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Jatkuvan integraation (Cl) putkistot ovat keskeinen osa nykyaikaista ohjelmistokehitystd, mah-
dollistaen tiheat koodimuutosten integroinnit, automaattiset testaukset ja sujuvat julkaisut. Vaikka
Cl-putkistot ovat levinneet laajaan kaytt6dn, organisaatiot eivat usein pysty hyddyntdmaan niiden
tuottamaa suurta datamaaraa tehokkaasti. Cl putkien tuottaman datan avulla organisaatiot voisi-
vat paremmin seurata projektien etenemista, etsia tehostettavia kohteita ja tuoda nopeammin
analytiikkaa virheista ohjelmistokehittajille. Heikkolaatuinen ja epdjohdonmukainen data kuitenkin
rajoittaa Cl-putkistojen mahdollisuuksia Big Data -analytiikassa (BDA) ja koneoppimisessa (ML),
mika estaa organisaatioita hyddyntamasta taysimaaraisesti datavetoista paatdksentekoa.

Taman tutkimuksen tarkoituksena oli selvittda, kuinka Cl-putkistoja voidaan parantaa tuotta-
maan korkealaatuista dataa, joka tukee BDA- ja ML-sovelluksia. Tutkimus hyédyntaa Action De-
sign Research (ADR) -lahestymistapaa kehitettdamaan ja testataamaan iteratiivisesti malli Cl-put-
kistojen optimointiin, keskittyen datan kerayksen, rakenteen ja hallinnan parantamiseen. Tutki-
mus toteutettiin todellisessa organisaatioymparistdssa, jossa alustavaa mallia arvioitiin ja kehitet-
tiin jatkuvien kaytannon interventioiden avulla.

Tutkimuksen tulokset korostavat tarkkuuden, taydellisyyden ja validiuden merkitysta tarkeim-
pind datan laatuominaisuuksina BDA:lle ja ML:lle. Keskeisiksi haasteiksi Cl-putkistojen datan
hyddyntdmisessa tunnistetaan epajohdonmukaiset lokimuodot, standardoitujen tiedonkeruume-
netelmien puute sekd vaikeudet integroida Cl-dataa laajempiin analytiikkajarjestelmiin. Naiden
ongelmien ratkaiseminen voi muuttaa Cl-putkistot arvokkaiksi tietoldhteiksi, jotka tukevat enna-
koivaa analytiikkaa, automaatiota ja suorituskyvyn optimointia.

Taman tutkimuksen tuloksena ehdotetaan rakenteellista kehysta Cl-putkistojen datan laadun
parantamiseen, varmistaen, etta keratty data on seka luotettavaa etta kayttokelpoista. Mallin kayt-
téonotto voi parantaa projektinhallintaa, tehostaa virheenjaljitysta ja mahdollistaa analytiikan ja
koneoppimisen tehokkaamman hyddyntadmisen ohjelmistokehityksessa. Vaikka tutkimus perus-
tuu yhteen organisaatiotapaukseen, ehdotettu malli tarjoaa yleistettavia nakemyksia, joita voi-
daan soveltaa eri toimialoilla ja kehitysymparistoissa.
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ABSTRACT

Vesa Jarvimaki: Continuous integration pipelines as an enabler for big data -analytics and
machine learning.
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Continuous Integration (Cl) pipelines have become a fundamental component of modern soft-
ware development, enabling frequent code integrations, automated testing, and streamlined de-
ployments. However, despite their widespread adoption, organizations often fail to leverage the
vast amount of data generated by these pipelines effectively. Data generated by CI pipelines
could be utilized to manage projects, increase Cl effiency and provide more detailed analytics to
developers. But poor data quality and inconsistencies limit the potential of Cl-generated data for
Big Data Analytics (BDA) and Machine Learning (ML), preventing organizations from fully bene-
fiting from data-driven decision-making.

This study investigates how CI pipelines can be improved to generate high-quality data that
supports BDA and ML applications. Using an Action Design Research (ADR) approach, the study
iteratively develops and refines a model for optimizing Cl pipelines, focusing on enhancing data
extraction, structuring, and management. The research is conducted within a real organizational
setting, where a preliminary framework is tested, evaluated, and continuously improved through
practical interventions.

Findings from the study highlight accuracy, completeness, and validity as the most critical data
quality dimensions for BDA and ML. The research identifies common challenges in Cl pipeline
data extraction, including inconsistent logging formats, lack of standardization in data collection
methods, and difficulties in integrating Cl data with broader analytics infrastructures. By address-
ing these issues, organizations can transform their CI pipelines into valuable data sources that
drive predictive analytics, automation, and performance optimization.

As a result, this study proposes a structured framework for improving data quality within Cl
pipelines, ensuring that extracted data is both reliable and actionable. Implementing this model
can enhance project management, improve debugging efficiency, and enable more effective use
of analytics and machine learning in software development. While the study is based on a specific
organizational case, the proposed framework offers generalized insights that can be adapted
across different industries and development environments.

Keywords: Continuous Integration, Data Quality, Big Data Analytics, Machine Learning,
Action Design Research, Software Development
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1.INTRODUCTION

This idea for this research was sparked by a perceived challenge in a target organiza-
tion involved in software development. The organization had complex continuous inte-
gration pipelines that were tracked through generic metrics, but it was perceived that

the existing infrastructure could not provide data with necessary quality and con-

sistency to enable more sophisticated data management practices. This sparked an in
terest in researching and developing ways to improve data collection from these pipe-

lines to provide higher quality data.

1.1 Research background

Continuous Integration (Cl) has become an essential practice in modern software de-
velopment, aimed at improving the quality and efficiency of software projects (Soares
et al., 2022). Cl involves the frequent integration of code changes into a shared reposi-
tory, which is then automatically built and tested helping to identify and address inte-
gration issues early, reducing the risk of defects and enabling a more streamlined de-
velopment process (Soares et al., 2022). In recent years, the importance of Cl has
been amplified by the growing complexity of software systems and the need for rapid
and reliable delivery (Yiran et al., 2018). Cl provides a framework that supports contin-
uous delivery and deployment, allowing teams to deliver new features and updates

faster and more efficiently (Yiran et al., 2018).

The motivation for this research stems from the challenges associated with extracting
valuable data from CI pipelines. Despite the widespread adoption of Cl, there isn’'t
much talk about organizations’ ability to leverage the data generated during the integra-
tion process effectively. This data is believed to hold significant potential for improving
various aspects of software development, including project management, quality assur-
ance, and machine learning applications. In study by Hilton et al. (2017) it is said that
most Cl engineers that participated in the study used the CI output logs for debugging,
and because these output logs can be hundreds of thousands of lines long, this pro-

cess can be very time consuming.

Big Data Analytics (BDA) and Machine Learning (ML) are two fields that could greatly

benefit from high-quality data extracted from CI pipelines. BDA involves analyzing large



volumes of data to uncover patterns, trends, and insights that can drive decision-mak-
ing and innovation (Dai et al., 2019). ML, on the other hand, relies on data to train mod-
els that can make predictions, automate tasks, and enhance software quality (Rana &
Staron, 2015).

However, the effectiveness of BDA and ML is heavily dependent on the quality of the
data. It's possible for poor data quality to lead to inaccurate insights and suboptimal
models, underscoring the need for effective data management practices within ClI envi-
ronments. This research aims to address this gap by exploring methods to improve the
data extraction process from ClI pipelines, ensuring that the data is accurate, relevant,

and useful for various analytical purposes.

