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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 

https://www.sciencedirect.com/science/article/pii/S0963868721000391#b0685
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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 
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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 



 Developing Data Analytics Capabilities Through Organizational Learning 
  

 Pacific-Asia Conference on Information Systems, Ho Chi Minh City 2024
 13 

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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