was needed to achieve 
the goal of creating self-service tools or ‘data as a service’ type of solutions. ‘This data culture is 
essential if we want to create this kind of a self-service or this data as a service type of solutions’. (#2) 
Customer-centric values: Customer-centricity could lay the foundation for utilizing data and data 
analytics in business by providing value to the customers. According to Interviewee 21, the focus on 
providing value to the customers can help organizations in catering to the varied needs of their customers 
by developing valuable data products. The data products are developed in such a way that they are 
customizable according to the customer profile. In a manufacturing context, Interviewee 10 emphasized 
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that customer is the starting point for developing their data-related services. Customer-centricity enabled 
his organization to develop products for customer value creation. ‘I would say that the customer is 
always in the middle of everything… (#10)’. We try to...bring them products [data] that creates value   
Learning: An OC that supports learning can facilitate learning with regards to data and data analytics. 
According to Interviewee 18, the organization in which she was responsible for handling data strategy, 
defined a certain level of data literacy for individuals. For instance, individuals working with activities 
related to data and data analytics didn’t need to have full knowledge about querying databases with SQL 
[structured query language] or coding with Python. However, they should be curious to understand 
where specific pieces of information that they are served is originating from, where they can utilize it or 
where it should be used for and being able to explain to others regarding the data and data analytics 
process.  
Expertise: An OC emphasizing the importance of expertise for technology utilization is needed for 
facilitating the development of DAC. In the case of Interviewee 9, an OC supporting the investment of 
in-house development of competencies/capabilities was seen as a guiding force in utilizing data and data 
analytics for providing digital services. He mentioned that the organization recognized the importance 
of developing competences in-house. In addition, hiring external expertise can help organizations to 
bring in valuable data-related insights and knowledge from outside, thus contributing to the breadth and 
extensiveness of data and data analytics (Interviewee 1). ‘I would start…by utilizing also external 
experts to bringing some insight from other industries or from our industry as well to learn about use 
cases and so on’. (#1). Interviewee 8 expressed that the lack of data engineers in his team encouraged 
him to develop his own skillsets with regards to data and data analytics. For instance, managing data 
pipelines quickly became a part of his role.  
Data governance: An OC that emphasizes the importance of governing data is vital for the development 
of DAC. Interviewee 3 mentioned that there had been an increase in discussions concerning data quality 
among organizational members. The discussions have led to acknowledging the importance of master 
data management. ‘ … there's now some There has been more and more discussions on the data quality
understanding that we, for example, need master data management so that we can actually rely on the 
data quality’. (#3). Interviewee 6 discussed that his organization places importance on good quality data. 
His role is to apply different methods daily to ensure that the data is in good shape for business teams 
to develop data-based business applications. Recognizing the importance of data is part of data 
governance. According to Interviewee 17, this recognition may differ between different teams. For 
instance, teams in which data is central for business activity have better data governance practices than 
in teams where data is only seen as a supporting asset. Interviewee 24 stressed the importance of data 
storage. Specifically, salespeople who are not directly working with data analytics should be trained in 
data governance practices. For example, they should be entering important client information in digital 
systems to ensure that the data is available for data analytics [customer segmentation]. Good data 
governance can lead to better quality data, which is necessary for developing DAC.  
Technology utilization: Technological tools such as hardware and software are needed for facilitating 
data analytics. According to Interviewee 15, an OC that is inclined towards investing in data-related 
technology could give developers the freedom in choosing appropriate technologies, thus facilitating the 
development of DAC using the right tools. For instance, Interviewee 15 was responsible for developing 
a data platform in the organization. The objectives of developing a data platform were to ensure faster 
data delivery, handle an increased amount of data, and support an increased variety of data for business. 
‘ it's easy for  If they have the freedom from the higher organization to invest in the right technologies…

’. (#15).us also to go with the tools  Another example is related to the commitment to technology 
investments such as artificial intelligence (AI). According to Interviewee 22, the organization was 
committed towards experimenting with AI technology for a long-time (10-month period) in order 
productize AI into their business. The AI prediction model was used in supply chain activities for 
optimizing supply chain by predicting/estimating supplier purchase cost. Table 2 presents a summary of 
the influence of OC on DAC. 
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Value dimensions Influence of OC on DAC 
Collaboration Collaborative values develop DAC by fostering cross-functional synergies 

between domain, business, and technical teams, thereby ensuring enhanced 
insights and better outcomes from data analytics. 

Leadership commitment Leadership’s commitment is needed for emphasizing the importance of data 
in decision-making. This commitment is reflected through actions, such as 
prioritizing and integrating data analytics in business.  

Customer-centric values OC’s importance on customer-centricity guides the development of DAC by 
aligning data and data analytics with customer needs. 

Learning OC’s emphasis on learning enhances DAC by cultivating data literacy and a 
practical understanding of data analysis processes. 

Expertise OC’s importance on expertise improves DAC by supporting in-house skill 
development and by integrating external knowledge. 

Data governance OC values concerning data governance assists in DAC development by 
improving data quality and master data management. 

Technology utilization OC oriented towards investments in technologies, facilitates optimal 
selection of tools needed for developing DAC.  

Table 2. Summary of the influence of OC on DAC. 

4.2 The influence of DAC on OC  
The findings show that DAC changes OC in business organizations. The OC becomes data-driven in 
decision-making, learning, efficiency, expertise, monetization, and technology infrastructure utilization.  
 
Data-driven decision-making: Effective utilization of data and data analytics in business can change 
the organization’s culture by making it data-driven (Interviewees 1, 2, 4, 6, 7, 10, 16, 18). Interviewee 
4 discussed that DAC has contributed to enhanced decision-making in the organization. It allows the 
organization to get visibility into product performance (through data analysis results), which allows 
them to make incremental decisions regarding product promotions. For instance, promoting high 
performance product over others. Interviewee 16 was confident that organization becomes more inclined 
towards making decisions based on data rather than on gut feeling. Data and data analysis provides 
transparency into business processes through which better decisions can be made. For instance, when 
someone is preparing a decision, the decision includes the analytical processes, and is backed with 
evidence. ‘We want it to be sure that we use all the possible data that we have in order to make the right 
or best decision’. (#16). In an airline industry context, Interviewee 18 expressed that as organizations 
develop their DAC, they gradually incorporate data-driven decision-making into everyday business 
operations. For instance, the domain experts started to rely more on recommendations from AI models 
over gut feeling. In the case of Interviewee 5, the organization developed a pragmatic approach to 
passing product initiatives, which depended on the organization’s ability to collect, measure, and analyze 
data for decision-making.  
Data-driven learning: Interviewee 22 articulated that the process of collaborating in data analytics 
projects contributed to mutual understanding between experts (both internal and external), thus fostering 
a culture of learning. This is due to the iterative nature of data analytics implementation in organizations, 
which necessitates a shared understanding between different expertise. The iterative sessions involve 
multiple rounds of dialogue. In a sports facility management context (Interviewee 19), based on the 
feedback from data and data analytics, organizations can develop and manage a culture that fosters 
learning through mutual adjustment. In the case of Interviewee 19, the management performed several 
experiments to arrive at the most energy efficient water temperature without losing revenue. For 
instance, the sports facility management derives understanding by plotting customer behavior against 
different water temperatures with regards to swimming pools.  
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Data-driven efficiency: Utilizing data and data analytics can automate some of the manual work in the 
organization, contributing to a culture of efficiency. Interviewee 17 discussed that the business teams 
would approach him to help reduce manual work with regards to a particular business activity. For 
instance, Interviewee 17 would build a classifier [algorithm] to classify email tickets automatically to 
save time (can help optimize resources). Interviewee 20 discussed how the implementation of data and 
data analytics to manage manufacturing processes has led to a culture that emphasizes efficiency. For 
example, the organization automated some of the management processes using Power BI. The success 
of the implementation has encouraged the organization to increase the utilization of Power BI and 
broaden its business application (to build other solutions that are efficient). According to Interviewee 
23, the implementation of data and data analytics drives the organization to take proactive measures. 
Utilizing dashboards helps in optimizing manufacturing processes and saves time. For example, the 
organization knows exactly which product is coming next on the line, thereby making adjustments to 
the machine based on the future product. 
Data-driven expertise: The utilization of data and data analytics for business has contributed towards 
development of data-related expertise. In a manufacturing context, Interviewee 3 discussed about the 
successful influence of developing DAC. The organization made strategic changes by insourcing skills 
and building competencies in-house, thereby moving away from reliance on external resources. Upon 
tasting success with data and data analytics for digital services, the organization made changes to their 
structure to make way for the development of new competencies. In the case of Interviewee 4, data and 
data analytics tasks in the organization has enabled analysts to work on data analysis by themselves, 
leading to some level of decentralization (for data-related applications) and skill development. ‘The 
analysts who did not used…to do visualizations of their own and analysis of their own actually started 
to do that themselves’. (#4).  In the case of Interviewee 14, as the organization decentralized the use of 
data and data analytics, it facilitated skill development for different individuals. For example, tools like 
Jupyter notebooks helped non-technical individuals to work on data by themselves and develop their 
skillset. ‘ ur By having this kind of a way of working so that the data is available, and you can set up yo

notebooks. They can…copy ter yJupJupyter notebooks, it has brought in a whole lot of people into the 
’. (#14).paste code and get going and they're able to actually deliver results, which are pretty impressive  

Data-driven monetization: The development of DAC has enabled organizations to foster a culture of 
monetizing data. In the case of Interviewee 9, the data collected via machines are offered to the 
customers as new type of digital services. ‘The data as a service [name changed] which we published, 
the first quotations have been accepted by customers, so we are actually getting money out of this, so 
this is a big step for us’. (#9). Interviewee 3 stated that the purpose of deploying data and data analytics 
for providing digital services is to create revenue for the organization and to support the sales function. 
‘ e is to support our sales and provide competitive digital services [using I think that the major target ther
data]…It’s almost as important for us to commercialize the digital service offering and start creating 

13 expressed that by developing their DAC, the organization  ’. (#3). Intervieweerevenue from there
created new streams of revenue. For instance, they sold their customers a new type of service that 
collects and processes customer data automatically. Interviewee 6 expressed that DAC is empowering 
business to become data-driven in every aspect of the business. In addition to having more discussions 
about data governance, terminologies, etc., he indicated that there's an increase in the amount of data 
being consumed by the business functions. For instance, the sales and marketing processes are creating 
campaigns based on data and data analytics, thereby increasing revenue based on these actions. 
Data-driven infrastructure utilization: Interviewee 4 witnessed a culture of increased utilization of 
data analytics tools. One such metric was the increase in the number of data analytics software licenses. 
‘One of the visualization logical tools that was introduced…half a year before I came. I think they grew 

’. (#4). In an airline industry context, from…10 licenses…to few 100…in a matter of four years
18 stated that the development of DAC can lead to a culture of increasing analytics usage  Interviewee

, indicated by an overall increase in demand for more analytical tools instancein the organization. For 
The demand increases…so more and more projects were interested in bringing more and solutions. ‘

advanced analytical solutions as part of whether we were developing the customer facing applications 
8 discussed that continuous use of  ’. (#18). Intervieweeor whether it was something for the gate agent
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related infrastructure tools. -and utilization of data data and data analytics has increased the recognition
It was evident through the constant demand for data products such as analytical and automated reports 
from other colleagues. For example, he realized that there is an increased demand for automated reports 
to monitor and identify key performance metrics for proactive management of business processes. Table 
3 presents a summary of the influence of DAC on OC.  
 

Influence of DAC on OC New value dimensions 
Utilizing DAC changes OC values, such as utilizing data to make 
everyday business decisions. 

Data-driven decision-making 

DAC can lead to an OC that is inclined towards learning based on the 
collaboration and mutual understanding in DAC-related processes. 

Data-driven learning 

DAC advocates an efficiency culture through the application of data 
and data analytics to streamline organizational processes/operations. 

Data-driven efficiency 

DAC develops an OC that facilitates a broader development of 
specialized data-related expertise across different domains. 

Data-driven expertise 

DAC development fosters an OC that is oriented towards monetizing 
data and data analytics in business. 

Data-driven monetization 

The development of DAC cultivates an OC that is increasingly 
adopting and relying on data-related infrastructure tools in business.  

Data-driven infrastructure utilization 

Table 3. Summary of the influence of DAC on OC. 