The focus of this study is on developing a model that describes how to enhance CI
pipelines to produce higher quality data. By addressing the issues faced by a specific
organization, the research seeks to create solutions that can be generalized and ap-
plied in other contexts as well. This pragmatic approach aligns with the research philos-
ophy adopted in this study, which emphasizes the practical application of concepts to

support action and solve real-world problems.

1.2 Research objective and questions

The primary objective of this thesis is to explore the connection between continuous in-
tegration pipelines and software project data management. With the goal being to im-
prove the extraction of quality data, with a particular focus on project management and
data management purposes. The goal also includes addressing challenges related to
obtaining useful information from CI pipelines within the target organization and to pro-
pose a generalizable model that can be applied across various organizations facing

similar issues.

To achieve this objective, the study will answer the main research question: How can
companies improve their continuous integration pipelines to produce quality
data for data management purposes? This main question is supported by the follow-

ing secondary research questions
1. What defines quality data?

2. What are the most important data quality traits of machine learning and big data

analytics?

3. How can we improve continuous integration pipelines to provide us with more

useful data?



4. Does undertaking the improvement process provide an organization with tangi-
ble benefits that are worth the effort?

To put it simply, this research aims to solve a problem related to the difficulty of extract-
ing useful information from CI pipelines in the target organization. This study is hope-
fully able to solve the issues reported in the target organization and the achieved situa-
tionally specific results can be extrapolated into a more general model that can be uti-

lized by solving problems in other organizations as well.

1.3 Research scope

This study focuses on extracting valuable data from continuous integration (Cl) pipe-
lines for purposes related to data management, machine learning, and project manage-
ment. It is important to note that the scope of this study does not extend to the actual
utilization of the extracted data. While data analytics, machine learning, and other tech-
nologies define the criteria for what constitutes valuable data, this research primarily
addresses these criteria from a data requirements perspective. Consequently, the
study does not delve into the practical applications of the data. Additionally, this re-
search does not serve as a practical guide for implementing Cl improvements. Instead,
its goal is to generate findings that are broadly applicable and not tied to specific tech-

nologies, thereby providing general insights and recommendations.

It's also important to note that even though this study was conducted for a specific or-
ganization and the practical implementation of improvements was tailored to fit it, the

study itself is interested in generic solutions to generic problems. Thus, while rooted in
a particular organizational context, the findings aim to contribute to the broader field of

Cl pipeline optimization, offering valuable guidance for a wide range of settings.

1.4 Research structure

This thesis consists of seven chapters and is structured in the following manner. After
this introduction to the research topic, chapters two and three discuss the existing the-

ory about the subject and define the terms used in the research.

The second chapter delves into the theoretical aspects of software development pro-
jects and explores the application of continuous integration within this context. It dis-
cusses various software development life cycle models and the role of Cl in them, lay-
ing the foundation for understanding how to extract useful data from CI pipelines. In the

third chapter, key concepts such as data, information, knowledge, and wisdom are de-



fined. It also explores data quality from a broader perspective, focusing on the require-
ments set by big data analytics and machine learning for high-quality data. The chapter

concludes with a discussion on extracting quality data from CI pipelines.

After we have explored the existing theory, the fourth chapter explains and justifies the
chosen research design, utilizing the research onion framework. It covers research phi-

losophy, approach, methodology, and strategy.

The fifth chapter explores the empirical part of the study and its results, and the impli-
cations of the findings are discussed in chapter six, reflecting on the research ques-
tions and the limitations and implications of the study. Finally, the seventh and final
chapter sums up the research and lists the study’s contributions and potential for future

research.



2.CONTINUOUS INTEGRATION IN SOFTWARE
DEVELOPMENT PROJECTS

The objective of this chapter is to delve into the theoretical aspects of software devel-
opment projects and explore the application of continuous integration (Cl) within this
context. While the focus of this study does not specifically revolve around best prac-
tices in software development or Cl, it is essential to establish a clear understanding of
the terms employed in it. The chapter first discusses software development projects on
a larger scale, and then the role of Cl systems as its support. Laying foundation to fur-
ther analysis on how to extract useful data from them. As an additional note, this chap-
ter doesn’t aim to discuss how software development or Cl is built in this study’s target

organization, but to discuss the surrounding theory in general.

2.1 Software development life cycle process

Software development can be viewed as a sequence of stages, structured to develop
an intended software product. Software development life cycle (SDLC) process is a
methodology used in software development to create high-quality software products
(Shetty et al., 2023). This life cycle aims to describe the development process from
analysis to maintenance. The steps as described by Garg et al. (2022) are described

below and they are show in the Figure 1.

/ N\

N /

Figure 1. SDLC as described by Garg et al., (2022)



1. Planning: This initial phase involves outlining the project’s goals, scope, pur-
pose, and procedures. It sets the stage for effective software development and

is crucial for project management.

2. Requirements: This step involves collecting detailed requirements from stake-
holders. These requirements define what the software should do and how it

should perform, serving as a guideline for the entire project.

3. Designing: This phase includes both architectural and detailed design. The ar-
chitectural design defines the software's overall structure, while detailed design

focuses on how each component of the software functions internally.

4. Development: During this phase, actual coding of the software takes place. Pro-
grammers write code according to the requirements and design documents pre-

pared in earlier phases.

5. Testing: Once the software is developed, it is tested to ensure it is bug-free and
meets all requirements. This phase involves various types of testing like unit

testing, integration testing, system testing, and acceptance testing.

6. Maintenance: After successful testing, the software is delivered to the customer
or made available to the public. This could involve initial installation and config-

uration of the software in its intended environment.

By following this sequential process teams can ensure that the final product aligns with
stakeholder expectations and functions reliably in its intended environment. This disci-
plined approach not only reduces risks but also enhances collaboration and long-term

maintainability of software systems (Shetty et al., 2023).

2.2 SDLC Models

SDLC process offers us an overview of how software development projects are usually
organized, but in practice this process is implemented and structured in different ways
in different projects. This is where SDLC models come into the picture, giving us a
more detailed view of SDLC process in a more practical environment, with each one of
these models, coming with their own set of characteristics, advantages, and disad-
vantages. These models provide a framework for planning, executing, and managing
software development projects. This section aims to quickly describe the overall char-
acteristics of some of the most popular SDLC models. We will start with the oldest wa-

terfall model and then describe its derivates and other newer models.



The Waterfall Model is a linear and sequential approach to software development and
it is considered to be the oldest SDLC model (Garg et al., 2022). In it each SDLC
phase must be completed before the next phase begins, and there is no overlapping in
the phases (Kazim, 2017). The Waterfall model is straightforward and easy to under-
stand and manage, however, it's less flexible and doesn't easily accommodate
changes during the development process (Garg et al., 2022; Jain, 2011). Even though
Waterfall model is old and sometimes considered outdated it still works well in smaller

projects with more static definitions (Kazim, 2017),

The Iterative Model is a derivative of waterfall model and in the project is divided into
smaller distinct and cascading phases (Jain, 2011). Instead of one big cycle like in the
waterfall model, the iterative model runs the same steps several times for smaller re-
quirement subsets (Kazim, 2017). This allows software developers to review, learn and
take advantage of what was learned during the development of earlier parts or versions
of the system (Garg et al., 2022). This model is more flexible than basic waterfall and
allows for changes based on feedback from earlier iterations, but iterations can accu-

mulate costs and add confusion to the project (Garg et al., 2022).

The V-Model, also known as the Validation and Verification model, is an extension of
the Waterfall model and is characterized by its V-shape (Kazim, 2017). The V-Model
emphasizes the importance of testing and involves several phases where the system
specifications and testing is planned with the development phase (Jain, 2011). It
shares many of the advantages and disadvantages with the waterfall model, but the in-

creased focus on testing can improve development outcomes (Garg et al., 2022).