5 Discussions 
In this study, we examined the interplay between OC and DAC in business organizations. The findings 
show that OC influences DAC through cultural values such as collaboration, leadership commitment, 
customer-centricity, learning, expertise, data governance, and technology utilization. Whereas DAC 
influences OC by changing the OC to be data-driven along the value dimensions such as decision-
making, efficiency, learning, expertise, monetization, and infrastructure utilization.  
The study shows that the OC values are vital for business organizations in developing their DAC. An 
organization’s collaborative values ensure seamless flow of information between different individuals. 
This seamless flow of information is important for data analytics activities, as it allows individuals to 
collectively understand the process and validate the authenticity of data analytics insights, thus avoiding 
mistakes in the data analytics process. Therefore, this study confirms the importance of collaboration 
for data and information rich environments in the context of IS and capability development (Lyytinen 
and Grover, 2017).  
Organization’s leadership commitment is vital towards pushing the development of DAC from top-
down. leadership can play vital role in controlling the task-technology fit of data and data analytics. This 
can ensure that DAC development is in line with organization’s current strategy. In this light, being 
conversative about the utilization and adoption of data and data analytics should not be considered 
negative, but more as a control mechanism for laying the foundation of DAC in organizations for future. 
Hence, leadership should experiment and push for more data analytics projects. Therefore, when leaders 
are committed towards establishing a data culture by developing DAC, they should consider factors 
such as task-technology fit, experimentation, data analytics’ alignment with organizational strategy. The 
findings are consistent with prior literature in relation to the importance of top management/leadership 
support for driving organizational change i.e.., developing capabilities for digital era (Grover et al., 
2022).  
In today’s business environment, value is often co-created with customers (Lusch et al., 2015). The 
findings show that those organizations that are creating services to customers can utilize customer-
centric values to ramp up their DAC development by incorporating data or data products in their 
services. The findings indicate the importance of DAC for laying the foundation for future customer-
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oriented capabilities (Setia et al., 2013). Organizations that foster values of learning know it to be an 
important resource. Specifically, learning is a mechanism by which organizational members can adapt 
to new technologies and utilize them in business. Learning is important, especially when data can reveal 
new insights about organization’s business processes. In addition, learning can also update knowledge 
at the individual, group, and organizational level. The findings support the argument for learning as a 
mechanism for developing organizational capabilities (Vera et al., 2012).  
Expertise is seen as an important cultural value for bridging the knowledge gaps in the organization. By 
utilizing external expertise, organizations can learn faster regarding the utilization of data and data 
analytics in business. On the other hand, having expertise can lead to the organic growth of DAC within 
the organization. For instance, they have the technical ability to handle data, including building models 
and automating tasks; offer better domain-specific insights by combining subject matter expertise with 
data insights; use data for decision-making, such as offering recommendations to products, services, and 
strategies; innovate business processes using data and data analytics (e.g., designing new data products); 
and most importantly, help in solving business problems using data and data analytics. Therefore, such 
experts are vital for DAC development. These findings support prior literature on the importance of 
deploying expertise with technical, managerial, and domain-specific skills in relation to capability 
development (Wade and Hulland, 2004).  
Values associated with data governance in organizations help in making data accessible to individuals 
across all areas of the organization. If data is not available to key individuals (e.g., technical expertise), 
it affects their responsibilities in conducting data analysis tasks. Similarly, if the insights are not 
available to key business-minded individuals, then the quality of decision-making in business may be 
affected. The governance practices are vital to ensure good quality data. Organizations should cultivate 
good data governance practices so that the data is maintained in a structured manner, which also dictates 
the type of data analytics methods that are possible for business value creation. Following prior literature 
(Khatri and Brown, 2010), the findings further inform organizations to consider data as an important 
asset for value creation and to develop strategies for better data governance practices.  
Technology utilization is necessary for DAC development as it gives organizations the ability to gather, 
store, process, analyze, and visualize data. Organizations should be committed towards utilizing 
technology infrastructure that drives individuals to better utilize data in business. Having the right tools 
can provide more freedom for data-related talent to perform their roles and responsibilities efficiently. 
For instance, better quality data infrastructure is linked with better data processing, data delivery, and 
scaling data analytics efficiently. Technology infrastructure can be organized around key business 
activities and could contribute towards improving such business activities.  
The effects of DAC on OC are irrefutable. The study found evidence for the changes that DAC can 
impart on an organization’s culture. It changes the culture to be data-driven in their values. Data-driven 
decision-making is a natural consequence of utilizing data and data analytics in business. The culture 
may witness an increased usage of data in business by managers. This gives organizations the license to 
act in new ways when managing their products, services, customer relations, or strategy. In addition, the 
collaborations that ensue in the process of deploying DAC leads to a culture of data-driven learning in 
the organization through shared understanding and mutual adjustments to business processes. Learning 
through data leads to continuous improvement in individual knowledge and business processes. Further, 
organizations can create values related to efficiency by utilizing data and data analytics in business. 
DAC can contribute towards optimization of business processes by saving time through data-based 
automation. This also encourages organizations to focus their time and effort on more pressing matters. 
Organizations that are utilizing data and data analytics in their business processes require individuals 
who have skills and knowledge to orchestrate data (Gupta and George, 2016). When organizations have 
tasks that necessitate the utilization of data, it fosters skills development in individuals. It provides 
opportunities for individuals and teams to work with data for developing business applications. 
Therefore, this is also closely linked with data-driven learning. The lessons learned through application 
of data and data analytics in business fosters technical and business knowledge. Regarding data-driven 
monetization, organizations can foster a culture where the objective is creating revenue through data 
and data analytics. On one hand, through direct monetization by offering data-as-a-service type of 
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solutions to customers. On the other hand, through indirect monetization of data, where data is used for 
optimizing and enhancing business operations (Alfaro et al., 2019), such as in sales and marketing 
campaigns to generate revenue. Finally, DAC can lead to a culture of utilizing data-related infrastructure 
for business. For example, the availability and accessibility of data-related hardware and software can 
increase the utilization of such technological tools, analytics usage in business, and demand for data 
products that address business needs.  
To summarize, the interplay between OC and DAC is complex and interdependent. OC that supports 
DAC development leads to robust implementation and integration of DAC in business organizations. 
This development of DAC in business organizations is witnessed along the management, technical, and 
skill/knowledge dimensions. Conversely, DAC also influences OC by making it data-driven along 
different value dimensions. Figure 1 shows the interplay between OC and DAC in business 
organizations. 
 

 

Figure 1. A model of interplay between OC and DAC in business organizations. 

6 Contributions 
Regarding the theoretical contribution, this study contributes to the IS literature by providing a nuanced 
understanding of the interplay between OC and DAC in business organizations. The interplay reveals 
the influence of OC on DAC development, and the influence of DAC on OC. OC facilitates the 
development of DAC through different OC values. Conversely, DAC changes OC by imbibing data-
driven OC values. First, by outlining the interplay between OC and DAC, this study highlights the 
cultural values in organizations that determine the development of DAC. Especially, the study reveals 
the different value dimensions of OC that can influence DAC development. Second, the study also 
shows that to create a data-driven OC, business organizations should develop capabilities associated 
with data. Therefore, this study shows that DAC development can lead to a new type of OC (data-driven 
OC).  
Regarding the practical contribution, first, this study offers guidelines to business organizations on how 
to align their OC with data strategy. For instance, to develop a data-driven culture, business 
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organizations should change their existing OC values through the development of DAC. In this regard, 
the study contributes practically by outlining the cultural values that support the development of DAC, 
which in turn can change their OC, to become data-driven. It also shows business organizations to 
identify and address impediments to capability development along different cultural dimensions of OC. 
Second, this study offers practical guidelines to business organizations on how to develop and 
implement DAC by changing existing OC values. The study highlights different organizational practices 
in the context of OC for effective data analytics implementation. Finally, this study also recommends 
business organization to consider the interplay between OC and DAC. Therefore, this would indicate a 
cycle of continuous interplay between OC changes and DAC development. This understanding could 
help business organizations in formulating their future strategy with regards to data and data analytics 
implementation.   

7 Limitations and Future Research Directions 
The study comes with few limitations. First, this study investigated the interplay between OC and DAC 
only based on value level of culture and has not considered the other two levels of OC such as artifacts 
and basic underlying assumptions. Therefore, future research could consider investigating the other two 
levels of OC when examining the interplay between OC and DAC. Second, this study did not focus on 
specific organizational sizes. Therefore, future research can compare the influence of OC on DAC 
between different organizational sizes and may as well focus on specific industries or countries to further 
understand the nuances between OC and DAC. Third, this study focused only on the interplay between 
OC and DAC thereby not considering other theoretical angles. Therefore, future research should study 
the phenomenon of DAC development through other theoretical angles such as complexity, 
configurational approach, affordance, etc., to enrich the understanding of DAC development in business 
organizations. Fourth, this study collected data via semi-structured interviews with participants across 
organizations, which can have limitations in the form of subjectivity bias. In this regard, future research 
may consider other methods such as focus groups, ethnography, quantitative methods, or mixed 
methods. This could also lead to triangulation of findings. Despite utilizing a diverse sample of 24 
interviewees across different organizational sizes, activities, and unclear culture types, this study does 
not capture all values across all types of OC. This limitation affects the study’s conclusions. Therefore, 
future research should investigate the interplay between OC and DAC across different OC types, aiming 
to identify how they influence each other differently. Finally, this study is cross-sectional; therefore, 
there are temporal limitations. Since OC and DAC are seen as a static process in this study, we could 
not capture all the aspects of the interplay between OC and DAC from a dynamic point of view. 
Therefore, future research should study this phenomenon over a long period of time to gather a deeper 
understanding, which may also reveal a dynamic interplay between OC and DAC.  
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Abstract 

Organizations are looking for ways to develop their data analytics capabilities (DAC) 
since DAC can affect their competitive advantages. The relevance of organizational 
learning for developing organizational capabilities has been highlighted in information 
systems (IS) literature, however, there is a lack of knowledge on how organizational 
learning can enhance DAC. To bridge this gap, this study explored how business 
organizations could develop their DAC through organizational learning. The findings 
revealed that intuiting, interpreting, integrating, and institutionalizing in organizational 
learning at individual, group, and organizational levels result in DAC development in 
organizations. In doing so, this study enriches the literature on DAC development from 
the standpoint of organizational learning.  

Keywords: Data analytics capabilities, organizational learning, 4I framework 
 

Introduction 

Organizations have been increasingly applying data analytics in business to achieve the business value of 
data and data analytics, such as supporting strategic decision-making (Chen et al., 2022), enhancing their 
capability to manage risks (Lin et al., 2022), and improving and innovating business models (Günther et 
al., 2017), among others. Thus, it is imperative to develop data analytics capabilities (DAC) to realize the 
potential of data analytics. DAC refers to the organizational capability to mobilize data-centric resources in 
business (Gupta & George, 2016). It is a new organizational capability that reflects the increasing 
importance of data and data analytics in business.  

Organizational learning refers to “the process of change in individual and shared thought and action, which 
is affected by and embedded in the institutions of the organization.” (Vera et al. 2011, p. 154). Organizational 
learning is a process of intuiting, interpreting, integrating, and institutionalizing (4I) (Crossan et al., 1999). 
The continuous process of organizational learning can enable an organization to adapt to a new 
environment and renew its strategies (Crossan et al., 1999; Eismann et al., 2021). Past studies have shown 
the relevance of organizational learning in developing new organizational capabilities (Eismann et al., 2021; 
Shao et al., 2017). The information systems (IS) literature has emphasized the significance of organizational 



 Developing Data Analytics Capabilities Through Organizational Learning 
  

 Pacific-Asia Conference on Information Systems, Ho Chi Minh City 2024
 2 

learning in the development of various IT-related capabilities. For instance, Shao et al. (2017) investigated 
how exploitative and exploratory organizational learning are associated with the assimilation of enterprise 
resource planning systems in organizations from the standpoint of organizational learning culture. 
Eismann et al. (2021) studied the impact of organizational learning in developing crisis management 
capabilities via social media affordances from the view of organizational learning process. Meanwhile, 
Schlagwein and Bjørn-Andersen (2014) investigated the development of IT-enabled crowdsourcing 
capabilities through the lens of organizational learning.  

Prior literature has also highlighted the link between organizational learning and DAC. Gupta and George 
(2016) investigated the link between DAC and organizational learning from a resource-based view (RBV); 
they argued that a high intensity of organizational learning (an intangible resource) can assist in creating 
knowledge from data analytics. Fink et al. (2017) found that the level of organizational learning moderated 
the link between DAC-related infrastructure and teams in the development of DAC. Ghasemaghaei and 
Calic (2019) examined the association between DAC and an organization’s decision quality from the 
perspective of organizational learning, focusing on explaining how to utilize data to create knowledge. They 
found that DAC is indirectly linked with organization’s decision quality through data quality and data 
diagnosticity. Castillo et al. (2021) found that DAC-related talent amplifies the relationship between 
organization’s social media capability and organizational learning. These studies have mainly focused on 
the link between organizational learning and DAC, highlighting the translation of data into knowledge. 

Developing DAC requires continuous efforts to address challenges and seize opportunities in a dynamic, 
data-driven business environment, requiring constant learning and adaptation (Teece et al., 1997). 
Organizational learning can bridge the gap between the technical/managerial complexities of data analytics 
and its practical applications in business (Calvard, 2016), thus enabling organizations to navigate the 
challenges associated with the development of DAC. In this regard, organizational learning offers a 
structured framework for developing DAC across different stages and at various levels in organizations 
(Crossan et al., 1999). While prior literature shows that organizational learning is important for examining 
DAC in organizations, there exists a lack of understanding on how business organizations develop DAC 
through organizational learning, encompassing individual, group, and organizational levels. Consequently, 
this study seeks to bridge the gap by investigating this research question: How does organizational learning 
facilitate DAC development in business organizations? Specifically, this study aims to examine how the 
intuiting, interpreting, integrating, and institutionalizing in organizational learning at the individual, 
group, and organizational levels could foster DAC development in organizations.   

To examine the research question, the 4I framework (Intuiting, Interpreting, Integrating, and 
Institutionalizing) of organizational learning was utilized to explore the process of DAC development in 
business organizations. We conducted a qualitative study through semi-structured interviews to examine 
how business organizations develop DAC at the individual, group, and organizational levels through the 
lens of organizational learning. The findings provide evidence for the development of DAC across the four 
stages of organizational learning. In doing so, this study enriches the DAC literature by examining the 
impact of organizational learning in developing DAC in business organizations through the lens of the 4I 
framework of organizational learning, and the roles of each stage in DAC development. Additionally, this 
study provides practical guidelines for business organizations with regard to DAC development through 
intuiting, interpreting, integrating, and institutionalizing across individual, group, and organizational 
levels. 

The paper is structured as follows: First, we discuss the prior literature on organizational learning and DAC 
to provide a theoretical background for this study. Then, we present the research methodology, describing 
the approach, and procedures for data collection and analysis. Next, the study reveals the findings from the 
interviews, followed by a discussion of these findings, and a proposed theoretical framework for developing 
DAC through organizational learning. Finally, we discuss the contributions of this study, research 
limitations, and suggest directions for future research.   

Theoretical Background 

4I Framework of Organizational Learning in Organizational Capability Development 

Organizational learning has been broadly conceptualized in previous literature. The 4I framework of 
organizational learning developed by Crossan et al. (1999) is one of the popular conceptual frameworks that 
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synthesizes previous literature, including Argyris (1976), Huber (1991), and March (1991). The 4I 
framework comprises four processes of organizational learning namely intuiting, interpreting, integrating, 
and institutionalizing. According to Crossan et al. (1999), these four stages unfold across three levels: the 
individual, group, and organizational levels. First, intuiting is a subconscious process that involves 
recognizing past experiences, patterns, and possibilities. For example, an expert in a field can exploit or 
explore opportunities based on their intuition or tacit knowledge. Second, interpreting is the process of 
translating the intuitive beliefs, feelings, and understanding of an individual into a common language. 
Consequently, two people may interpret the same things differently. Therefore, the goal of the interpreting 
process in organizational learning is to attain non-equivocality (clarity), avoid ambiguity (lack of clarity), 
and reach a point where people understand each other, so that further actions can be enabled. Third, 
integrating is the process of taking collective actions and making mutual adjustments to organizational 
processes by acting on the shared meaning and understanding between group members. Finally, 
institutionalizing is the process of embedding the learnings from previous processes into the organizational 
fabric. Once these learnings are embedded or formalized into organizational systems, routines, and 
practices, they begin to dictate learning and actions of organizational members.  
Prior IS literature has applied the 4I framework to investigate the link between organizational learning and 
the development of organizational capabilities. In the context of IS security, Ahmad et al. (2015) utilized 
the 4I framework to understand the development of an organization’s incident response capability. The 
study investigated how organizations can learn from cybersecurity incidents and respond to cybersecurity 
attacks more effectively. The process involves realizing security patterns from events (intuiting), discussing 
them with managers (interpreting), implementing actions to address security concerns (integrating), and 
finally, establishing new processes to retain security learning (institutionalizing). Their study developed a 
security learning model to manage information security risks based on organizational learning. In the 
context of crisis management, Eismann et al. (2021) utilized the 4I framework to understand the role of 
social media in facilitating and enhancing organizational learning. The authors argue that the affordances 
offered by social media can facilitate organizational learning at each stage, thereby helping organizations to 
learn from crises and develop their crisis management capabilities. The process involves becoming aware 
of the crises (intuiting), sense-making of the crises (interpreting), responding to the crises (integrating), 
and finally, making changes to existing systems and structures to better respond to future crises 
(institutionalizing). Schlagwein and Bjørn-Andersen (2014) utilized the 4I framework to uncover 
organizational learning in the context of IT-enabled crowdsourcing. They found that crowdsourcing can 
assist with the creation of new ideas (intuiting), discussing, supporting, revising, and evaluating ideas to 
ensure quality (interpreting), incorporating ideas by creating a market plan (integrating), and finally, 
creating new products based on crowdsourced ideas (institutionalizing). In this case, the organization not 
only developed their IT-enabled capabilities, but also institutionalized crowdsourcing as a key 
organizational capability.  
These studies have utilized the 4I framework of organizational learning as a mechanism to investigate the 
development of organizational capabilities, involving learning at the individual, group, and organizational 
levels. Prior IS research has applied this framework across various contexts, including cybersecurity, crisis 
management, and crowdsourcing. In this regard, it can be argued that organizational learning could lead to 
the development of DAC in business organizations. Following prior literature, this study utilizes the 4I 
framework in understanding how organizations develop DAC through organizational learning.   