The Spiral Model combines elements of waterfall and iterative models to a spiral like
loop (Garg et al., 2022). But unlike in iterative model, both planning and deployment
are also included in the loop, which means that spiral model produces a working proto-
type in each one of its loops (Jain, 2011). The model allows for incremental releases of
the product, or incremental refinement through each iteration around the spiral (Jain,
2011). The Spiral Model is particularly useful for large, complex, and high-risk projects,
where requirements are not well defined, but these type of projects are difficult to keep
inside a budged and in schedule, in part due to required expertise and documentation
(Jain, 2011; Kazim, 2017).

The Rapid Application Development model is a significant departure from the other
models in the way it is time driven rather than requirements driven (Jain, 2011). The

Rapid Application Development Model emphasizes quick development and delivery of



high-quality products with low investment costs (Garg et al., 2022). It is a type of incre-
mental model that focuses on the development of prototypes, user feedback, and the
reuse of software components (Kazim, 2017). The model allows for adjustments and
changes to be made during the development process, making it flexible and adaptable
to changes, thus making it best suited for projects that need to be completed in a short

time span (Garg et al., 2022).

The Agile model merges iterative and incremental approaches, focusing on flexibility
and ensuring client satisfaction through the quick delivery of functional software
(Kazim, 2017). In this method, the software is developed in small, manageable incre-
ments, each completed by cycles called iterations. During an iteration, the development
team engages in several of the steps in SDLC process and with the conclusion of each
iteration, a usable version of the software is presented to the customer and stakehold-
ers (Kazim, 2017). The Agile model is distinctive because it treats each software pro-
ject as unique, applying various methodologies tailored to the specific demands of the
project (Kazim, 2017). There are several different methods for agile development, but
all of employ an iterative process that leads to the delivery of a working product at the
end of each cycle, until the until the final version of the software, incorporating all re-
quested features, is completed and delivered (Kazim, 2017). The agile methods are
flexible solutions that offer a realistic approach to software development with opportuni-
ties for early delivery without fixed requirements, but it requires a lot of communication

from customer and tight deadlines can cause problems for example with lack of docu-

mentation and maintainability (Kazim, 2017).

2.3 Continuous Integration as part of SDLC

In the previous section we saw how the SDLC process and defined how different soft-
ware development projects are structured. In this section we will move on the role of
continuous integration as part of this process. Even though continuous integration
doesn’t show up as a separate step in most SDLC models it has become an integral
part of the practical implementation of the development, testing and maintenance steps
and almost a necessity in Agile models that aim for high frequency of changes (Vir-
mani, 2015)

2.3.1 Continuous Integration
Idea of Continuous Integration was first introduced in 1991 by Grady Booch and was

later adopted as one of the core practices of Extreme Programming, an Agile develop-



ment model (Hilton et al., 2016). Cl aims to reduce the cost and complexity of code in-
tegration among developers or teams by making integration a frequent activity (Soares
et al., 2022). The practice requires no more than a few hours between integrations to
encourage shared code and knowledge, thus minimizing the risks associated with

large-scale integrations after extended periods (Soares et al., 2022).

According to Soares et al. (2022) successful implementation of Cl hinges on four es-

sential mechanisms:

Version control system.
Build script.

w N o=

Feedback mechanism.

4. Process for integrating source code changes.
In ClI the mechanism forms a loop where a change in the version control system trig-
gers a build script that sends feedback about the test results and after success the
original change is integrated into the source code managed by the version control sys-

tem.

The adoption of Cl has been increasing over the years and some sources advocate
that Cl is the centerpiece of software development (Duvall, 2007; Hilton et al., 2016).
But even though Cl increased adoption and attention of Cl there is no existing consen-
sus on CI processes, leading to variations in its implementation across different pro-
jects (Soares et al., 2022). Related to this there also exists discussion around the defi-
nitions and relationships between CI, Continuous Delivery (CDE), Continuous Deploy-
ment (CD), and their integration with DevOps, highlighting the lack of a unified defini-

tion of Cl and its practices (Soares et al., 2022).

According to Istifarulah and Tiaharyadini (2023) these terms can be defined in following

manner, they are also visualized in figure 2:

o Cl refers to the practice of frequently integrating code changes into a shared re-
pository. Developers often merge their changes several times a day, and each
integration is verified by an automated build and test process. The primary goals
of Cl are to detect and resolve conflicts early, reduce integration problems, and

ensure that the software is always in a release-ready state.

o CDE then extends ClI by ensuring that the software can be released to production
at any time. It involves automating the release process to make predictable de-

ployments, routine affairs that can be performed on demand.
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o CD takes this even further by automatically deploying every change that passes
the test phase into production. There is no human intervention, and only a failed

test will prevent a new change from being deployed to production.

e DevOps is a set of practices that combines software development (Dev) and IT
operations (Ops), aiming to shorten the systems development life cycle while de-
livering features, fixes, and updates frequently in close alignment with business
objectives. DevOps is not only about automation but also about integrating de-
velopment and operations teams culturally and technically. Cl, CDE and CD are

usually included in the Dev part of DevOps.

Continuous integration

Acceptance Deploy to Deploy to
Auto Auto Auto M;ﬁim Auto

Continuous delivery

Acceptance Deploy to Deploy to
m PrOdUCﬂOh smOke Tes‘
Auto Auto Auto Auto Auto

Continuous deployment

Figure 2. Cl, CDE and CD as described by Istifarulah & Tiaharyadini (2023)

But other perspectives define these practices as less sequential and see Cl in a more
holistic view, in which Cl incorporates both CDE and CD (Fitzgerald & Stol, 2017).
These differences in the definitions lead to countless different implementations and Cl
practices (Soares et al., 2022). This paper uses, when talking about Cl, the definition
offered by Istifarulah and Tiaharyadini (2023) in which Cl is seen as simpler and se-

quential part of automated delivery pipeline.

2.3.2 Benefits of Ci
The adoption of Cl is driven by the perceived benefits provided by it. According to Ela-

zhary et al. (2022) Cl has many claimed benefits, but that these are project contextual
and differ between implementations. But in general, some overall benefits can be seen
across different implementations. One of the primary benefits being the provision of im-
mediate feedback, allowing developers to quickly identify and resolve issues in their
code. This immediate feedback loop fosters a collaborative environment, as team
members are encouraged to integrate their code frequently, ensuring that everyone is
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working with the latest version and reducing the likelihood of integration conflicts (Rossi
et al., 2016). Cl also contributes to improved code quality through the integration of au-
tomated testing frameworks, by running tests with every integration, potential bugs are
caught early, ensuring a high standard of code quality is maintained and this early bug
detection not only reduces the cost and effort required to fix issues but also enhances
the overall stability and reliability of the software (Vasilescu et al., 2015). Furthermore,
Cl reduces integration problems by minimizing the risk of complex merge conflicts and
frequent integration allows for smaller, incremental changes to be reviewed and inte-
grated seamlessly, improving the efficiency of code review processes (Yangyang Zhao
et al., 2017). This streamlined approach to development facilitates faster and more reli-
able release cycles, as automated build processes ensure consistent and reproducible
builds across different environments (Yangyang Zhao et al., 2017). In addition to these
benefits, Cl can also enhance security with regular integration and testing helping to
identify and mitigate security vulnerabilities early in the development process, contrib-

uting to a more secure codebase (Elazhary et al., 2022).