Data Analytics Capabilities 

DAC has been defined by IS research in different ways. Gupta and George (2016) defined DAC as the 
organization’s ability to put together and coordinate the deployment of resources associated with data 
analytics. This definition encompasses many characteristics of DAC, including the ability to assist business 
decision making through data analytics (Wixom et al., 2011), ability to innovate by successfully deploying 
data-related resources in combination with other capabilities (Eriksson & Heikkilä, 2023), the ability to 
utilize data-related technical infrastructure for reconfiguring an organization’s internal and external 
competencies in a dynamic environment (Battleson et al., 2016), and the ability to deploy data-related talent 
for knowledge exploration (Castillo et al., 2021).  
DAC is developed in organizations at various levels. At the individual level, DAC encompasses technical 
skills, managerial skills, know-how, and expertise in data engineering, data analysis, business knowledge, 
domain knowledge, and data analytics leadership, among others (Gupta & George, 2016; Krishnamoorthi 
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& Mathew, 2018; Lyytinen et al., 2023; Tan et al., 2016). At the group level, DAC is related to dedicated 
analytics teams/units and cross-team collaboration between data analytics and other domain teams 
(Krishnamoorthi & Mathew, 2018). At the organizational level, DAC is associated with data-driven products 
and services, organizational culture and organizational structure, among other aspects (Gupta & George, 
2016; Kaiser et al., 2021).   

Prior IS studies have examined DAC through various theoretical lenses. Ghasemaghei (2019) examined the 
link between DAC and decision-making quality from a knowledge-based view. Kitchens et al. (2018) 
investigated the development of DAC by applying relationship marketing theory. Drawing on RBV, dynamic 
capabilities, and mean-end chain theory, Tan et al.(2016) investigated DAC development in the context of 
fraud detection. Although previous research has explored DAC development based on different theoretical 
perspectives, there remains a lack of research on how organizations develop DAC through organizational 
learning. Prior IS research has suggested organizational learning theory as an appropriate framework for 
understanding the development of organizational capabilities (Ahmad et al., 2015; Eismann et al., 2021; 
Schlagwein & Bjørn-Andersen, 2014). Following prior literature, this study employs organizational learning 
theory, specifically the 4I framework, to explore how business organizations develop their DAC.  

Research Methodology 

This study investigates the development of DAC through the process of organizational learning. The 
qualitative method was applied in this study as it facilitates a critical and spontaneous examination of 
organizational business processes due to its exploratory nature (Eriksson & Kovalainen, 2008), and it 
focuses on the perspectives of individuals who are associated with organizational business practices and 
knowledge generation processes (Flick, 2007).  

Qualitative interviews have been proposed as a suitable approach for gathering rich qualitative research 
data (Myers, 2019). Qualitative interviews not only allow gathering of information but also allow 
sensemaking of that information, as they allow the researcher to probe the interviewees inductively. 
According to Rowley (2012), interviews can facilitate an understanding of a research phenomenon by 
providing insights into ‘experiences, opinions, attitudes, values, and processes’. To answer the study’s 
research question, we collected data through 16 semi-structured interviews. The interview participants 
(mostly from Finland) work in various data-related roles within their organizations. These participants 
were chosen based on their work experience in roles related to data analysis, data science, data engineering, 
and managing data-related projects, among others.  

The interview questions (See Table A in Appendix) focus on individuals’ involvement in data-related tasks, 
their collaboration with other organizational members in generating knowledge based on data analysis, 
their actions based on insights generated from data analysis, and their opinion about learning throughout 
the process and its impact on organizations. These questions were designed to uncover beliefs, actions and 
impacts at the individual, group, and organizational levels, following the 4I framework. The interview 
questions will help evoke responses that demonstrate how the four stages of organizational learning happen 
and facilitate DAC development in business scenarios.  

The data collection spanned from March 2022 to April 2023. For the interviews, the maximum allocated 
time limit was one hour; English was the primary mode of communication; and the interviews were held 
online through platforms like Microsoft Teams. In addition to the recordings, each interview was also 
transcribed. The accuracy of interview data was verified by listening to the recorded audio and reading the 
transcripts. Table 1 presents the interviewee information and their industry experience.  

We utilized thematic analysis for data analysis using Atlas software. Thematic analysis is a data analysis 
technique applied to qualitative data to interpret and make sense of a research topic (Boyatzis, 1998). 
Thematic analysis is useful for observing various aspects of an organization, including its individuals, 
groups, interactions, and situations. It involves the generation of codes and establishing code-based themes 
(Myers, 2019).  

The first stage is open coding, where we assigned descriptive labels based on our interpretation of the 
interviewee quotes. For example, the open code “Interpreting and cooperating with experts to ensure an 
effective data analysis process” was labelled based on the interpretation of Interviewee 6’s quote about the 
importance of involving and communicating with specialists in the data analysis process. Whereas the open 



 Developing Data Analytics Capabilities Through Organizational Learning 
  

 Pacific-Asia Conference on Information Systems, Ho Chi Minh City 2024
 5 

code “Establishing new ways of data access” was assigned based on the interpretation of Interviewee 4’s 
quote about how his organization changed the ways in which data was accessed from the customer’s 
systems. DAC was coded according to the definition provided by Gupta and George (2016)–the ability to 
gather, combine, and deploy various data-related resources in business–this includes utilizing data, data-
related technology, and data-related personnel to generate insights for decision-making, make predictions, 
enhance other business capabilities, and coordinate data-related processes.  

Table 1. Industry Experience of the Interviewees 

Interviewee Position Years Industry Skills 

1 Data 
engineer 

6 IT Data warehouse automation, data 
virtualization, technology integrations. 

2 Data analyst 5 IT, Pulp & paper Data analysis, database querying, data 
modelling, data visualization. 

3 Product data 
analyst 

8 Automotive, IT, 
leather, publishing 

Business and data analytics, marketing 
analytics, product analytics. 

4 AI engineer 5 IT, banking, 
manufacturing 

Systems engineering, data analytics, 
AI. 

5 Data 
scientist 

6 Telecommunications, 
IT 

Data science, software development. 

6 Data analyst 4 IT, manufacturing Data analytics, data visualization, 
machine learning (ML). 

7 CEO 20 IT, manufacturing, 
media, etc., 

Consulting, data engineering, AI 
management, project management. 

8 Data analyst 7 IT, advertisement Data analytics, UX design, supporting 
departments with analytics needs. 

9 Data analyst 4 Telecommunications, 
banking 

Risk analytics, data analytics, support 
stakeholders with data reports. 

10 Data 
scientist 

5 Manufacturing Data analytics, machine learning, data 
analytics support. 

11 Pricing data 
analyst 

8 Consumer 
electronics 

Data management, machine learning, 
data integration, analytics support. 

12 Data 
scientist 

10 IT, healthcare, retail Demand forecasting, analytics support, 
ML, project management. 

13 Product 
manager 

12 Manufacturing Product management, IS management, 
customer relationship management. 

14 Business 
analyst 

13 Manufacturing, 
telecommunications 

Business analytics (digital systems 
design and development). 

15 Data strategy 25 Aviation, retail, IT, 
media 

Data strategy, design thinking, data 
analytics, data governance. 

16 UX Designer 20 Manufacturing Product design/management, UX 
design. 

 

Following open coding is the first order coding, where labels from open coding were abstracted into higher 
order themes related to organizational learning and DAC. For example, the first order code “Intuitive 
recognition of data deployment process” was derived from the open code “Thinking through the whole data 
analysis process for a business objective”, consistent with the concept of intuiting in organizational learning. 
Later, remaining first order codes were categorized similarly.  
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In the next stage, the second order coding, we aligned the themes discovered in the first order coding to the 
organizational learning concepts of intuiting, interpreting, integrating, and institutionalizing. First, themes 
such as leveraging prior technical experience, intuitive understanding of data for business, and intuitive 
recognition of data deployment process were categorized into the intuiting dimension. The categorization 
was based on their association with individual’s subconscious aspects, including accumulated skills and 
knowledge from prior experiences, inherent knowledge or awareness concerning the impact of data 
analytics on business, and the innate ability to assess effective strategies for deploying data analytics. Figure 
1 shows the subset of the study’s data analysis. 

 

 

Figure 1. Subset of Data Analysis Coding 

 

Second, collective sensemaking and iterative interpreting were assigned to the interpreting dimension. 
These factors highlight the collaborative efforts of individuals to communicate and construct a shared 
understanding of data analytics processes and refining their language through repeated discussions before 
arriving at a common understanding. Third, factors such as coordinated actions, refining processes, 
experimenting and evaluating, adapting were categorized into the integrating dimension. These factors 
collectively represent the efforts to translate group understanding into actions, the continuous 
improvement of data analytics processes, the implementation of trial-and-error methods for assimilating 
data analytics in new ways, and a responsive approach to addressing business needs through data analytics. 
Finally, institutionalizing new processes, facilitating a data-driven decision-making culture, 
institutionalizing new data quality standards, and automating existing processes were categorized into the 
institutionalizing dimension. These factors represent the formalization of new processes, the cultivation of 
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new organizational values associated with data analytics, the establishment of new benchmarks for data 
quality, and the transition towards automated workflows within organizational systems. Finally, themes 
were established connecting the four dimensions of organizational learning to DAC development. 
Throughout the data analysis, all authors engaged in discussions to set up the coding structure. Therefore, 
any agreements or disagreements regarding the codes, themes, and interpretation of the findings were 
rectified through mutual understanding to ensure reliability.  

The evaluation of this study is based on Maxwell (2002)’s guidelines for validity. First, descriptive validity, 
concerning the accuracy of data, is addressed through the reliable recording and transcription of interviews, 
with quotes appropriately provided in the findings section of the paper. Second, interpretive validity is 
maintained by making sure that the authors’ interpretations align with the perspectives of the interviewees. 
Third, this study identified themes related to the 4I in organizational learning and DAC, and found evidence 
at each stage for the role of organizational learning in developing DAC. Based on these findings, a 4I 
framework of organizational learning for DAC development was established. These factors support the 
study’s theoretical validity. Fourth, regarding external validity/generalizability, the study’s findings are 
presented across various industrial and business contexts, thereby encouraging readers to assess the 
transferability of the findings. Finally, evaluative validity is ensured by gathering data from experts in 
various data-related positions and sharing the findings with the concerned interviewees in a final report.  

Findings 

Based on the data analysis, interesting findings have been generated about DAC development from the 
perspective of organizational learning, and involve intuiting, interpreting, integrating, and 
institutionalizing.  

Intuiting and DAC Development 

Intuiting happens at the individual level, based on an individual’s prior technical experience, intuitive 
understanding of data for business, and intuitive recognition of data deployment process, all of which are 
integral to DAC development.  

Leveraging prior technical experience: Prior experience relates to factors including an individual’s 
ability to utilize data-related tools and engage in data-related tasks. In the context of IT services, 
Interviewee 1 has been engaged in a cloud migration project in the organization. The prior experience of 
Interviewee 1 in utilizing data-related tools to manage data-related tasks helps in the DAC development 
process. For instance, he has experience with developing Azure data platforms in his career. Therefore, he 
leverages his technical knowledge, based on prior experience, to commence DAC development (data 
platform development) in the organization. ‘On a day-to-day basis, my job starts from…let's say looking 
at the Azure DevOps boards… after looking at this project management tool to determine what needs to 
be done and what is in the pipeline, I then start my development with the tools’. (#1)1. Conversely, in the 
context of consumer electronics, Interviewee 11 faced difficulties due to a lack of prior technical experience 
concerning data engineering, which affects the development of DAC. For example, some of the basic 
analytics tasks required only tools such as a laptop. However, more advanced analytics applications 
required a cloud infrastructure to scale solutions. The lack of prior technical experience in implementing 
the required infrastructure (e.g., managing an Amazon EC2 server) hinders DAC development.  

Intuitive understanding of data for business: In the case of Interviewee 2, within the IT services 
context, his main role involves maintaining the quality of data across various business tasks. Due to his 
intrinsic understanding of data, especially regarding data quality standards that are specific to different 
organizational business teams, he is primarily responsible for monitoring multiple dashboards and 
contacting relevant stakeholders upon identifying any problems related to data quality. In this regard, 
awareness of data quality, including the accuracy and reliability of data, is essential, as it is closely related 
to organizational capability to make effective decision-making in business. ‘People call me a data 
hygienist.... For my work it's basically 90% I'm on power BI…So, based on the data point [identification 

 
1 In the findings, the quotes from the interviewees contain ellipses (“…”) and square brackets (“[]”) to maintain 
emphasis on the relevant aspects of the responses without changing the context or the meaning. This technique ensures 
that the most essential aspects of organizational learning for DAC development are highlighted. 
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of issues related to data quality], there are different people who I could contact like sales, marketing, 
customer success, renewals’. (#2). Whereas in the automotive context, Interviewee 3 revealed that insights 
from historical data analysis enabled him to identify problems and potential areas for improvement, 
deducing hypothetical possibilities from the analysis of data. The insights not only enhance visibility into 
the business process but also deepen Interviewee 3’s understanding of the potential profits the business 
could have realized, had the organization acted on this particular insight. This is also related to an 
individual’s ability to assess business implications based on understanding from data analysis. ‘I looked at 
historical data… after full data analysis, I'm giving [to the product team] how many use cases are that, 
where this condition matches, If this one logic was changed in internal system calculation, we 
[organization] would have sold 3600 vehicles for the period of six months’. (#3) 

Intuitive recognition of data deployment process: In the telecom industry context, with regards to 
Interviewee 5, intuitive recognition of data deployment process is evidenced by the identification of 
different factors, including business value, objectives, and use-cases of data. He elaborates that at a high 
level, the objective is to recognize the business benefits derived from data analysis tasks, thereby avoiding 
the development of solutions that neither saves time nor provides value to the organization. Therefore, the 
process often involves identifying, and translating a business objective into machine learning objectives. 
Additionally, it is important for individuals to assess the availability of data for deployment. ‘Then also 
figuring out do we have the data that is needed and…because the data might be in some location that is 
not easily accessible for some process or for manipulation’. (#5). In the advertising context, Interviewee 8, 
being the only person with data analysis expertise in the organization, should be familiar with the specifics 
of data deployment process. This includes assuming ownership of data-related tasks and the 
implementation of data analytics projects in alignment with organization’s business strategy. Additionally, 
he is also tasked with the utilization of data-related tools, sourcing and collecting the required data. 
Moreover, Interviewee 8 is also responsible for determining how to address different questions posed by 
the business or domain teams. ‘But mainly I have some kind of different daily tasks related to analysis of 
data. For example, one example might be that we need to target some kind of advertising campaign for 
some kind of a target group, so I need to process that question or that problem’. (#8) 

Interpreting and DAC Development 

Interpreting happens both at the individual level and within groups of individuals who collaborate to 
establish a common understanding at the group level. In the context of DAC development, this involves 
collective sensemaking and iterative interpreting.  

Collective sensemaking: In the case of Interviewee 1, it was important for the organizational members 
and himself to collectively understand and agree on the technical requirements and processes involved in 
the implementation of cloud platform development in the organization. ‘I would start drafting [with 
stakeholders] that ok…you need to have these servers, […] tools there and you need to first do data 
migration from this [location] to this [location], and then you need to clean up the data, and so on’. (#1). 
Interviewee 3 emphasized the importance of communicating data analysis results and interpreting the data 
analysis logic together with the team members. This practice helps make analytical processes transparent 
and understandable to all team members, thus contributing to collective sensemaking. ‘You have daily 
standups…When you're delivering a big file to someone, you also walk through the team saying that this 
is the data analysis logic that was used’. (#3) 

In the case of Interviewee 5, the process involves collaborating with business personnel to develop a 
common understanding of the data’s meaning. This ensures that the data aligns with the collective 
understanding of business. ‘So once the data is readily accessible, I start looking at it, maybe trying to see 
whether what business told me about the contents of the data is true or whether it's matching their 
understanding of reality’. (#5). In the context of manufacturing, Interviewee 6 discussed the importance 
of leveraging key personnel with domain expertise for developing standardized [global] definitions of key 
performance indicators (KPI). She mentioned that the absence of a technical lead [domain expert] in the 
data analytics process hindered collaboration with the business users. Such collaboration is important to 
ensure context specificity, understanding of data, and validation of KPI definitions. In addition, Interviewee 
6 emphasized the importance of interpreting with specialists to make sense of the database structure, which 
can significantly impact data analysis. ‘We didn't have that person [warehouse specialist] present until 
recently…I would say he was not so included in these [earlier] conversations, and he is a specialist of all 
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these queries [database], and he knows exactly what's wrong and what table and what column to use…. 
it's our team and then…these two guys [technical lead and warehouse specialist] with whom we interpret’. 
(#6) 

Interviewee 10 discussed the importance of communicating with subject matter experts, especially in the 
context of manufacturing processes. Such communication is vital for gathering the necessary requirements 
to build efficient data models. Communicating with subject matter experts is important for guiding DAC 
development. ‘I can retrieve the data…I can present it, visualize it, maybe build a model, but it’s always 
with the help of an expert…in understanding the specific requirements, needs, or risks that the model 
should comply with’. (#10). Similarly, Interviewee 14 discussed the importance of collectively interpreting 
customer needs, as identified by the product manager (in a manufacturing context). The customer needs 
related to a particular feature in the application are understood collectively by both the business and 
technical teams, facilitating further design and implementation. Diverse perspectives are important for 
formulating a common roadmap. 

Iterative interpreting: Iterative interpreting allows organizations to continuously refine their 
understanding of DAC development process, thereby directing their subsequent actions. According to 
Interviewee 7 (supply chain context), this allowed the organization to evaluate and re-direct their next steps 
in developing an AI proof-of-concept (AI-POC). This was accomplished through regular discussions with 
the stakeholders regarding the outcomes, combining weekly sprints where the pros and cons of each 
predictive model were discussed. These interactions helped in promoting a better understanding from both 
technical and business standpoint. Additionally, the inclusion of new data sources was crucial in enhancing 
the model's performance. The iterative process helped in establishing a common understanding of DAC 
development in the organization. ‘Then we started to understand what's wrong with this model and what 
new data we need. We probably needed some other data to improve the model…We did maybe 5 to 6 
iterations. I think it was also a very good learning experience for them [stakeholders], not only from the 
AI perspective but also from the business side’. (#7) 

Integrating and DAC Development 

Integrating at group and organizational levels encompasses coordinated actions, refining processes, 
experimenting and evaluating, and adapting, all of which are important for DAC development.  

Coordinated actions: In the context of IT services, coordinated actions were taken by the marketing 
team to address the bounce rate problem, as highlighted by Interviewee 2. The marketing leadership 
engaged external data providers (vendors) to fix the data quality issue (completeness and accuracy). By 
integrating new data, the organization unsubscribed customers who do not work at their respective 
companies, thus reducing bouncing rates and enhancing marketing performance. ‘We have several of these 
sorts of so-called data enrichment vendors whose services we’re using to make the data more whole’. (#2). 
In the healthcare context, Interviewee 12 describes how data analysis uncovered high-cost patient 
segments, encouraging the organization to take coordinated actions to mitigate high-cost segments. For 
example, by negotiating and removing healthcare providers who deliberately recommend unnecessary 
high-cost treatments, the organization ensured high standards of medical treatments. ‘We can talk to them 
[healthcare providers] and try to influence them, but if that doesn't work, we can also go to the extent of 

. (#12)’removing them from our coverage network . In the manufacturing context, Interviewee 14 and 16 
emphasized the importance of aligning data product development with customers’ data and business needs. 
By analyzing customer feedback data and through common understanding, the teams integrated important 
features into the data platform. The changes were made to the software modules to integrate new features 
(e.g., customizable widgets). These actions not only improved platform functionality, but also contributed 
to customer-centric digital service development.  

Refining processes: In the manufacturing context, Interviewee 4 mentioned that his organization 
refined the data gathering process from manual to automatic by integrating their system with the 
customers’ system. This integration allowed them to process large volumes of data efficiently, thus 
streamlining data processing for DAC development. ‘We were able to get the customer’s permission, and 
we actually had it installed in the systems, which was scheduled to run every day on the customer’s end, 
and then that would generate this kind of a CSV file [instead of handling 600 GB of raw machine log 
data]’. (#4). Similarly, Interviewee 10 discussed refining the data management system in his organization. 
The data management system is continuously refined through corrective feedback and actions taken based 
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on that feedback. The process involves various organizational teams and members, including domain users 
who use the system, data scientists, and data engineers. For instance, data engineers act upon the feedback 
from the users to refine processes related to data gathering and data storage. ‘This (data) management 
system is new. So, lots of feedback is needed, and lots of actions are triggered based on this feedback. It’s 
an iterative process and is still expanding on new data…new corrective actions are made on a regular 

. (#10)’basis…it involves a lot of people  

Experimenting and evaluating: In the telecom industry context, Interviewee 5 described how his 
organization makes decisions regarding the utilization of machine learning models through thorough 
experimentation and evaluation. The integration of a model into existing organizational system is based on 
this process. ‘Once this [model] is...somehow usable in the system, we start an experimental phase for 
some time to see how well it works compared to manual input or the previous solution...Based on that, we 
decide whether it is a good model and... whether to continue using it’. (#5). In a supply chain context, 
Interviewee 7 described how the organization experimented with external data sources to showcase the 
practicality of the solution to the stakeholders. The organization used Kaggle shipment data to show the 
efficacy of the solution to the stakeholders. This helped them determine the type of data needed for 
developing data-related solutions. Upon generating and evaluating the AI prediction model (with good 
accuracy), the model was integrated into the organization’s current processes. ‘We built the AI prediction 
model to estimate the predicted purchase cost... the mean absolute error was really good. So, if you 
compare that to a trivial average model, or compare it against what they currently do...our model worked 
out surprisingly well, even with data it hadn’t previously encountered. According to me, it was a success’. 
(#7). In the healthcare context, Interviewee 12 discussed about the importance of validating the findings 
from data analytics. The validation process, in cooperation with other domain actors, helps in creating a 
better recommendation system for patients, allowing them to choose the best doctors for their medical 
treatments.  

Adapting: Interviewee 9 discussed adapting data analytics into the current business processes based on 
recurring activities. In the context of financial crime, the data analysts serve investigators by addressing 
their data needs. When the investigators want to focus on a particular group of customers, then the team of 
data analysts spring into action. The process starts with gathering the data, processing it, and then sharing 
it with the investigators. The investigators rely on the data analysts for data-related reports whenever they 
conduct investigations, especially when a particular activity looks suspicious. Based on these reports, the 
organization integrates efficient ways of monitoring suspicious activities. ‘If, for example, we get the same 
type of activities investigated often then… we may consider building some dashboard for doing 
[monitoring] it more efficiently... If something reoccurs very often, then we may decide to build some 
product’. (#9).  

Institutionalizing and DAC Development 

Institutionalizing occurs at the organizational level and involves institutionalizing new processes, 
facilitating a data-driven decision-making culture, institutionalizing new data quality standards, and 
automating existing processes, which are integral to DAC development.  

Institutionalizing new processes: Interviewee 4 discussed how his organization created a new 
institutional norm by building databases at the customers' end, thereby enabling faster data retrieval and 
improving data accessibility. This was a strategic move for the organization as they commercialized this 
process as a new service solution for customers, leading to a new type of data monetization. ‘But for another 
customer, they were already building a different kind of database where we would directly get access to 
this data from our end instead of doing this...interim CSV file creation. We could directly query on the 
data, write some queries and get this kind of information directly so that it would be much faster’. (#4). 
With regards to Interviewee 6, the organization institutionalized the use of Power BI (as a new tool) and 
discarded the use of multiple excel files. The organization embedded Power BI service into organizational 
systems for streamlining reporting and access to data. ‘They [customers] don't need thousands of Excel files 
because they were combining so many Excel files together to get to the result that we already now do in 
power BI.... They can get access much easier from power BI service...they don't need to save the Excel [to 
desktop]… it can be easily accessible by everyone who wants, and then they can also limit the access’. (#6). 
Interviewee 7 discussed how the organization began to productize AI-POC and formalized its use for supply 
chain optimization, reflecting an evolution of AI projects from developmental stages to marketable 
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products. ‘ Now they [customers] are productizing this [AI-POC], and this was, of course done only for 
one product segment’. (#7) 

Facilitating a data-driven decision-making culture: Interviewee 3 discussed how his organization 
scrapped product initiatives that were not yielding any useful outcomes. For instance, the approval of 
product initiatives were based on evidence from data. The organization makes decision on initiatives backed 
by evidence from data, thereby reinforcing the organizational norm of data-driven decision making. Data 
is used to guide strategic decision-making. ‘Nothing had the effect like Initiative1 (Ini1 - name changed) 
had. That's why we went ahead with Ini1, and we killed all other initiatives which they thought will 
improve conversion. Ultimately, we didn't see any data to support that it improves conversion. It's as 
simple as that. That's where I kill eight, I pass two in every 10 initiatives I work on’. (#3). In the airline 
industry context, Interviewee 15 discussed how the organization started to increase the use of data in 
decision-making. The domain experts increased the utilization of data-driven insights based on machine 
learning models to assist their tasks, for instance, decisions regarding what subsequent actions an expert 
should take in each situation. In addition, decision-making based on data was also pushed to assist 
operations throughout the organization.  

Institutionalizing new data quality standards: Interviewee 1 discussed how, with the development 
of the new data platform, the organization institutionalized new ways of handling data quality. For example, 
data is now delivered in a timely manner, institutionalizing the data delivery to 1 day from 10 previously. 
Additionally, migrating to the cloud supported the use of different data types needed for data analytics. This 
also contributed to their evolution in data management. ‘Let's say 10 years ago, there was no IoT data 
coming in, but now for the same system, let's say IoT data starts to come in. So, you know, those new 
systems have to be supported. So, that is also one reason for these renewals or migration strategy’. (#1). 
Interviewee 13 mentioned that the organization upgraded their existing data platform with new service 
modules based on the learnings and experience. This has improved the quality of data in the data platform. 
He discussed that the upgraded data platform provided more value to the customers through better data 
processing and good quality data. ‘The data is processed in the background in a different way than before 

. (#13)with good quality, and it's a really big change’ . Interviewee 5 discussed that the integration of 
machine learning for different business use cases leads to better understanding of data quality. ‘Well, first 
of all, in many cases, we learn about the shape or the state of our data. I think this is something, at least I 
have seen quite a lot, especially if it's a new area where you haven't been building cases for in the past. I 
think it's kind of an eye-opening experience’. (#5) 

Automating existing processes: Interviewee 8 discussed that, based on the lessons learned, the 
organization tries to reuse solutions. This is achieved by institutionalizing the use of data-related self-
service tools in sales domain, based on the learnings from advertisement campaigns, thus reducing human 
dependency and facilitating convenient access to data. ‘We need to make these solutions more reusable, 
and for this same kind of problems or same kind of needs, we need to produce these views or data flows 
that produce the same kind of results.... We automate; we do these kinds of tools to perform these tasks 
without my involvement. So, when the learning has reached the point where we have defined the specific 
need and created the report, the salesperson can use it on their own. They don't have the need to 
communicate with me’. (#8) 
 
Discussions 

Intuiting and DAC Development 

This study identified three themes of intuiting related to DAC development at the individual level, which 
include leveraging prior technical experience, intuitive understanding of data for business, and intuitive 
recognition of data deployment process. Leveraging prior technical experience is important in developing 
DAC and signifies the importance of intuiting, whereby individuals utilize their prior 
knowledge/experiences to perform complex data-related tasks and anticipate potential challenges. This can 
also expedite or impede the learning curve when implementing data-related technologies. Therefore, this 
study confirms the value of leveraging prior experience of individuals in accelerating learning in the context 
of capability development (Jalali et al., 2019). Intuitive understanding of data for business acknowledges 
an individual’s domain knowledge about data analysis. As a result, it increases trust among organizational 
decision-makers and satisfies the expectations of domain experts concerning the quality of data being used 
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for domain-specific decision-making. This also impacts the success of data utilization in business, thus 
impacting DAC development. The findings also show that individuals who learn from the analysis of data 
can comprehend the business implications, which paves way for seizing new opportunities and developing 
DAC (Brewis et al., 2023). Finally, the intuitive recognition of data deployment process reveals the 
complexities involved in deploying data for business. For example, it demands the use of individual tacit 
knowledge for deploying data to achieve the organization’s business objectives, and the subsequent 
decision-making involved in project implementations. Individuals are not only responsible for practical 
implementation of those projects (e.g., data-related technicalities), but also assess the tangible benefits of 
such implementations. This highlights the crucial role of data leaders in orchestrating data-related 
resources for DAC development. The above arguments showcase the importance of individual-level 
technical and managerial learning attributes of DAC development (Gupta & George, 2016). Past studies 
have highlighted the importance of individual skillset in developing DAC (Gupta & George, 2016; Lyytinen 
et al., 2023). In contrast, this study details the important role of individuals’ intuiting, acting as a vital 
initiating factor for DAC development in organizations.  

Interpreting and DAC Development 

This study identified two themes of interpreting related to DAC development namely collective 
sensemaking and iterative interpreting. In the interpreting phase of organizational learning, collective 
sensemaking is crucial as it enhances the common/shared understanding among different individuals. The 
findings highlight the importance of interaction between multiple organizational members, including 
domain specialists, technical experts, and subject matter experts, in the development of data analytics 
solutions in business. This collaborative interaction between different experts ensures that the data 
analytics processes are not only transparent but also in harmony with organizational goals and objectives. 
The findings also show that collective sensemaking lays foundation for better validation processes, for 
example, by ensuring that data analytics is aligned with the business context. In addition, by involving 
diverse experts, collective sensemaking facilitates effective decision-making. Therefore, sensemaking 
allows for the creation of commonly accepted meaning that is helpful in navigating complex data 
environments (Hekkala et al., 2018). The findings confirm the importance of collective sensemaking in DAC 
development process, specifically their role in laying the foundation for the integrating phase (Boldosova, 
2020). Whereas iterative interpreting represents the dynamic aspect of applying data analytics in business, 
it emphasizes the importance of reassessing analytics implementation. For example, it encompasses the 
continuous efforts of individuals to make sense of data analytics solution development and deployment. 
The findings show that it facilitates both technical and business understanding for stakeholders, which is 
essential for aligning DAC with business needs. Furthermore, the findings reinforce the importance of 
iterative interpretation in setting up a continuous improvement culture in the context of organizational 
learning and DAC (Al-Omoush et al., 2024). The interpreting stages set up the next phase in the 
organizational learning cycle for DAC development. Past literature has stressed the importance of 
collaboration with regards to DAC development (Eriksson & Heikkilä, 2023; Krishnamoorthi & Mathew, 
2018). Differing from past studies, this study highlights the process of interpreting in transforming 
individual intuiting into shared understanding for DAC development.  