2.3.3 Challenges and limitations of Cl

Despite the aforementioned clear advantages of Cl in modern software development,
its implementation and maintenance can still come with numerous challenges and limi-
tations. Understanding these obstacles is essential for organizations looking to fully lev-
erage Cl’s potential. This section outlines the technical, organizational, and inherent

constraints that may impact the successful adoption of Cl in various settings.

Implementing and working withing CI necessitates a cultural shift within development
teams, as the approach demands new workflows, close collaboration, and a commit-
ment to rapid feedback. And it has been identified that challenges related to the devel-
oper mindset play an important role when transitioning to Cl (Debbiche et al., 2014).
Developers often get used to working in a certain way and in environments where de-
velopers are unaccustomed to frequent integrations or where established workflows
are highly individualized, CI can encounter resistance (Debbiche et al., 2014). Shahin
et al. (2017) also note that many studies have identified change resistance as a barrier
against continuous practices, but this can be reduced by presenting convincing rea-
sons for changes. Teams may be reluctant to adopt practices that enforce more strin-
gent coding standards or automated testing, particularly when these practices are per-
ceived as disruptive to established workflows. The adoption of Cl can also increase
stress as the result of requiring more continuous updates and the continuous reviewing
of changes by others (Debbiche et al., 2014; Shahin et al., 2017). This is why adopting

ClI requires organizations to invest in training and ongoing support to help developers
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and other team members understand the benefits of Cl and adapt to new processes,
but this transition period can be lengthy, especially for teams with entrenched work-

flows or for organizations with limited resources to devote to training.

One of the primary challenges organizations face with Cl implementation lies in the
complexity of infrastructure, technologies and setup requirements. According to Shahin
et al. (2017) several studies have identified the limitations of existing tools and technol-
ogies to be an inhibitor of establishing CI practices. For example, existing tools can be
inefficient in providing feedback from the tests run in Cl. Debbiche et al. (2014) report
that for example most code review tools are not equipped to provide user a view of the
bigger picture, but instead only provide feedback about small singular changes. An-
other potential problem is related to cloud applications that use external resources, as
any delays or downtime in the service will immediately affect the continuous pipelines
(Shahin et al., 2017). And similar issues in on-site solutions will cause similar problems,
which means that implementation of Cl puts more pressure on maintaining IT infra-

structure.
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3.QUALITY AND VALUE OF DATA FROM THE
POINT OF VIEW OF BIG DATA -ANALYTICS
AND MACHINE LEARNING

One potential benefit, one that doesn’t get much attention in many of these studies,
and the subject of this study is the utilization of Cl generated data for data analytics
and machine learning. This could potentially provide additional benefits, for example in
the measurability of software development projects and further improve detection of
problems. In the next section we look into the requirements for data to enable utilization

of these technologies.

In order to answer this study’s main research question of how to improve ClI pipelines
in order to extract useful, high-quality data from them we will first need to define what
qualifies as quality data. In this chapter we will start with the basics and define data, in-
formation, and knowledge, then move on to evaluating data quality from a wider point
of view and then finally move on to evaluating requirements created by machine learn-

ing and data-analytics.

3.1 Data, information, knowledge, and wisdom

In the software development context, terms like information and data, are often utilized
to mean different things, so it's important for us to define what these terms mean in the
context of this study. One of the most fundamental models in information and
knowledge literature is the data—information—knowledge—wisdom hierarchy (DIKW) of-
ten referred as the ‘Knowledge Pyramid’ (Rowley, 2007). In this model data, infor-
mation, knowledge, and wisdom are not synonymous, but instead have separate, well
defined meanings, that form a hierarchy from data to wisdom, with understanding,
meaning, and value increasing with every step on the way. An example of a simple

data-information-knowledge pyramid is shown in figure 3.
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Knowledge

Figure 3. Data-Information-Knowledge-Pyramid adapted from Hoppe et al.,
(2011)

According to Dickerson (2022) the bottom step of the pyramid, data, can be defined as
discrete, unprocessed raw set of values. Information, although frequently used inter-
changeably, is data endowed with additional meaning provided by its context (Dicker-
son, 2022). So, for example a simple set of numbers like 56, 70, 89 would be a set of
data, but knowing that they would be the weights of certain three people, measured in
kilograms, would elevate the data into information. Knowledge is harder to define as it
doesn't exist in isolation, but it can be defined in terms of information, as the ability to
transform information into instructions (Dickerson, 2022). Knowledge can exist in ex-
plicit and tacit forms, but always at least partially tied to context and understanding
(Dickerson, 2022).

You might notice that this version of the Knowledge Pyramid is missing the often in-
cluded concepts of wisdom and understanding. Rowley (2007) notes that many books
on the subject tend to skip defining wisdom, despite its usual position at the top of wis-
dom hierarchy, which might be due to its elusive nature and how separated it is from
information systems. And because this study is only concerned about extracting infor-
mation and knowledge from Cl system data, we are also going to skip defining wisdom

as it falls outside the scope of the study.

3.2 Data life cycle

Data life cycle is a model describing common phases of data in a project in a compara-

ble way to how SDLC models the phases of software development. These models can
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help organizations plan and follow the data utilized by them. Figure 4 shows a data life

cycle model as described by Riegg et al. (2014).

Integrate . Traditional Project

Data re-use

Clasing the
dzta life cycle

o

Collect

Publish | s

Figure 4. Data life cycle as described by Riiegg et al. (2014)

This model consists of two sections, a traditional project phase and data re-use phase.
The traditional project phase includes planning and executing data collection, ensur-
ing data quality, and analyzing data (Ruegg et al., 2014). Here you define objectives
and requirements, collect data according to the plan, use the methodologies described
in the above sections to evaluate data quality and finally use the data in analysis. Ac-
cording to Riegg et al. (2014) many lifecycles end after this phase, after the analysis
results have been successfully utilized, the data is often forgotten in some storage and
sometimes even completely lost. But full data lifecycle should also contain data re-use
phase. To enable data reuse the data should be described and preserved after it has
been utilized (Riegg et al., 2014). This means associating the data with metadata sum-
marizing the means and purpose of the data, after which it’s preserved by publishing it
to some accessible location, like cloud storage, from which it can be accessed later on.
Completing these steps will enable the second half of the data lifecycle process, includ-
ing discovery, integration and analysis of the re-used data, which allows the data to re-
tain value even after the associated project is over (Ruegg et al., 2014). With the com-
plete data life cycle, data does not have a clear lifespan, but instead its constantly inte-
grated with new data. This way the old data can be used as a basis for planning re-

quirements for new data collection and analysis.
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Hassenstein and Vanella (2022) argue that even though quality assessment, as de-
scribed in section 3.2, is an individual step in the data life cycle, quality investigations
and considerations are advisable at every step of the life cycle. Actions ensuring data
quality should be taken during every data collection and usage step, and for example
its often easier to make sure that the collected data has high quality instead of fixing is-
sues later on after the quality assurance. This is why Hassenstein and Vanella (2022)
recommend quality ensuring activities to be part of comprehensive data quality man-
agement process that promotes constant monitoring and assessment during the entire

data life cycle.

The model offered by Riegg et al. (2014) is not the only way to model data life cycles.
Alaimo and Kallinikos (2024) have created data life cycle model that emphasizes differ-
ent parts of data usage in organizations, which consists of data making, which leads to
knowledge objects of made of data and finally data use. Figure 5 shows and a simpli-

fied example of this model.