Integrating and DAC Development 

This study identified four themes related to integrating such as coordinated actions, refining processes, 
experimenting and evaluating, and adapting. Upon reaching a common understanding, group members 
take actions to integrate data analytics into organizational systems. At this stage, collective understanding 
is translated into tangible actions. For example, we found that actions taken to integrate data analytics have 
shown evidence of improvements in operational efficiency and service quality. Additionally, integrating 
data analysis of customer feedback facilitates customer-centric innovation. This study provides evidence 
concerning the role of coordinated actions in converting insights from data into tangible outcomes for 
improving business performance (Brinch et al., 2021), thus promoting organizational learning and DAC 
development. Integrations are also aimed towards refining processes. The findings indicate that these 
refinements aim to streamline organizational processes related to data analytics. For example, they include 
optimizing data gathering processes by transitioning from manual to automatic methods and carrying out 
continuous improvements in data management systems through feedback-oriented refinements. These 
findings show that integrating, in the context of organizational learning, contributes to the improvement of 
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business processes through data-related insights (Elia et al., 2022). Based on the findings in various 
organizational contexts, this study highlights the role of experimenting and evaluating in the integration of 
data analytics solutions. For example, through the process of experimenting with and evaluating different 
machine learning models, only the effective models are adopted into organizational systems. Additionally, 
experimenting and evaluating also signify the importance of empirical validation in enhancing data-related 
technical systems (e.g., recommendation system). Experimenting and evaluating, in the context of 
organizational learning and DAC development, help in mitigating risks by ensuring the correctness of data 
analysis results, thereby fostering confidence in data-driven decision-making (Kim et al., 2017). Finally, 
adapting in the integrating phase indicates a responsive approach to DAC development. This study’s 
findings highlight the efforts made by data analysts to adjust and tailor data analytics to address specific 
needs of stakeholders. These practices not only enhance the value and impact of data analytics but also 
ensure that data analytics is aligned with the business objectives (Elia et al., 2022). Past studies have 
highlighted the importance of integrating data analytics in business for creating business value (Battleson 
et al., 2016; Gupta & George, 2016). In comparison, this study shows how integrating assimilates individual 
and group knowledge within organizations to further enhance DAC.  

Institutionalizing and DAC Development 

This study identified four themes related to institutionalizing, such as institutionalizing new processes, 
facilitating a data-driven decision-making culture, institutionalizing new data quality standards, and 
automating existing processes. The learnings from the previous stages are institutionalized in this stage of 
the organizational learning process, highlighting the evolution of organizational practices, systems, 
procedures, structure, etc. For example, the findings show that the implementation of new systems (e.g., 
automated data retrieval service) paves the way for the creation of new revenue streams, thereby supporting 
direct data monetization. Meanwhile, the institutionalization of new tools create value in terms of enhanced 
data accessibility for organizational members, thus contributing to data democratization. Moreover, the 
successful experimentation and evaluation of products represents the transition from experimental 
initiatives into marketable solutions (e.g., AI-POC). These arguments indicate the institutionalization of 
data analytics solutions into the organizational structure, thus creating distinct types of value propositions 
(Al-Omoush et al., 2024). Meanwhile, when organizations implement initiatives that are backed by learning 
from data evidence, they reinforce the norm of strategic decision-making through data-driven insights. This 
approach not only accelerates project validation and approvals but also contributes to better resource 
allocation. Additionally, the increased reliance on data analytics solutions facilitates the institutionalization 
of data-driven decision-making within the organizational culture. These findings show the importance of 
organizational learning and organizational culture as important drivers of DAC development (Gupta & 
George, 2016). Furthermore, the findings indicate the importance of institutionalizing new standards of 
data quality, highlighting the commitment to elevating data management practices to address evolving 
business needs. The emphasis on improving the quality of data also ties to organizational value outcomes, 
namely, the improvement of data-related services. Overall, these arguments show evidence for the role of 
organizational learning in enhancing the value of data, and consequently, in improving data governance 
practices (Abraham et al., 2019). Finally, the findings indicate that by automating existing processes (e.g., 
institutionalization of self-service tools) organizations can not only reduce dependencies but also increase 
self-sufficiency regarding data and information needs at the individual level. For example, self-service tools 
empower individuals to gain access to, analyze, and make informed decisions using data without the need 
for additional support. This contributes to their advanced use of data analytics, leading to increased 
productivity (Mudau et al., 2024). Additionally, these findings indicate that institutionalizing such 
processes leads to intuiting, thus setting up a cycle of continuous learning and DAC development (Crossan 
et al., 1999). Past studies have argued the importance of DAC in organizational transformation through 
changes in product, processes, improvements, and strategies (Lyytinen et al., 2023). In contrast, this study 
shows how institutionalizing effectively incorporates the knowledge from individual and group levels into 
the organizational fabric, thus facilitating the strategic renewal of DAC within organizations. Figure 2 shows 
the 4I framework of organizational learning for DAC development.  
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Figure 2. 4I Framework of Organizational Learning for DAC 
Development 

 

Contributions 

This study enhances the IS literature regarding the development of DAC in business organizations. First, 
this research enriches the discourse on DAC by exploring organizational learning as a mechanism for DAC 
development in business organizations. This study uncovers how DAC development occurs over four 
different stages—intuiting, interpreting, integrating, and institutionalizing—of organizational learning 
across the individual, group, and organizational levels. Second, this study provides new insights into the 
mechanism explaining organizational learning for DAC development by uncovering the specific roles of 
intuiting, interpreting, integrating, and institutionalizing in facilitating DAC development. Specifically, 
intuiting in organizational learning at individual level facilitates leveraging prior technical experience, an 
intuitive understanding of data for business, and intuitive recognition of data deployment process for DAC 
development. Interpreting in organizational learning at both individual and group levels involves collective 
sensemaking and iterative interpreting for DAC development. Integrating in organizational learning at 
group and organizational levels helps develop coordinated actions, refining processes, experimenting and 
evaluating, and adapting, all contributing to DAC development. Institutionalizing in organizational learning 
at the organizational level involves institutionalizing new processes, facilitating a data-driven decision-
making culture, institutionalizing new data quality standards, and automating existing processes, all of 
which further foster the development of organizational DAC.  

With regards to practical contribution, this study provides guidance to practitioners on developing DAC 
within their organizations through organizational learning. This study provides guidelines on how 
organizational learning facilitates DAC development at each stage of learning and demonstrates that this 
learning can occur at the individual, group, and organizational levels. Subsequently, it guides organizations 
on understanding how the process of DAC development unfolds through organizational learning. For 
instance, organizations can benefit both from employing trained individuals who are well-versed in data 
analytics and from fostering individual learning of employees through education and training concerning 
the specifics of data analytics process in various business contexts. Moreover, organizations can develop 
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individual and group learning by encouraging collaboration and communication between data and 
businesspeople. Organizations can foster group and organizational learning by experimenting, evaluating, 
adapting, and utilizing data analytics to enact changes in organizational processes. Therefore, to facilitate 
the development of DAC in organizations, it is important to ensure that there is adequate room for learning 
at each of these stages and levels. 

Limitations and Future Research Directions 

Minor drawbacks are inherent in this investigation. First, in this study, we conducted semi-structured 
interviews across organizations. Future research could consider using case studies, quantitative or mixed 
methods to understand DAC development through organizational learning to overcome the limitations of 
qualitative interviews. Second, this study did not focus on any specific industry context. Therefore, future 
research can benefit from conducting an industry-specific study on organizational learning for DAC 
development. Additionally, future research could conduct multiple case studies across various industries to 
find insights into cross-case differences. Third, this study focuses on the successful development of DAC in 
organizations through organizational learning. Future studies could explore the challenges in each stage of 
organizational learning for DAC development. Additionally, we focused only on the role of intuiting, 
interpreting, integrating, and institutionalizing in organizational learning for DAC development. Future 
research could specifically investigate the interconnectedness of the four stages, focusing on the impact of 
early-stage decisions on later-stage outcomes.  
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Appendix 

Table A. Semi-structured interview questions 

1. What is your work background? 
2. What is your purpose in the organization? (a) What is your daily work like? (b) What are your 
objectives or tasks within the company? 
3. How do you create insights from data analytics? (or) How does the process of data analysis begin in 
your company? Could you give me an example? 
4. How are the insights from data analytics communicated, validated, and forwarded to other 
organizational members/groups? Could you give me an example? 
5. How do you develop shared understanding with your group members/other members based on the 
insights from data analytics? Could you give me an example? 
6. What type of coordinated actions (or joint actions) do you take with your group members/other 
members to further the shared understanding based on the insights generated from data analytics? Could 
you give me an example? 
7. Do you make any mutual adjustments to your own actions based on this shared understanding? If so, 
why? (or) Based on the shared understanding, how does your organization integrate data analytics 
insights in business?  

8. Based on the integration/application of the data analytics insights, do you or your organization 
replicate some actions all the time? (or) Does your organization renew anything (for e.g., process, 
service/product) based on the integration/application of data analytics insights? If so, could you give me 
an example? 
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Abstract
Purpose – The information systems (IS) literature has indicated the importance of data analytics capabilities
(DAC) in improving business performance in organizations. The literature has also highlighted the roles of
organizations’ data-related resources in developing their DAC and enhancing their business performance.
However, little research has taken resource quality into account when studying DAC for business performance
enhancement. Therefore, the purpose of this paper is to understand the impact of resource quality on DAC
development for business performance enhancement.
Design/methodology/approach –We studied DAC development using the resource-based view and the IS
success model based on empirical data collected via 19 semi-structured interviews.
Findings – Our findings show that data-related resource (including data, data systems, and data services)
quality is vital to the development of DAC and the enhancement of organizations’ business performance. The
study uncovers the factors that make up each quality dimension, which is required for developing DAC for
business performance enhancement.
Originality/value – Using the resource quality view, this study contributes to the literature by exploring the
role of data-related resource quality in DAC development and business performance enhancement.

Keywords Data analytics capabilities, IS success model, Resources, Quality,
Business performance enhancement
Paper type Research paper

1. Introduction
Data have become an important resource to create business value (Grover et al., 2018). In
recent years, organizations have increasingly invested in data-related resources to develop
data analytics capabilities (DAC). Gupta and George (2016) defined DAC as an organization’s
ability to gather, unify, and deploy data-related resources. DAC have been found to increase
business organizations’ decision-making efficiency (Ghasemaghaei et al., 2018), business
performance and creativity (Mikalef and Gupta, 2021), and product efficiency and
effectiveness (Raguseo et al., 2021). Some scholars have also argued that DAC could
enhance business organizations’ sensemaking capabilities such as in understanding
customer needs (Abbasi et al., 2018) and service effectiveness (Battleson et al., 2016).

Business organizations have increasingly developed their DAC for business performance
enhancement. The retail company Walmart has built a centralized analytics hub, Data Caf!e,
which collects and combines data from multiple data sources to support real-time decision-
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making through data analytics (Marr, 2021). Consequently, Walmart has developed its DAC
and achieved business value in terms of decision-making support and cost savings. The
automotive manufacturer Tesla has leveraged a huge amount of sensor data from cars and
used data analytics to make predictions and support decision-making in business (Yada,
2023). In this way, Tesla has developed its DAC to enhance the safety of its cars and
customers, maintenance services and customer experience. These examples highlight the
potential of DAC in enhancing business performance.

Data-related resources alone cannot generate value; they should be applied effectively and
efficiently to business contexts in order to generate value (Amit and Schoemaker, 1993).
According to Bharadwaj (2000), a lack of knowledge on how to apply data-related resources
to build DAC in business may lead to business organizations’ failure to realize the value of
data and data analytics. Business organizations differ not only in their resources but also,
more particularly, in their ability to apply their resources to create value (Amit and
Schoemaker, 1993; Bharadwaj, 2000). Prior research in information systems (IS) has
highlighted the importance of resources necessary to develop DAC from a resource-based
perspective and has identified various resources for DAC development, such as tangible,
human, and intangible resources (Gupta and George, 2016), talent capability, management
capability, and technology capability (Akter et al., 2016), infrastructure (Grover et al., 2018),
and a data-driven culture (Oesterreich et al., 2022). Business value could be determined by
how business organizations apply data-related resources (Bharadwaj, 2000; Iyer et al., 2006).

Even though organizations have data resources and utilize these resources in business, the
outcomes of the investments in data and data analytics vary across organizations. For instance,
some organizations havebeen successful in developingDACand realizing the value of data and
data analytics, while some have failed (Amankwah-Amoah andAdomako, 2019). Differences in
DAC and business performancemay also be linked to the quality of resources that they operate
with. Based on the foundations of resource-based view (RBV) (Barney, 1991), high-quality
resources may help organizations to possess resource attributes that are valuable, rare,
inimitable and non-substitutable. These resource attributeswill enable organizations to achieve
competitive advantages and enhance business performance. According to Fosso Wamba et al.
(2019), both resources and the quality of resources should be considered while investigating
DAC and its impact on business performance. Prior IS literature has also emphasized the
importance of quality as a dominant logic in explaining system performance (Prahalad and
Bettis, 1986). For instance, the quality of management practices has been suggested to be one of
the key drivers of good system performance (Ravichandran and Rai, 2000). The IS success
model posits that the quality of information, systems, and service resources associated with IS
is crucial in achieving IS success at the organizational level (DeLone and McLean, 2003).

The quality-dominant logic provides a valuable framework for understanding DAC
development by focusing on resource quality. In IS research, the concept of resource quality
has been utilized to investigate IS success and its business outcome and similarly, this could
be applicable to data-related resource investments and DAC development. Having data-
related resources may not be enough for developing DAC and achieving success in
investment in data and data analytics; rather, the quality of data resources is important
(Akter et al., 2023; FossoWamba et al., 2019). Therefore, DAC development and its impact on
business performance could be better justified from a resource quality perspective.

The existing literature has explored the importance of different data-related resources (e.g.
tangible and intangible resources) for developing DAC and enhancing business performance.
Yet, the literature has failed to explain how the quality of data-related resources may affect
DAC development and organizations’ business performance. By jointly investigating
resources and their quality, we could better evaluate the outcomes of data-related resource
investments in organizations from the view of DAC development and its impact on
organizational business performance. In this regard, this study aims to address the following
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research question: “How is the quality of data-related resources related to the development of
DAC for enhancing business performance?”

Bridging this research gap in the current study, we used RBV (Barney, 1991) and the IS
success model (DeLone and McLean, 2003) to explain DAC development and its link with
business performance in business organizations. The RBV can suitably explain which
resources are necessary for DAC development and how these resources can be deployed to
buildDAC for business performance enhancement. Meanwhile, the IS successmodel provides
a theoretical lens through which to explain how the quality of data-related resources can
affect DAC development and business performance. We collected empirical data via semi-
structured interviews to answer the research question in this study. We found that data
quality, data system quality, and data service quality are associated with DAC development
and DAC is linked with organizations’ business performance enhancement.

This study contributes to the literature in two ways. First, this study explores the role of
data quality, data system quality, and data service quality in DAC development and business
performance enhancement from a resource quality perspective. Second, this study identifies
the factors associated with the quality of these resources through a joint view of RBV and the
IS success model. This study also offers practical guidelines for business organizations on
how to improve data quality, data system quality, and data service quality to develop DAC
and enhance business performance.

2. Theoretical background
2.1 Resource-based view
Organizations need resources in order to achieve good business performance and competitive
advantages (Grant, 1991). According to the RBV, resources comprise assets, capabilities,
processes, organizational attributes, information, and knowledge (Barney, 1991). Resources
may include both tangible and intangible organizational capital, land, equipment, and labor
skills (Mahoney and Pandian, 1992). The RBV has argued that resources have four attributes
that enable organizations to establish and sustain competitive advantages: value, rarity,
inimitability, and non-substitutability (Barney, 1991). Developing capabilities using
resources is a complex process involving time and effort, which could make it difficult for
competitors to imitate such capabilities (Bharadwaj, 2000). Accordingly, to remain
competitive, organizations can gather and deploy resources to create unique capabilities
that are difficult for rival organizations to imitate (Barney, 1991; Bharadwaj, 2000).

IS researchers have used the RBV to understand various IS phenomena, such as IT
investment, IT consulting, IT capabilities, and information management capabilities.
Bharadwaj (2000) used the RBV to empirically investigate the relationship between IT
capabilities and organizational performance, finding that IT resources (infrastructure,
human and IT-enabled intangibles) can help create organizational IT capabilities. Meanwhile,
Ray et al. (2005) used the RBV to explore the role of IT in customer service, revealing that IT,
when combinedwith shared knowledge, enhances this process. Iyer et al. (2006) used the RBV
to explain organizational incentives for procuring IT consulting services. They discovered
that the integration of IT resources, organizational structures and work processes can
generate services and capabilities. Mithas et al. (2011) used the RBV to investigate the role of
information management capabilities in organizations and found that information
management capabilities, along with other capabilities (performance management,
customer management and process management), improved organizational performance,
including customer performance, financial performance, human resource performance and
organizational effectiveness.

Recently, the RBV has been used to explore data-related phenomena, such as business
analytics (BA), big data analytics (BDA) and artificial intelligence (AI) capabilities. Drawing
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on the RBV, Wang et al. (2019) explained BA’s role in generating business value. Hyun et al.
(2020) used the RBV to explain BDA’s role in developing organizational agility, finding that
both advanced and basic BDA—combined with an organizational culture of
democratization—could lead to organizational agility. Suoniemi et al. (2020) used the RBV
to explain the role of BDA resources in improving organizational performance. Their findings
revealed a positive link between BDA and organizational performance. Lou and Wu (2021)
also used the RBV to explain the role of AI capabilities in accelerating the drug development
process. They found that resources, such asAI skills and domain expertise, play a vital role in
AI-based innovation.

In the prior literature, researchers have argued that organizational resources include both
assets (whether tangible or intangible) and capabilities (abilities, skills, or processes; Barney,
1991). According to Day (1994), capabilities are complex amalgamations of skills, learning,
and resources that organizations can leverage. In this sense, DAC are unique capabilities that
require the integration of data-related resources—such as data themselves, data-related
technology, and data-related human resources. Therefore, in the data analytics context,
organizations must deploy data-related resources to develop DAC and provide data-related
services for different organizational needs. Through such an approach, business
organizations’ DAC would be unique and possibly difficult to imitate due to their use of
intangible resources. Furthermore, intangible resources such as expertise and knowledge
help develop DAC and enhance business performance. Business organizations must invest in
data-related resources to develop DAC, which, in turn, could enhance business performance.

To summarize, business organizations should collect, unify, and deploy various data-
related resources to develop DAC and enhance their business performance (Gupta and
George, 2016). These resources must be integrated and deployed to create data services that
fulfill the needs of business organizations (Bharadwaj, 2000). Accordingly, combining
resources to provide data services could address business needs (Krishnamoorthi and
Mathew, 2018). According to the IS success model, although different IS resources, such as
information, systems, and services are essential to achieving IS success, they may not ensure
IS success, and the quality of these resources could play an important role in achieving IS
success (Gu and Jung, 2013). Thus, the quality of data-related resources might better explain
how resources are combined to develop DAC and enhance business performance. It is
necessary to take resource quality into account when studying DAC and its impact on
business performance from the RBV.

2.2 Information systems success model
DeLone and McLean (1992) introduced the IS success model to explain IS success, which
highlights the importance of two quality dimensions: information quality and system quality.
DeLone and McLean (2003) updated the IS success model by introducing service quality as
another important quality dimension, alongside information quality and system quality, to
explain IS success.

The updated IS success model has been used to explain various IS phenomena. Lee and
Kozar (2006) investigated website quality’s effect on e-business success using the IS success
model. They found that information quality, system quality, and service quality are
important factors that determine website preference, which was linked to e-business success.
Later, Gorla et al. (2010) used the IS successmodel to study the impacts of information quality,
system quality, and service quality on organizations and found that the three quality
dimensions influence organizations’ internal efficiency, customers, suppliers, products, and
services. Ifinedo et al. (2010) used the IS success model to investigate organizations’ success
after implementing enterprise resource planning, validating the effects of system quality,
information quality, and service quality at the individual, work group, and organizational
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levels. For instance, the three quality dimensions were found to affect costs, overall
productivity, and customer satisfaction at the organizational level. Meanwhile, Gu and Jung
(2013) studied the effect of IS capabilities and IS qualities (information, system, and service)
on organizational performance and found that IS capabilities indirectly influence business
performance via IS qualities. Perdana et al. (2022) investigated the factors that inhibit and
enable organizational performance using the IS success quality dimensions, such as
information and system quality. They discovered positive associations between information
quality, system quality and organizational performance.

In some recent studies, researchers have used the IS success model to explain how data
and DAC influence organizations. For instance, Ashrafi et al. (2019) investigated the role of
BA capabilities in supporting organizations’ agility and performance. They found that
information quality is positively linked to BA capabilities. To summarize, the literature
includes different findings regarding the importance of quality dimensions in achieving IS
success and performance. Particularly, by exploring how different qualities can impact IS
success and organizational performance.

2.3 Link between the information systems success model and the resource-based view
Although the RBV focuses on employing resources to enable organizations to establish and
sustain competitive advantages, and the IS success model highlights the importance of
resource quality in achieving IS success and its impacts on business, Fosso Wamba et al.
(2019) stated that RBV is consistent with the IS success model. Both theories explain how
organizations use their resources to build competences and influence their business
performance. Some scholars have argued that since the RBV does not provide specific
elements from the resource view, scholars could consider incorporating new elements or
concepts in RBV to answer the “how” questions (Priem and Butler, 2001). Thus, this study
extends the RBV by incorporating the three types of resources and the quality of these
resources from the IS success model to explain how resource quality affects DAC
development, as well as the role of DAC in enhancing business performance through the
perspective of resource quality.

Specifically, the RBV emphasizes the strategic importance of organizational resources
which can be classified as tangible and intangible resources (Wernerfelt, 1984). According to
the RBV, resources are considered vital for organizations in achieving and sustaining
competitive advantage in business (Barney, 1991). Accordingly, we applied the general
concept of resources from RBV in this study and argued that data-related resources (input)
can be used to build DAC and enhance business performance (output). The IS success model
posits that information, systems, and services are the resources for IS development, and the
quality of these resources (information quality, system quality, and service quality)
determines the success of an IS. The IS success model provides the theoretical base for the
inclusion of data, data systems, and data services as specific data-related resources and how
the quality of these resources (data quality, data system quality, and data service quality)
affect DAC development and business performance from the perspective of resource quality.

As mentioned in Section 2.1, developing DAC involves resources such data, data-related
technology, and data-related human resources (Gupta and George, 2016). First, data is
considered an important resource for organizational decision-making. Data can be collected
from different sources and utilized to generate valuable information and knowledge. The
information and knowledge should be reliable and accurate for decision support
(Ghasemaghaei and Calic, 2019). Therefore, data quality is important for DAC
development. Second, data-related technologies enable organizations to use data to
address business problems. The hardware and software for data use represent the
technical elements of data systems and affect the quality of data systems, including speed,
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infrastructural capability, convenience, functionality, etc (Khayer et al., 2020; Petter and
McLean, 2009), which could influence the utilization of data in organizations (Fink et al., 2017).
Thus, data system quality is important for DAC development. Third, data-related human
resources comprising skills, expertise, and knowledge are needed for steering the utilization
of data and data analytics in business. The quality of these data-related human resources will
determine whether an organization can use data and data analytics to provide reliable and
efficient data services. Therefore, data service quality is important for DAC development
(Petter and McLean, 2009).

3. Research methodology
To explore the link between data-related resources and their quality in developing DAC and
enhancing business performance, this study utilized qualitative research methodology.
According to Flick (2018), qualitative research focuses on interactions with research
participants with the aim of understanding their perspectives about a certain phenomenon.
Qualitative research could be used to answer questions related to “how” things happen at
organizations (Rosaline, 2008). This study aims to answer questions about how the quality of
data-related resources is related to DAC and business performance. The research question is
a typical “how” question at the organizational level. Thus, the qualitative research method
could be an appropriate research method for this study.

3.1 Data collection
The empirical data were collected via semi-structured interviews. Semi-structured interviews
assist researchers in gathering organization-specific information from research participants
by facilitating a dialogue or conversation between the interviewer and the interviewee
(Cassell, 2015). The interview questions were centered around data-related resources and
their quality in developing DAC and business performance enhancement. The RBV and the
IS success model were used as the theoretical base for developing the interview questions.
Following DeLone and McLean’s (2003) IS success model, we conceptualized data, data
systems, and data services as data-related resources. The participants were asked about the
characteristics of data, data systems, and data services that are associated with the quality of
these resources, and how the quality of these resources affects DAC development and
business performance. In addition, questions concerning interviewees’ professional
background, work experience and responsibilities were asked at the beginning of each
interview. This approach was to ensure that the interviews were appropriate for answering
the interview questions and that their answers captured the subjectivity concerning the
utilization of data and data analytics in business, thereby supporting the interpretive validity
of this study (Maxwell, 2012).

Regarding whom to interview, the interview design considered participants whose work
profile is related to the use of data and data analytics in daily work life. The rationale for
selecting interviewees was based on their prior and current work experience in utilizing data
and data analytics in business. The interviewees were recruited through the network of
researchers in industries and through recommendations from some interviewed participants.
Table 1 presents this study’s interviewees, their present roles and the industry in which they
worked during our data collection.

In total, 19 interviewees from different countries participated in this project, but the
majority were from Finland. The interviewees’ current roles ranged from technical to
strategic in the field of data and data analytics in business, and the sample included a data
scientist, a data analyst, a data engineer, business analysts, consultants, a data product
owner, a product manager, a sales manager, a UX designer, team leaders, a marketing
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specialist, a director, and CEOs. Moreover, the interviewees worked in different industries,
including retail, insurance, software, IT services management, construction, electronics, and
manufacturing. These participants had rich work experience in various roles and industries.
The sample size was sufficient for answering the study’s research question as no additional
themes emerged from the interviews (Morris, 2015).

Interviews were conducted between March 2022 and July 2022. Each interview lasted
around 60 min. The interviews were conducted in English, using both online communication
tools (for example, Microsoft Teams and Zoom) and face-to-face communication. The
interviewees were asked to consent to interview-recording before the interviews took place.
The interviews were recorded and transcribed using the automatic transcription provided by
Microsoft Teams. The verbatim transcription of each interview ensured the descriptive
validity of this study (Maxwell, 2012).

3.2 Data analysis
In this study, the data was analyzed thematically following thematic analysis. According to
Boyatzis (1998), qualitative data can be coded using thematic analysis to help identify themes,
indicators, and causal relationships. Such themes are defined as patterns that can help
explain a phenomenon (Myers, 2019). According to Myers (2019), thematic analysis involves
generating initial codes, identifying themes from these initial codes, and reviewing, defining,
and naming themes. We applied an inductive coding approach in this study, generating
themes from the interview data. This inductive coding approach focused on identifying how
business organizations combined resources to develop DAC regarding data, systems, and
services. The codes were mapped into appropriate data analytics-related quality dimensions,
such as data quality, data system quality, and data service quality. Codes related to DAC and
business performance were also generated. During the data analysis process, the researchers
screened the interview transcripts carefully while listening to the interview recordings to

Interviewee Role Industry

1 Data scientist Insurance
2 CEO Software
3 CEO Software
4 CEO Construction
5 Consultant Retail
6 Data analyst Electronics
7 Consultant IT service
8 Data product Insurance
9 Data engineer IT service
10 Consultant IT service
11 Manager - Data, analytics and application programming interface (API) Manufacturing
12 Business analyst Manufacturing
13 Business analyst Manufacturing
14 Digital experience team leader Manufacturing
15 Director of IT and digital services Manufacturing
16 Marketing specialist Manufacturing
17 User experience (UX) designer Manufacturing
18 Product manager Manufacturing
19 Sales manager Manufacturing

Source(s): Authors’ own work

Table 1.
Interviewee
information
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maintain the interviews’ accuracy and consistency while preserving the interviewees’
meaning and intent. The data were analyzed at the organizational level.

The coding process started with open coding. In open coding, we explored each interview
transcript to gain a comprehensive understanding of the perspective of the interviewees. In
this stage, the data was coded descriptively without being subjected to preconceived code
categories or concepts. For example, “importance of precision”was descriptively coded based
on the interviewee’s statements emphasizing the importance of precision in the data collection
process. The second stage of the coding process is first-order coding, where the descriptive
labels were mapped to the themes generated in the open coding. In the first-order coding,
openly coded labels were categorized into appropriate themes related to data-related
resources. For example, data reliability was identified as an important theme about data
resources for organizations, based on the open coding of data attributes such as data
precision and data accuracy. Subsequently, other first-order codes were also generated in this
manner. Then, we mapped the themes identified in the first-order coding to data quality, data
system quality, and data service quality, following the three quality dimensions proposed in
the IS success model.

In this study, data reliability, data sources and data ownership were categorized as
important factors determining data quality. Data reliability and data sources were mapped to
data quality dimensions based on the interpretation of interviewees’ statements and prior
literature (Côrte-Real et al., 2020; Ghasemaghaei and Calic, 2019). For instance, unreliable data
can affect the quality of data and validity of insights generated via data analytics. Robust
data analytics requires variety of data sources. Based on the discussions with some
interviewees, data quality was not only limited to technical issues alone but also involved
managerial aspects such as who owns data and who is responsible for the credibility of the
data. Hence, in this study, data ownership was mapped under the data quality dimension. In
addition, any factors related to data collection, storage, processing, sharing, analysis of data,
and dissemination of analytical insights involving hardware and software resources were
mapped under the data system quality dimension. Furthermore, any factors related to how
employees use data and data analytics in business were mapped under the data service
quality dimension. For example, interviewees mentioned the role of humans in developing
DAC from the perspectives of having good talent, domain knowledge, the importance of
aligning data analysis tasks to business objectives, and collaboration for providing better
data-related services in the organization, which were coded for data service quality in the
coding.