Knowledge objects
made of data

N

Figure 5. Data life cycle adapted from Alaimo & Kallinikos (2024)

According to Alaimo & Kallinikos (2024) data is often made instead of just being simply
collected from some source, which is highlighted in their models initial stage which in-
volves the creation of data, instead data collection. According to them data is often
crafted through complex and distributed efforts. Alaimo and Kallinikos (2024 ) highlight
that many digital data are native to online environments and result from user interac-

tions designed to align with the operational needs of platforms. They emphasize that
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data reuse and repurposing are integral to data making, requiring organizations to
reimagine data roles and develop capabilities to integrate these operations with exist-
ing practices. In the second phase of data life cycle consists of, aggregated data being
transformed into structured entities known as "data objects" (Alaimo & Kallinikos,
2024). These objects, such as customer profiles or credit scores, are formed by organ-
izing data under specific schemas or structures, enabling new forms of knowledge cre-
ation, and facilitating novel social interactions and organizational practices. The final
stage involves the application of data objects in diverse contexts, including their com-
modification in the market (Alaimo & Kallinikos, 2024 ). Data objects function as coordi-
native devices that structure organizational operations and shape relationships be-
tween economic actors. Alaimo and Kallinikos (2024 ) note that data commodities differ
from traditional commodities in that they are perpetually unfinished, continuously up-
dated with new data, and constantly performing specific functions. This dynamic nature
necessitates recontextualizing and tailoring data objects in real-time to meet specific

commercial needs.

3.3 Data quality

In a literature review conducted by Haug (2021) it is noted that data quality has no
clear definition, but it's generally accepted that it's a multidimensional concept consist-
ing from different data quality dimension, and Haug was able to identify 110 unique di-
mensions from the studies evaluated in the review. There doesn’t exist a common
standard for which data quality dimension to use which is why researchers and practi-
tioners need to pick a set of classifications they feel match their use case for evaluating
data quality. Some of the most commonly used dimensions as identified by Hassen-

stein and Vanella (2022) are presented below:

1. Accuracy: Accuracy measures the degree of conformity of data to the facts or to
the correct values. It is calculated by comparing the number of accurate records
to the total number of records. For instance, the accuracy of phone numbers in
a population register can be calculated by the percentage of confirmed numbers

versus the total listed.

2. Accessibility: Accessibility or availability is related to the ability of the user to ac-
cess data with the skills and technologies available. The more accessible the

data, the less blocks there are between the user and the data.

3. Completeness: This refers to the presence of all expected and required data.

Completeness is quantified by comparing the number of available records to the
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number expected, generally resulting in a percentage. This dimension also con-

siders whether the data resolution is sufficient for its intended use.

4. Consistency: Consistency looks at whether data are free from contradiction and
follows established rules or formats. It can be quantified by examining the pro-
portion of data that adheres to these standards. For example, ensuring dates

are formatted consistently in a dataset.

5. Currentness refers to how up-to-date data are in relation to the needs of a spe-
cific task. It can often be assessed qualitatively. For example: a dataset of bird
observations from the summer of 1969 is likely not suited for estimating bird

populations in the year 2022.

6. Relevancy: Relevance determines how well data meets the expectations and
requirements of the user. This is typically assessed qualitatively, sometimes us-

ing a scorecard to determine how well the data serves the user's needs.

7. Timeliness: This dimension measures the appropriateness of the data for the
intended use, as well as the lag between an event occurring and the data being
recorded. For example, the timeliness of address entries in a register could be

quantified by the time lag between data collection and data entry.

8. Validity: Validity assesses whether the data conform to the required formats and
rules established for them. It's similar to accuracy but focuses on adherence to

specific data standards and rules.

Alternative studies like the one conducted by Cai & Zhu (2015) further divide these di-

mensions into smaller data quality elements, for example the data quality dimension of
reliability consists of the following elements: accuracy, consistency, integrity and com-

pleteness. These elements are then assigned their own indicators, for example the in-

dicators for accuracy include the reflection of data to source information and lack of

ambiguity.

Whatever data quality dimensions are chosen their values need to be assessed for
them to be actually usable. According to Batini & Scannapieco (2016) data quality as-
sessment can be split into objective and subjective methodologies, with objective meth-
odologies using math like the percentage of null values and subjective methodologies
using human assessment. They argue that the usual process followed in assessment

methodologies has 3 main activities:
1. Relevant dimensions and metrics are chosen and then measured

2. Subjective assessment is conducted by experts
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3. Objective and subjective results are compared

Depending on the type of data and the dimension that is measured objective and sub-
jective measurements are preferred, for example accuracy is typically easy to evaluate
mathematically whereas relevancy is best analyzed by a human, which is why assess-
ment should mix both subjective and objective measurements. Figure 6 presents one
way to conduct data quality assessment as presented by Hassenstein and Vanella
(2022).

Definition of acceptable
values

Application of DQ

dimensions

Evaluation of results

Figure 6. Data quality assessment steps reproduced from Hassenstein and
Vanella (2022)

According to Hassenstein and Vanella (2022) data quality assessment starts from data
selection, where you select the variables or sections of the data you want to evaluate.
After selection you want to select the dimensions that you evaluate and weigh their im-
portance according to the use case. In the third step you define the acceptable values
for data, so any outliers can be easily spotted during the analysis. After the dimensions
and values are defined, they are applied to the data and the assessors give values for
the dimensions. After the results are available, they are evaluated, and potential cor-

rections and counteractions can be implemented to fix data quality issues.
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3.4 Data management

At its simplest, data management includes the management of data, information repre-
sented in a formalized manner suitable for communication, interpretation and pro-
cessing (Gordon, 2007). This broadest available definition basically includes everything
an organization or a person can do with data, but as a formal term data management is
normally associated with the provision of organizational service (Gordon, 2007). In this
paper data management is used to mean a comprehensive discipline encompassing a
range of practices, policies, and procedures designed to manage data as a critical re-
source inside an organization. At its core, data management involves the systematic
collection, organization, storage, maintenance, and use of data to support informed de-
cision-making, operational efficiency, and strategic planning (Dhudasia et al., 2023).
This means that one way to look at data management in organizations is to see it as
the force making sure that the data life cycle process keeps on cycling. Data manage-
ment also aims to uphold data quality by providing guidelines and standards for data
handling data management seeks to create a reliable information foundation that un-
derpins organizational processes and decisions (Gordon, 2007).

Effective data management requires a clear and structured approach, generally sup-
ported by policies that dictate data governance. Data governance policies establish
who owns and manages the data, as well as how data should be categorized, pro-
tected, and archived (Khatri & Brown, 2010). An example by Khatri and Brown (2010)
say that data governance includes establishing who in the organization holds decision
rights for determining standards for data quality, whereas data management involves
determining the actual metrics employed for data quality.

One of the foundational elements of data management is data modeling, which entails
defining the structure of data and its relationships within an organization (Gordon,
2007). Data models serve as blueprints that represent data structures and are essential
in organizing information within databases, enabling clear data relationships and effi-
cient data retrieval (Lemahieu et al., 2018). Through data modeling, organizations can
design data storage solutions that reflect their unique data requirements and opera-
tional workflows, ensuring data accessibility and compatibility across different systems
(Lemahieu et al., 2018).

3.5 Data quality in Big Data analytics

In the previous sections, we discussed the general definition of data quality. However,
as this study focuses on data as an enabler for big data analytics and machine learn-

ing, we will now examine the specific data quality requirements for these technologies.
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In this section we will first define these technologies and then move on to analyzing ex-
isting theory on data requirements and see if they have additional requirements differ-

ing from generic quality dimensions.

3.5.1 Big data and big data analytics

Big data, lacks a clear universal definition, but most common way of defining big data is

the so called three V’s. (Berman, 2013) define them as:
4. Volume: Large amounts of data

5. Variety: The data comes in different forms, including traditional databases, im-

ages, documents, and complex records

6. Velocity: The content of the data is constantly changing, through the absorption
of complementary data collections, through the introduction of previously ar-
chived data or legacy collections, and from streamed data arriving from multiple

sources

By this definition big data can be seen as a dataset that is so large and varied that han-
dling it by traditional means and using simple data processing software. For example,
the output from an organization’s Cl pipeline could be big data by this definition, as
they generate tons of changing data that cannot really be analyzed without using so-
phisticated tools meant for that purpose. But many recent studies on the subject argue
that these themselves aren’t enough to define big data, and many identify additional
“V’s” or big data traits. Ali-ud-din Khan et al. (2014) for example use four additional V’s

to define big data:

7. Veracity: Veracity is the issue of uncertainty about truthfulness of captured data

due to lack of trust in data sources.

8. Validity: Somewhat similar to veracity, but veracity of data means the correct-
ness of data with regard to the intended usage. Even if the data is correct, it

might not be useful if misunderstood or used for the wrong purpose.

9. Volatility: Volatility refers to the lifetime of data. Many forms of data can have a
limited lifespan, and this refers to the problem of handling outdated data in the

large datasets.

10. Value: This can be seen as the desired outcome of Big Data processing. This
highlights the importance of Big Data bringing value to the organization utilizing
it.
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These additional V’s highlight the role of Big Data as a useful resource. Instead of Big

Data just being a large amount of data, it is defined as a large amount of data that is

actually useful for organizational value generation. Some studies have identified even

more defining features for Big Data, and for example Bansal et al. (2021) have identi-

fied 13 different V’s in their survey, but it this paper Big Data is defined using these

seven V’s with the focus on using it to generate value for organizations,

Big data doesn’t provide any value to organizations in a vacuum, which is why the term

is often utilized in the context of big data analytics (BDA), a process which turns big

data into meaningful insights (Gandomi & Haider, 2015). An example of BDA life cycle,

as described by Dai et al., (2019) is shown in figure 7.
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Figure 7. BDA life cycle adapted from Dai et al. (2019)

According to Dai et al., (2019) a typical BDA life cycle consists of:

1.

Data acquisition. The first step consists of data collection and data transmis-
sion. It involves collecting raw data from various data sources with dedi-
cated data collection technologies and then transmitting it to the data stor-

age system via wired or wireless networks.

Data preprocessing. After collecting raw data, the raw data needs to be pre-
processed before keeping it in data storage systems because of the big vol-
ume, duplication, and uncertainty features of the raw data. This includes

data cleaning, data integration, and data compression.

Data Storage: Data storage involves the processes and technologies used
to store and manage large volumes of data. This system is composed of two
primary layers: the storage infrastructure and the data management soft-
ware. The storage infrastructure includes not only the storage devices them-
selves but also the network devices that interconnect with them. Alongside
these networked storage devices, data management software plays a cru-

cial role in the overall data storage system.
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4. Data Analytics: In this phase, a variety of data analytics techniques are em-
ployed to derive meaningful insights from extensive data sets. These tech-
nigues can be broadly classified into three categories: descriptive analytics,
predictive analytics, and prescriptive analytics. With descriptive analytics de-
scribing what has happened, predictive analytics try to figure out what is go-
ing to happen in future and prescriptive analytics extending the results to

make the right decisions.

The BDA process can help organizations to generate value and competitive advantage,
by generating valuable knowledge resources by utilizing customized BDA applications
with proprietary data resources (Dahiya et al., 2022). According to Dahiya et al. (2022)
this access to high quality proprietary data, for example one acquired from ClI pipeline,

is an important requirement for sustainable competitive advantage.

3.6 Machine learning

Machine learning (ML) is a subset of artificial intelligence (Al) that involves the develop-
ment of algorithms and statistical models enabling computers to perform tasks by
learning from data rather than being explicitly programmed (Chopra, 2023). This field
allows machines to improve their performance on tasks based on historical, present,
and future data, drawing from various disciplines such as computer science, statistics,
cognitive science, engineering, and mathematics (Chopra, 2023). ML algorithms are of-
ten split into three different categories: supervised, unsupervised and learning algo-

rithms. Figure 8 shows classification of different machine learning methods.
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Figure 8. Machine learning methods adapted from Badillo et al. (2020)
3.6.1 Supervised learning

Supervised learning is a foundational paradigm in ML, where the goal is to learn a

mapping function from input variables, known as features, to output variables, known
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as labels, using a labeled dataset (Alloghani et al., 2020).

This technique is widely utilized in tasks where historical data with known outcomes is
available, enabling predictive models to generalize patterns for unseen instances (Ba-
dillo et al., 2020). According to Badillo et al. (2020), there are two main categories of

supervised learning:

1. Regression: Used for predicting continuous-valued outputs (e.g., house

prices, stock market trends). Uses numerical labels.

2. Classification: Used for predicting discrete categories (e.g., spam email

detection, disease diagnosis). Uses categorial labels.

These categories can be further broken down into different learning methods. Some

examples of the most common supervised learning methods are explained below.

Linear Regression: The simplest regression model uses the relationship between in-
dependent variables and a dependent variable using a linear equation. Linear regres-
sion predicts outcomes based on the weighted sum of input features, where weights

are optimized to minimize the difference between predicted and actual values.

Support Vector Machines (SVM): Similar to all regression methods, the objective of
SVR is to postulate a function on the inputs that can help estimate for the observed
output (Badillo et al., 2020). SVM is designed to minimize classification error by using
supporting vectors that create margin between the different classes, with the idea that
this margin is maximized during training (Kolosova, 2021). One downside to this pro-
cess is the fact that this requires calculation of these additional vectors. This highlights
the generic problem in ML, that using methods to minimize errors usually increases the

requirements for computational resources.

Decision Trees and Random Forests: Decision trees are an essential building block
for many ML algorithms (Badillo et al., 2020). Decision trees operate by recursively par-
titioning the data based on feature values, creating a tree structure where each internal
node represents a decision based on a feature threshold, and each leaf node repre-
sents a predicted outcome (Badillo et al., 2020). While straightforward and interpreta-
ble, decision trees are prone to overfitting, particularly with complex datasets (Badillo et
al., 2020). To mitigate this, ensemble methods like Random Forests combine multiple
decision trees, often trained on different subsets of the data and features, to produce
more robust predictions (Badillo et al., 2020). The final output is typically determined by

averaging (for regression) or voting (for classification) across all trees. Gradient
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Boosted Decision Trees represent another advancement, where trees are built sequen-
tially, and each new tree focuses on correcting errors made by previous ones (Badillo
et al., 2020).

Neural Networks: The neural network method was created as an attempt to mimic the
way humans process and store information (Kolosova, 2021). Neural networks consist
of layers of interconnected nodes, or "neurons," that process data iteratively through
weighted connections (Badillo et al., 2020). Each neuron applies an activation function,
introducing non-linearity into the model. A neural network learns by determining the
number of neurons and adjusting the weights for the connections (Kolosova, 2021).
This process uses a training dataset composed of input— output pairs and tries to find a
function that produces the outputs based on the given inputs. This training typically in-
volves large datasets and requires significant computational power (Badillo et al.,
2020). Neural networks can be either fixed or dynamic. Fixed networks become set af-
ter the initial learning phase is completed, but dynamic networks keep on adjusting the

values based on the input data (Kolosova, 2021).

Supervised learning is integral to various domains, including healthcare, finance, and
natural language processing (Alloghani et al., 2020). But despite its versatility, super-
vised learning requires large amounts of labeled data, which can be expensive and
time-consuming to obtain (Kolosova, 2021). Additionally, models are prone to overfit-
ting if not properly regularized, limiting their ability to generalize to unseen data (Ko-
losova, 2021). Addressing these challenges necessitates robust data preprocessing,

feature engineering, and model validation techniques.