In this study, DAC coding was based on the definition of DAC – the capability to collect,
unify, and deploy data, data-related technology, and data-related human resources in
business. It includes the organizational capability to gather large amounts of data and
various types of data for business, the capability to make business predictions based on data
and data analytics, the capability of technical and managerial personnel to orchestrate the
data analytics process, and to generate insights for decision-making.

The open coding for business performance focuses on the enhancement of business
outcomes through the utilization of data and data analytics. The interviewees mentioned
different aspects related to business performance, such as support for business decision-
making in operations, reduction of marketing costs and efficient customer management.
Subsequently, we derived first-order codes for business performance enhancement based on
the themes identified in the initial open coding. Four primary themes were generated to
measure business performance enhancement through the deployment of DAC in business:
revenue increase, cost saving, customer satisfaction enhancement and decision-making
support. These four themeswere further coded to assess business performance enhancement.
Figure 1 illustrates the code generation process in this study.
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Finally, we generated themes linking the three quality dimensions to DAC, andwe also coded
the association between DAC and business performance. During our data analysis, we
revisited our codes for further discussion. Our data analysis process was completed when we
had mutually agreed on our interpretation of the codes in relation to the studied phenomena.
We conducted the data analysis using Atlas, a qualitative data analysis program. In Table 2,
we present the definitions for data quality, data system quality, data service quality, DAC,
and business performance, which support our coding.

Figure 1.
Data coding and
analysis
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4. Findings
4.1 Link between data quality and data analytics capabilities
Our analysis of the data indicated an association between data quality and DAC. Data
reliability, data sources, and data ownership were identified as data quality dimensions and
were linked to DAC.

4.1.1 Data reliability. Organizations that work with data have concerns about data’s
reliability since data may contain too much noise, inhibiting organizations’ ability to utilize
data effectively (Abbasi et al., 2016). Interviewee (Int.) 1 mentioned that the incompleteness,
duplication or untimeliness of data could affect their ability to generate and validate insights
based on data and data analytics. According to Int. 4, timeliness of data could affect an
organization’s ability to use data to manage schedules. Int. 2 suggested that, if data retrieved
from various sources were incomplete and inaccurate, organizations’ ability to deploy data
and data analytics could be affected. Int. 16 mentioned that incomplete data affect
organizations’ ability to deploy reliable data for marketing operations.

Every piece of the data needs to be of high quality so that everything that you see upstream is reliable
and you can use it for making decisions or building models. . . . [If] they [organization] are to make
decisions using questionable quality data, especially in an industry like healthcare, it’s not going to
work. . . . I would say that validity of whatever you build will get questionable. (Int. 1)

Data should help and direct the decision-making, but if it doesn’t, if it’s wrong, then obviously, the
direction will be wrong as well. (Int. 2)

If we think about the customer who is in the construction phase, so they look [at] the data, and in
order to be on top of the schedule management . . . so they know that once they have, for example,
casted new concrete, then they can see from the data that they are on track of getting dry enough
figures in the time period [desired]. So, they can forecast based on that data. It’s actionable insight. So,
if they say that this won’t be drying fast enough, then they can put dryer heaters in place and start
heating and speeding up the process. (Int. 4)

We have these types of issues. For example, in our customer relationship management, the data is
not complete. Some customers are lacking their email addresses or other type of contact information,
and then we struggle with reaching those customers. (Int. 16)

Concept Definition

Data quality Data quality is defined by the usability, importance, accuracy, timeliness, completeness,
and relevancy of data in an organization (DeLone and McLean, 2003)

Data system
quality

Data system quality is defined as the degree to which the data system including its
hardware, software, and technical attributes such as speed, reliability, and functionality
can support the data-related needs of an organization (DeLone and McLean, 2003)

Data service quality Data service quality is defined as the degree to which the data service in an organization
provides efficient, effective, and reliable services to support the needs of different users
(DeLone and McLean, 2003)

DAC DAC refers to the ability of an organization to gather, unify, and deploy different data-
related resources (including data-enabled services) in business (Gupta and George,
2016)

Business
performance

Business performance is defined as the favorable business outcomes that are achieved
by an organization. Such favorable business outcomes are related to quantitative (e.g.
cost saving) or qualitative (e.g. customer satisfaction) benefits (Koohang et al., 2023;
Krishnamoorthi and Mathew, 2018)

Source(s): Authors’ own work

Table 2.
Definition of key

concepts in this study
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4.1.2 Data sources. Poor data quality has been a major concern when gathering data from
multiple sources. For example, dataset format mismatches could be avoided by gathering
consistent data across all sources. This approach could lead to good data quality for analytics
(Hashem et al., 2015). Int. 15 discussed how predictive maintenance requires data from
different sources, such as machine data and operative data. Int. 10 mentioned that to
accurately forecast how much energy the solar panels could produce, the interviewee’s
organization need access to data from the customer’s solar panels and the building’s energy
consumption systems. According to Int. 3 and Int. 8, organizations could make business
predictions or forecasts based on data gathered from different sources.

We get the accuracy ofþ90% when we predict how many people will visit tomorrow, based on the
weather [data]. (Int. 3)

By combining that data from different sources, ownership data about our customers, just in general
the building data in the country, weather data, then okay, this is a good idea to do here. This is a bad
idea to do here . . . the way data helps with decision is both on the monitoring side, like backwards.
Also, I guess, on predictions. (Int. 8)

Customers could, for example, get forecasts about how much energy will the solar panel produce. . .
from the solar panel system and the energy consumption of the building that are different data
sources. (Int. 10)

4.1.3 Data ownership. Data ownership concerns the ownership of, access to, and privacy of
data, which can limit the number of data sources that a business organization can access
(G€unther et al., 2017). In this study, data ownership was mentioned as a dimension of data
quality in DAC development. Int. 7 mentioned that data ownership is key to ensuring good
data quality for data analytics.

I think that kind of comes to the ownership, that owning the data should be part of owning the
business process because the business process is where it’s [data quality is] defined. . . . then use that
data for. . . understanding the customers better to be able to target the kind of sales campaigns.
(Int. 7)

The prior literature has highlighted data quality’s importance in determining DAC. For
example, Ghasemaghaei and Calic (2019) found that the ability to use data in decision-making
depends on data quality.Meanwhile, Côrte-Real et al. (2020) found that data quality (complete,
accurate, and current data) is positively linked with DAC. Data sources could lead to new
product success and marketing decisions via DAC (Hajli et al., 2020). Moreover, data
ownership has been found to be associated with data quality (Vilminko-Heikkinen and
Pekkola, 2019), which is closely associated with DAC development. Consistent with the
literature’s previous findings, the current study’s findings reveal an association between data
quality and DAC. Therefore, we proposed:

Proposition 1. Data quality (e.g. data reliability, data sources, and data ownership) is
associated with DAC.

4.2 Link between data system quality and data analytics capabilities
Our analysis of the data indicated an association between data system quality and DAC.
Technological infrastructure resources—such as data storage, data platforms, hardware and
software, and distributed infrastructure—compose the data system quality dimensions.
These individual factors are explained in the following subsections.

4.2.1 Data storage. Data storage is essential for handling a variety of data from multiple
sources and in large volumes in order to meet business organizations’ demand for efficient
data retrieval (G€unther et al., 2017). According to Int. 1, data storage is vital because data
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should be stored in data warehouses/stores to be conveniently utilized for different types of
data analytics applications.

We need data storage that’s high in quality, that’s easy to retrieve data from . . . and we also need
computational capabilities that are low-latency—low-latency meaning you need to be able to get
your solutions quickly deployed. (Int. 1)

We might have decentralized data stores. For example. . . If you have an agent [insurance] sitting in
front of their computer, they’re going to have some data of their clients. We are going to have
different data stores. And all these data stores that are decentralized, need to be piped into a
centralized data store. (Int. 1)

4.2.2 Data platforms. Data platforms help organizations generate, collect, and analyze
transactional data to understand customers’ purchasing behavior (Xie et al., 2016). These
platforms can perform complex computations to guide organizational decision-making by
gathering results quickly. According to Int. 12, Int. 13, and Int. 14, data platforms can help
customers understand how machines and their operators are performing by gathering data
from different sources. The machines produce different types of data—for example, data
related to howmuchwood has been cut, as well as the daily production rates of machines and
machine operators. Int. 11 and Int. 17 suggested that customers can obtain analytics solutions
through online digital data platforms. Data can be visualized meaningfully in relation to a
specific user’s requirements on a data platform. For example, the data platform displays
information relating to machine behavior through data collected using machine’s sensors.
Such data were collected from the machines and then processed and visualized on the data
platform. The insights generated on a data platform guide customers’ business action.
According to Int. 2, a data platform is a key resource for DAC development.

We can easily gather the customer data and customer transaction data from different sources. . . .
They [customers] can create segments out of it easily, create different rules, based on the changes
[related to the data], and then implement the campaigns using our tool. (Int. 2)

According to Int. 3, data platforms allow managers to take actions based on the insights
generated from data.

We bring in [data] from different data sources. . . . The maintenance manager might see the
temperatures of pools but he’s not that interested about sales . . .which is the general manager stuff,
so that you have different views and insights of data to what is actually in your portfolio. (Int. 3)

4.2.3 Hardware and software for data use. Data software is used in the process of collecting
data, setting up data flow pipelines, data visualization and data analysis. Meanwhile,
hardware devices increase computational power and help connect devices to manage data
(Ives et al., 2016). According to Int. 3, hardware components may affect DAC. For instance,
energy consumption meters may have data delivery cut-offs, disconnected hardware may
hinder data transfer, cameras might count wrongly, and connectivity issues might arise from
telecom providers that could affect data’s accuracy. Therefore, hardware’s ability to capture
data can also affect the accuracy of the insights generated through data and data analytics.
Int. 4 mentioned that sensors and cloud services allow customers to collect and analyze data
for multiple use cases, such as schedule management, systems monitoring, and alarm
systems. Int. 6 mentioned that analytics software allows organizations to create pricing-
related dashboards to monitor key performance indicators (KPIs).

We call it, pricing health dashboard. So, not only looking at the data but, say, putting all things
together and come up with a strategy for the product—all things meaning, in our language, is nine
KPIs . . . you can select different product lines and then, based on these nine boxes, we can define a
strategy or find issues from the operations. (Int. 6)
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4.2.4 Distributed infrastructure. Data infrastructure allows business organizations to
integrate data from multiple sources for analytical applications. Distributed technology
infrastructure could lay a foundation for the creation of data-related microservices for
different organizational units (Tilson et al., 2010). A conversation with Int. 9 suggested that
distributed technology infrastructure also plays a vital role in allowing individual
departments to deploy their own technology infrastructures (e.g. the cloud). The provision
of data-related microservices could enable data development more catered to these teams.
Hence, data can be much more quickly deployed to address business needs.

Why are we now talking about distributed development in the data? And I would say it’s partly
because data has become more like everyday thing. (Int. 9)

They [teams] want to utilize data that they’re working with. So, all of a sudden, the demand for the
data. . . has popped up, and that has driven to the point where the centralized approach might not be
in some cases, you know, scalable enough. (Int. 9)

In the prior literature, technology has been said to play a critical role in DACdevelopment. For
example, Shamim et al. (2019) found a positive link between data-related technology and
DAC. Data storage technologies—such as data warehouses and data lakes—are important
for organizations’ DAC development (Lehrer et al., 2018). According to Watson (2017),
technology infrastructure components, such as data storage, enable DAC because they can
store various kinds of data. Data analytics software and tools also play a vital role in the
development of DAC. For example, data visualization may provide transparent information
based on data and allow organizations to predict hidden relationships or customer behaviors
based on data analytics (Chang et al., 2022). In alignment with the previous findings in the
literature and based on the current study’s findings regarding the factors related to data
system quality and DAC, we proposed:

Proposition 2. Data system quality (e.g. technological infrastructure tools, such as data
storage, data platforms, hardware and software for data use, and
distributed infrastructure) is associated with DAC.

4.3 Link between data service quality and data analytics capabilities
The findings in this study indicate an association between data service quality and DAC.
Data-related expertise, domain knowledge, data analytics’ alignment with business, and
collaboration compose the data service quality dimensions. The following subsections
explain these individual factors.

4.3.1 Data-related expertise. DAC development requires the mobilization of experts in
statistics, business, data and programming (Shao et al., 2022). Our conversation with Int. 1
suggested that DAC depends on various areas of data-related expertise at an organization.

If you are generating an insight. . . you take this to a provider. You take this to an internal clinician
who knows what exactly it is. . . . If you are working on cancer, you talk to an oncologist. . . and say,
“Okay, this is what I’m saying. Is this possible?”And then, that doctor will go back and look at what
you’re exactly trying to say, and they will validate what you’re saying, or they might not validate
what you’re saying. (Int. 1)

Int. 6 discussed how data engineering expertise is required to set up the technological
environment required for data analytics.

They can be the middleman between me and the IT, so they can help [quickly] to get the server
running. (Int. 6)

Business organizations need technical and managerial data-related expertise to fulfil specific
BA needs in different business units, according to Int. 8.
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let’s say motor [business function] comes to me and says that we want to change this existing
delivery. Let’s research this change and let’smake it happen. So, the data warehouse implements this
change, tests it, the business unit tests it with me, and then, okay, we kind of push the button, and it’s
flowing in a new way. . . . So, they act as internal clients in a way, and we act as internal
implementers. (Int. 8)

4.3.2 Domain knowledge. Domain knowledge has been cited as an important factor in
understanding business problems and formulating analytical solutions to address those
problems (Chen et al., 2012). In addition, domain knowledge is vital for translating business-
specific problems into tasks for machine-learning models (Zhang et al., 2020). Int. 19
mentioned that domain knowledge plays a vital role in DAC development. For example,
salespeople should develop knowledge about how to talk to a customer regarding
applications that involve data and data analytics in business. According to Int. 19,
customers are becoming more data-aware and demanding more data-based insights to meet
their business needs. Int. 3 mentioned that domain knowledge is critical for DAC.

We know the facilities. We provide services, and. . . they [customers] want to have transparent
information into their organization, and typically, . . . we consult with them . . . on what to do with
this data. . . I bet we are faster; we are agile in everything, and like I said, we even know . . . some
examples, new ideas, stuff like this. So, we have [or understand] the business context [of customers].
(Int. 3)

4.3.3 Data analytics’ alignment with business. G€unther et al. (2017) identified the absence of
stakeholder interests, organizational structures, and data-driven business models as
factors that lead to a misalignment between data analytics and business. To accomplish
business goals and objectives, data analytics should fit with a business strategy. Int. 9
suggested that alignment is important for DAC development. He noted that data
engineering teams at a customer organization enabled the DAC development for specific
business tasks or specific units (e.g. the marketing department) in an organization. Such as
data engineering teams provide data-relatedmicroservices to different business units in the
form of guidelines, code templates, and different kinds of infrastructure as code to ensure
DAC development and deployment. The provision of data-related microservices allowed
marketing departments’ experts to work on data and data analytics themselves.
Meanwhile, conversations with Int. 12, Int. 13, and Int. 14 explained that a virtual team
had been established to align data analytics with different business tasks and needs, such
as product management and UX design. These interviewees mentioned that the alignment
of data analytics and business needs made the development of, for example, data-based
customer solutions easier. DAC development was much more efficient through the
alignment. Int. 7 mentioned the importance of data analytics’ alignment with business when
developing DAC.