3.6.2 Unsupervised learning
Whereas supervised learning is taught with labeled data, unsupervised learning deals

with unlabeled data instead. The model tries to learn the underlying structure of the
data without explicit instructions on what to predict (Alloghani et al., 2020). According to
Alloghani et al. (2020) the unsupervised learning methods can be roughly split into two

groups: clustering and dimension reduction.
1. Clustering: Used to group similar datapoints together

2. Dimension reduction: Aims to reduce the number of variables under con-

sideration

These categories can be further broken down into different learning methods. Some

examples of the most common unsupervised learning methods are explained below.
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K-means: This simple clustering method uses the distance of each datapoint from the
cluster center to assign them to the nearest cluster, and then updates the cluster center
based on the newly assigned datapoint (Naeem et al., 2023). The advantage of this
method is mainly its speed which makes it good for dealing with large datasets (Naeem
et al., 2023). But this comes with the disadvantage that for to be able to execute the
analysis you need to know the amount of cluster beforehand, also the input order of
data affects the initial cluster formation, which introduces randomness to the method
(Naeem et al., 2023).

Hierarchical clustering: This clustering method builds a hierarchy of clusters, for ex-
ample in neighbor joining the pairwise distances of all data points are calculated and
then closest distances are grouped together (Badillo et al., 2020). But this same clus-
tering can be taken further to reduce the number of clusters produced. Because this
method calculates distances between all datapoints its much slower than K-means
clustering for example which limits in useability with large datasets (Naeem et al.,
2023).

PCA: Principal component analysis is a dimension reduction method that reduces the
dimensions of big data sets while still retaining most of the information, it uses simple
linear algebra that is fast to compute even for large amounts of data (Naeem et al.,
2023). Reducing dimensions helps computers by making calculations faster and hu-
mans by making the data easier to understand, but like with any dimension reduction

method the loss of information is unavoidable (Naeem et al., 2023).

Whereas supervised learning is often used to make predictions, unsupervised learning
is used to explore data and find insights from it. Applications of unsupervised learning
include customer segmentation in marketing, anomaly detection in network security,

and gene expression analysis in bioinformatics (Alloghani et al., 2020).

3.6.3 Reinforcement learning
Reinforcement learning involves training an agent to make sequences of decisions by

rewarding it for good actions and punishing it for bad ones. This type of learning is par-
ticularly useful in scenarios where an agent interacts with an environment, such as ro-
botics, game playing, and autonomous driving (Krichen, 2023). The agent learns to
maximize cumulative rewards over time, effectively improving its performance through
trial and error. Reinforcement learning has been successfully applied to optimize sup-
ply chain logistics, develop sophisticated game-playing algorithms and create adaptive

control systems in various industries (Krichen, 2023).
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According to Sutton and Barto (2018), reinforcement learning methods can generally

be categorized into two main groups: model-free and model-based methods.

1. Model-free methods: These do not rely on a model of the environment and

learn directly from interaction.

2. Model-based methods: These involve creating a model of the environment to

simulate potential outcomes and plan actions accordingly.

Q-learning: a model-free reinforcement learning algorithm that learns a value function
to estimate the expected utility of taking a given action in a particular state. The agent
iteratively updates the Q-values based on the Bellman equation, allowing it to learn op-
timal policies over time (Watkins & Dayan, 1992). The advantage of Q-Learning is its
simplicity and ability to handle environments with discrete states and actions. However,
it struggles with scalability for environments with high-dimensional state or action
spaces (Mnih et al., 2015).

Deep Q-Networks (DQN): DQN extends Q-Learning by incorporating deep neural net-
works to approximate Q-values for complex environments with continuous or high-di-
mensional states (Mnih et al., 2015). This method leverages techniques such as expe-
rience replay and target networks to stabilize learning. While DQN has proven highly
effective in tasks like playing video games, it requires significant computational re-

sources and careful tuning of hyperparameters (Mnih et al., 2015).

Policy Gradient Methods: Policy gradient methods directly optimize the policy, a map-
ping from states to actions, by maximizing the expected cumulative reward (Sutton et
al., 1999). Unlike value-based methods, policy gradient approaches can handle sto-
chastic policies and continuous action spaces. The advantage of this method is its flexi-
bility in solving a wide range of tasks, but it can suffer from high variance and slower

convergence (Sutton et al., 1999).

Actor-Critic Methods: Actor-critic methods combine value-based and policy-based
approaches by maintaining two separate components: an actor, which selects actions,
and a critic, which evaluates the quality of the actor's actions (Konda & Tsitsiklis, 2003).
This hybrid approach helps to reduce variance in policy gradient methods while retain-
ing their advantages. However, these methods can be more complex to implement and

require balancing between the actor and critic components.

While reinforcement learning has demonstrated remarkable success in certain do-
mains, it also comes with challenges such as sample inefficiency, difficulty in designing

reward functions, and lack of interpretability in learned policies (Sutton & Barto, 2018).
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Despite these hurdles, ongoing advancements in algorithms and computational power

continue to push the boundaries of what reinforcement learning can achieve.

3.7 BDA and ML data quality requirements

In this chapter, we have explored the basics of ML and BDA on data quality; this sec-
tion aims to dig deeper into the data quality requirements of these two technologies.
Table 1 highlights the most relevant dimensions of data quality necessary for enabling
BDA and ML, along with the corresponding studies that have identified their signifi-
cance. The sections 3.7.1 and 3.7.2 present the findings of these studies in more de-
tail. This overview on to the data quality requirements shows us that from the data
quality dimensions identified by Hassenstein and Vanella (2022), accuracy and com-
pleteness are seen as the most important dimensions for ML and BDA. Currentness,
accessibility and validity show up in some studies, but not as frequently. Finally, con-
sistency, relevancy and timeliness dimensions were not mentioned by any studies.
While this review wasn’t exhaustive, it prods us towards focusing on accuracy and

completeness of data when trying to improve the data quality for ML and BDA.

Table 1. Most relevant data quality dimensions for enabling BDA and ML
Data quality dimension Source and related technology
Accuracy Corte-Real et al. (2020) — BDA

Chen et al. (2021) — ML
Mohammed et al. (2024) — ML
Fosso Wamba et al. (2019) - BDA

Accessibility Wook et al. (2021) - BDA

Completeness Corte-Real et al. (2020) — BDA
Chen et al. (2021) — ML
Mohammed et al. (2024) — ML
Fosso Wamba et al. (2019) - BDA

Consistency

Currentness Corte-Real et al. (2020) — BDA
Fosso Wamba et al. (2019) - BDA

Relevancy

Timeliness

Validity Chen et al. (2021) - ML

3.7.1 BDA data quality requirements

If organizations want to utilize big data analytics to generate competitive advantage,
they will first need to make sure that any proprietary or open data actually meets data

quality requirements for meaningful analysis. The inherent qualities of big data provide
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challenges in data quality analysis, as identified by Cai and Zhu (2015) the big propor-
tions of unstructured data cause problems for maintaining high data quality. In this sec-
tion we will discuss the existing theory on which data quality dimensions have the most
direct impact on BDA process. The results are also displayed in table 1 with corre-

sponding studies mapped to the most important data quality dimensions identified in it.