They [domain experts] kind of had their like built-in, the way of working, there are these experienced
people, they have been doing this a lot. So, they know, and. . . it kind of comes from the backbone that
this is how we do things. So, then, we introduced the predictive models. . . So, instead of them
continuing to use that gut feeling and the intuition and the expertise, they actually were offered
machine learningmodels, [which] produced recommendations, like some propensities that this flight
might be delayed this much, based on the weather and all the other factors. (Int. 7)

4.3.4 Collaboration. Collaboration between data and business is crucial. For instance, the
collaboration between analytics and business teams is essential to develop analytics
applications and services (Dremel et al., 2020). According to Int. 5, Int. 6, and Int. 10,
collaboration is a key resource when developing DAC because collaboration helps
organizations to establish a shared language about a work or process, align data analytics
with business needs and make data analytics services efficient.
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They [business representatives] didn’t even know what the analysts were doing, who the analysts
were, and it really took several months of sitting side by side and, you know, having lunches and just
trying out several different things before we started understanding, (a) what they were able to offer
to us as business and (b) what we really could have asked from them because they didn’t know what
we need and we didn’t know what they can provide. (Int. 5)

[When] I send the report to them. It’s not the end of the report.We need continuous discussion on how
do we use it better, what do we need to build on top of that, alerts or dashboards? Do we want to
visualize that in a better way? (Int. 6)

A typical problem is that the analytical expertise is quite scattered, and also the data tends to be quite
business-unit–specific. So, then, you have to pay a lot of attention coordinating how to do things in a
systematic way so that people are not just doing everything their own way, then, because in that
case, the kind of IT landscape becomes very difficult to manage. You may have five different
analytics tools, you have to talk with different vendors, and the data is very scattered. Everybody is
preparing data for their own purposes, and people may not have similar ideas about what different
pieces of data mean. (Int. 10)

Data-related expertise plays a critical role in DAC development. Organizations need data
analytics skills to understand data’s value and fully leverage this value. Suoniemi et al. (2020)
revealed that data analytics skills are an important factor in DAC development because they
are essential in building predictive models. Domain knowledge is needed to validate
algorithms and review analytics results contextually (Tan et al., 2016). Moreover, alignment
(intellectual, social, and operational) with data analytics is essential for developing DAC and
achieving business objectives (Dremel et al., 2020). Collaboration has been found to be key in
deploying data analytics resources and developing business organizations’ DAC (Jha et al.,
2020). Therefore, in accordance with previous studies and based on our findings, we
proposed:

Proposition 3. Data service quality (e.g. data-related expertise, domain knowledge, data
analytics’ alignment with business, and collaboration) is associated
with DAC.

4.4 Link between data analytics capabilities and business performance
This study’s interviewees discussed the link between DAC and business performance when
business organizations develop their DAC. Our findings indicate that DAC could enhance
business organizations’ performance. The interviewees discussed business performance
from different angles, for example, revenue increase, cost saving, customer satisfaction
enhancement, and decision-making support. Int. 15, Int. 3, and Int. 2 mentioned that business
organizations with strong DAC can enable new business models (via digital service
development), increase their customers (via changing clients’ service portfolios), and improve
sales conversions, thereby increasing revenues.

The value comes from increased sales, increased sales conversion. So, if you are, let’s say,
communicating to customer, if you communicate more targeted and more personalized, that usually
always increases the conversion. (Int. 2)

Int. 1, Int. 2, Int. 3, and Int. 4 discussed business organizations’ DAC leading to cost saving.
According to Int. 1, DAC helps cut customer management costs. Int. 2 and Int. 3 explained
that they had reduced advertising costs via efficient segmentation and target marketing.
Meanwhile, Int. 4 stressed the importance of real-time data for schedule management, which
helps avoid project delays and excessive costs.

For instance, [on] Tuesday, 11:00 . . .we can [recommend the customer] to . . .make some swimming
teaching lessons to bring more people in, and then advertise those [lessons]. So, you know when to
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advertise, you knowwhat to advertise, and towhomyouwant to advertise. You can also cut the costs
on those advertisements. (Int. 3)

Int. 11 and Int. 13 mentioned that business organizations’ DAC leads to the enhancement of
customer satisfaction. They revealed that DAC enables customers to better visualizemachine
usage and forestry results and allows them to have good control of their daily machine and
business operations. Customers can also know the production rates of their machines’
operators. These DAC-based customer services make customers feel satisfied with the
products and services that a company provides.

They [customers] know how their business is doing, and. . . they visualize, . . . for example, . . . how
much it [machine] is producing this day and, on this day. (Int 13)

DAC have been shown to improve business organizations’ decision-making. Int. 7 mentioned
that DAC could help operators at a control centre to automate calculations and assist with
decision-making. Int. 8 discussed enhanced decision-making support based on DAC.

Also, really in-the-moment decisions—should we, for example, sell insurance to this person with this
[social security number], who, for example. . . has only that salary or has bad credit rating, but he
owns three properties and five cars?. . . Should we really sell insurance to him? Does he have a risk
of. . . defaulting? So, that is also part of the decisions that we use data for. (Int. 8)

The prior literature has identified DAC’s importance in achieving business performance. For
instance, DAC have been found to positively influence competitive performance and decision-
making performance (Ghasemaghaei et al., 2018; Mikalef et al., 2020). Through a meta-
analysis, Oesterreich et al. (2022) found that DAC has influenced organizations’ business
performance. DAC could allow organizations to respond to customer needs and, thereby,
enhance their business performance (Zhou et al., 2018). In addition to such findings from the
prior literature, the current study also supports the association between DAC and business
performance. Accordingly, we proposed:

Proposition 4. DAC are linked to organizations’ business performance (e.g. revenue
increase, cost saving, customer satisfaction enhancement, and decision-
making support).

5. Discussion
In this study, we examined how the quality of data-related resources is related to DAC and
enhanced business performance by gathering interview data from employees working in
various industries. We identified three quality dimensions that explain DAC development:
data quality, data system quality, and data service quality. Moreover, we found DAC to be
linked with organizational business performance. In this study, we also explored the factors
that explain each of the three quality dimensions and business performance.

First, we found evidence that data quality is associated with business organizations’DAC
development. The major factors that ensure data quality, we argued, are data reliability, data
sources, and data ownership. Insights generated from data can only be reliable if their
corresponding data are reliable (Chae et al., 2014). Additionally, business organizations
should have sufficient data sources to ensure data quality. For instance, problem-solving
using data analytics may involve both internal and external data sources. To understand
customers and meet their needs, business organizations may need to use multiple data
sources to gather good-quality data for their analytics. In addition, data ownership may
hamper access to data, which is needed for accessing data for data analytics. Good data
reliability, broad data sources, and owning or accessing data are important for ensuring high-
quality data, which is crucial for developing business organizations’ DAC.
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Second, we found data system quality to be associatedwith DAC. Organizations need data
systems to ensure that data is collected, stored securely, and retrieved and used efficiently.
Such systems’ hardware is important to data collection and storage, ensuring an efficient data
flow for business organizations. Data systems’ software is also essential for business
organizations to integrate different systems or technologies, create and run algorithms,
visualize data, and scale their computing needs (Cascavilla et al., 2018). Additionally,
distributed infrastructure is essential to setting up a data pipeline, supporting data analytics,
and scaling data analytics’ development. Distribution of technology infrastructure could
enable data-driven problem-solving at various organizational levels and provide good data
system quality for DAC development. By maintaining high levels of data system quality,
business organizations can effectively manage data storage, computation, analytics, and
visualization, which would lead to high DAC.

Third, in this study, we found that data service quality is associated with DAC. Data-
related expertise, domain knowledge, data analytics’ alignment with business, and
collaboration constitute data service quality. Technical expertise is vital for orchestrating
data and technology to obtain insights (Shao et al., 2022), such as in creating prediction
models for developing services. Managerial or domain expertise is needed to
communicate data service requirements to the rest of an organization and create
domain-specific analytics solutions. On the other hand, business organizations should
know how and where to apply data analytics, which requires domain knowledge in
business. Domain knowledge allows business organizations to efficiently deploy data,
technology, and human expertise in order to solve domain-specific problems (Kettinger
et al., 2021; Krishnamoorthi and Mathew, 2018). Additionally, the data services provided
to different business units should be aligned with the business objectives to ensure that
data analytics address specific business problems and achieve certain business goals.
Furthermore, collaboration in data analytics increases synergy across business domains
by establishing a common language and shared understanding of business problems
between data analytics and business teams. Collaboration can also ensure an efficient
data analytics process and the application of insights generated via data analytics
efficiently. Thus, data-related expertise, domain knowledge, data analytics’ alignment
with business, and collaboration will help develop good data services that will, in turn,
develop business organizations’ DAC.

Fourth, in this study, we revealed the association between DAC and business
performance. Our findings support the previous literature linking DAC with business
performance (Ghasemaghaei et al., 2018). Our findings show that DAC benefits business
organizations. These benefits vary across organizations and industries. By deploying DAC,
business organizations can not only create new services, but also new revenue streams or new
data-driven business models based on these services. DAC allow business organizations to
derive data-enabled insights and knowledge that can optimize business processes,
operations, and management, thereby reducing costs. Furthermore, customer satisfaction
is one metric by which business organizations can evaluate their business performance. For
instance, business organizations can enhance their understanding of customer preferences
and provide tailored products and services based on customers’ needs via DAC. Additionally,
DAC help with business organizations’ decision-making. Organizations have regarded data
and data analytics as important resources in supporting business decision-making. Business
organizations’ DAC could provide data-enabled insights and actions to support different
business decisions efficiently. Thus, organizations’ DAC should lead to enhanced business
performance via revenue increase, cost saving, improved customer satisfaction, and data-
driven decision-making support. Figure 2 depicts the resource quality model for DAC
development and business performance enhancement.
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6. Contributions
6.1 Theoretical implications
This study offers several contributions to the literature. First, it explains business
organizations’ DAC development from the resource quality perspective, based on the RBV
and the IS success model. The prior literature has used the RBV to explain what resources are
needed to develop business organizations’ DAC. This study enriches the RBV literature by
examining the role of data-related resource quality in DAC development and extends the
understanding of how resources could be applied to develop DAC within organizations from
the resource quality view. In addition, this study extends the application of the IS success
model to the DAC field by borrowing the three quality dimensions (information quality,
system quality, and service quality) of the IS success model and developing three quality
dimensions of data-related resources (data quality, data system quality, and data service
quality) for DAC development.

Second, this study explores how the quality of data-related resources (data quality, data
system quality, and data service quality) influences DAC development and enhances
business performance by identifying the specific factors that are associated with the quality
of these resources. Factors such as data reliability, data sources, and data ownership are
identified as being related to data quality. Data platform, data storage, hardware, and
software for data use, as well as distributed infrastructure, are important factors linked to
data system quality. Data service quality depends on business organizations’ data-related
expertise, domain knowledge, data analytics’ alignment with business, and collaboration.
These findings provide a deep understanding of the factors associated with data-related
resource quality and their association with DAC development and business performance
from a quality perspective.

Third, this study contributes to the literature by providing a comprehensive explanation
for data service quality’s role in DAC development. The prior literature has highlighted the
importance of data and data systems in this development. The findings in this study on data
service quality’s importance in developing DAC indicate that this development involves the
orchestration of data, technology, and human resources. This process helps generate DAC to
enhance business performance from a social-technical perspective.

Figure 2.
The resource quality

model for the
development of data
analytics capabilities

and business
performance
enhancement
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6.2 Practical implications
This study’s findings also provide some practical guidelines for business organizations to use
DAC development to enhance business performance from a perspective of data-related
resource quality.

First, our findings on the importance of data-related resource quality in DAC development
provide practical guidelines for business organizations’ DAC development from a combined
view of resources and quality. Business organizations should not only invest in data-related
resources but also improve the quality of data-related resources to develop their DAC.
Specifically, they should not only invest in data, data systems, and data services but also
adopt strategies that maintain the quality of their data, data systems, and data services when
developing DAC. These strategies can further enhance their business performance.

Second, we identified different factors related to data quality, data system quality, and
data service quality in DAC development and business performance enhancement. These
findings provide practical guidelines for business organizations’maintenance of good quality
of data, data systems, and data services for DAC development and business performance
enhancement. Specifically, business organizations should consider using reliable data as well
as having broad data sources and data ownership to ensure data quality when developing
DAC. Additionally, business organizations should invest in the hardware and software for
data use, build distributed infrastructure to establish their data systems, establish data
platforms in collaboration with other stakeholders, and increase their data storage capability
to improve their data systems quality and develop their DAC. Moreover, business
organizations should understand the importance of data-related expertise, domain
knowledge, data analytics’ alignment with business, and collaboration in establishing data
service quality in developing DAC. Our findings also indicate that business organizations
should consider DAC development from a socio-technical perspective. For instance, business
organizations should understand the importance of not only data and technologies (e.g. data
and data systems) but also the role of humans (e.g. data services) in developing DAC to
enhance business performance.

Third, this study provides evidence of DAC’s role in enhancing business organizations’
performance. Thus, business organizations should understand the different value
propositions of DAC development from different views regarding business performance
and take action to improve their DAC for business performance enhancement. Specifically, in
this study, DAC were found to be related to revenue increase, cost saving, decision-making
support, and customer satisfaction enhancement. The findings indicate that business
organizations should implement holistic strategies focused on data-related resources and
their quality to develop DAC and consequently, enhance business performance. For example,
business organizations could leverage data and data analytics to develop their DAC and
create innovative data-driven business models to boost their revenues. To achieve cost
saving, business organizations could utilize data and data analytics to optimize their cost
management strategies. To enhance customer satisfaction, business organizations should
better understand customer needs based on data and data analytics and refine their products/
services. Additionally, if business organizations want to support their decision-making
through data and data analytics, they should embed data and data analytics at different
organizational levels and improve their DAC.

7. Limitations and future research directions
This study faced limitations that should be acknowledged. First, we examined DAC
development and business performance from a perspective that integrated the RBV and the
IS success model, but we did not consider some other factors related to DAC development,
such as digitalization, leadership, or organizational culture. Future research could explore the
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role of these factors in DAC development and business performance enhancement through
other theoretical lenses, such as socio-technical systems theory and dynamic capabilities.

Second, in this study, we collected empirical data across industries, such as
manufacturing, insurance, software services, construction, retail, electronics, and IT
service management. With this approach, we sought to present a general perspective.
Future research could explore the role of resource quality in DAC development and business
performance enhancement in specific industries. Such a specific focus might help identify
differences in value propositions for business performance across industries.

Finally, the current study used semi-structured interviews for empirical data collection.
This approach could introduce biases in the interpretation of statements, which may differ
across researchers. However, other research methods—such as surveys, participant
observation, and action research—could also yield insights into DAC research. Future
research could apply such methods or combine qualitative and quantitative approaches to
further examine DAC phenomena.
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