Study by Cérte-Real et al. (2020) studied the effects of data quality on organizations
BDA capabilities and identified that data quality has significant positive impact on BDA.
They studied the effects of completeness, accuracy, and currency with each of these
DQDs having a strong correlation with successful BDA. Wook et al. (2021) mapped big
data traits and their relations to data quality dimensions and found out that accessibility
has a significant influence on BDA application, but didn’t find any correlations with
other quality dimensions. This result could however have been caused by the study be-
ing based on a survey conducted to university students. Fosso Wamba et al. (2019)
found out in their study that BDA information quality is reflected by the DQDs of com-
pleteness, currency, and accuracy. Their analysis concluded that these data quality di-

mensions have a positive impact on company performance and business value.

3.7.2 ML data quality requirements

According to Gong et al. (2023) data quality is a crucial aspect of ML and the success
ML models heavily relies on the quality of the dataset used to train and evaluate the
them, and the saying “garbage in, garbage out” emphasizes the importance of using a
high-quality dataset in machine learning. In this section we go through existing theory
about the requirements for data to be able to be used effectively for machine learning
and which data quality dimensions are most important for ML. The results are also
shown in table 1 along with BDA results, with corresponding source mapped to the

most important dimensions identified in it.

Chen et al. (2021) identified three data quality attributes which were the most important
to deep learning: comprehensiveness, correctness, and variety. According to them
comprehensiveness means that a dataset contains all representative samples from the
population, which is important as especially deep learning models require millions of
parameters and need a large amount of data to train them. Their definition can be seen
synonymous with the completeness as defined by Hassenstein and Vanella (2022). Ac-
cording to Chen et al. (2021) correctness of data, meaning the fact that a record in a
dataset is accurate and valid, is important for ML algorithms to reduce data noise. Mis-

takes in training data a repeated in the final mode. The final attribute identified by Chen
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et al. (2021) is variety, meaning that any datasets used in training should be a repre-
sentative of the entire population. This attribute can be seen as being part of complete-

ness dimension.

Mohammed et al. (2024) tested the effects of completeness, accuracy and uniqueness
on ML algorithms. They learned that compromising completeness of training data af-
fects the models, but that this can be mitigated by training the model with data that is
also missing data, but non the less completeness has a noticeable effect on model per-
formance. Accuracy of the data also had an impact on model performance, but perfor-
mance loss starts to only have a noticeable negative effect after more than 20% of en-
tries are inaccurate. Data uniqueness, meaning data that doesn’t have duplicate values

and data consistency, had negligible effect on performance.
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4. RESEARCH DESIGN

This chapter aims to explain and justify the chosen research design for this thesis. The
thesis was designed with the help of the research onion as described by Saunders et

al. (2019). In this chapter we will go through the research onion and explain my choices
for the design. The research onion, with the choices made in this study, is shown in fig-

ure 9 below.

\ e v
Approach

v

Time horizon

\

Action
Qualitative Abduction

Data Cross- desgin
collection sectional research

Figure 9. Research onion adapted from Saunders et al. (2019)

The research onion consists of layers which help you to formulate your research by go-
ing through the layers starting from the outermost layer of choosing the research phi-
losophy and moving on through choosing the research approach, methodology, strat-
egy, and time horizon, with the final layer being the data collection and data analysis.

The following sections explain each of the choices made for this research.

4.1 Research philosophy

According to Saunders et al. (2019) research philosophy as a concept refers to a sys-
tem of beliefs and assumptions about the development of knowledge. Whether you are

consciously aware of your assumptions and beliefs or not, they shape the way you un-
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derstand your research questions, methods you use and how you interpret your find-
ings (Saunders et al., 2019). Which is why it's preferred to make a conscious effort to

understand and document these beliefs and assumptions that affect your research.

This study adopts the research philosophy of pragmatism, as described by Saunders et
al. (2019), which asserts that concepts are only relevant where they support action.
Saunders et al. (2019) say that researchers that have adopted pragmatic research phi-
losophy are more inclined to get on with their research and trying to make a difference
to organizational practice, instead of battling with different philosophical assumptions.
Pragmatists start with a problem, and aim to create a practical solution for it, even if it
would mean utilizing several different types of knowledge or methods (Saunders et
al.,2019). This research philosophy was adopted in this study, because at the center of
this research is a practical problem in a specific organization that this research aims to

solve and then expand the findings into a more general model.

4.2 Research approach

Next layer of the “research onion” as described by Saunders et al. (2019) is the re-
search approach, for which they list three possible approaches: Deduction, Induction
and Abduction. In deductive research you start with theory, with the goal of the study
being verifying or falsifying the theory, which is the more classical way of conducting
research especially in the natural sciences (Saunders et al., 2019). On the other hand,
in inductive research, you start with data collection and exploration with the goal of
generating a theory based on the data (Saunders et al., 2019). The third approach, Ab-
duction, is described as the combination of the two previously mentioned approaches,
where you don'’t try to move from data to theory or from theory to data, but to move
back and front between the methods while formalizing the theory (Saunders et al.,
2019).

This research was decided to be conducted by utilizing the abductive approach, as it
complements the pragmatic research philosophy by enabling flexibility in the theory
generation. The study will gravitate towards a more inductive approach as the primary
goal of the study is to generate theoretical model based on the collected data, but the

theory will also be tested iteratively, and existing theory is incorporated in the process.
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4.3 Research methodology

According to Saunders et al. (2019) the primary way of differentiating different method-
ological choices is by their usage of numeric and non-numeric data, in quantitative re-
search data is collected in numeric format and in qualitative research, in words, im-
ages, recordings et cetera. In this research the choice has been made to use mixed
methods that integrate the use of both quantitative and qualitative data collection and
analysis. Saunders et al. (2019) mention that pragmatists usually assert that there are
many ways of interpreting the world and different methods are often appropriate within
one study, and this one is not an exception. As the goal of this study is to research
ways of improving data collection and analysis in continuous integration pipelines,
quantitative methods can be used for measuring the data we are able to get from them.
But as this study primarily focuses on evaluating the value and potential this improve-
ment gives to the organization, qualitative methods are going to be preferred for project

evaluation.

4.4 Research strategy

The research strategy can be defined as a plan of how the research will try to answer
the research questions (Sanders et al., 2019). From the possible strategies highlighted
by Saunders et al. (2019) the action research was the most interesting, which is said to
be an emergent and iterative process of inquire designed to develop solutions to real
organizational problems by collaborative approaches. This strategy would function well
in this research, as the central purpose is to study how continuous integration pipelines
can be improved to provide us with higher quality data in a real organizational setting.
But as this study also aims to design a model describing the process of improving the
pipelines, from a pragmatist point of view also make sense to combine parts of design
science research, which is defined by Collatto et al. (2018) as a research strategy that
aims to generate knowledge on designing an artifact or prescribing a satisfactory solu-
tion to a problem. As Colatto et al. (2018) note, design science research and action re-
search share a lot of similarities, which is why these different strategies can be pain-
lessly combined in a single study. And this is also why this study will utilize the combi-

nation of these two strategies known as Action Design Research (ADR).

According to Sein et al. (2011) ADR is a research strategy for generating prescriptive
design knowledge through building and evaluating ensemble IT artifacts in an organiza-
tional setting. ADR fits this research perfectly as its fit to deal with two disparate chal-
lenges: addressing a problem in a specific organizational setting and by constructing

an IT artifact that is fit to address the class of problems in a wider scope (Sein et al.,
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2011). The ADR research strategy stages and principles, as described by Sein et al.
(2011) are presented in Figure 10 and the following sub-sections explain the steps of

the chosen research strategy in more detail.

"'/'1. Problem formulation

) Principle 1: Practice-inspired research 0
Principle 2: Theory-ingrained artifact 3. Reflection and

learning
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~,

Principle 7: Generalized outcomes

Figure 10. Action Design Research process reproduced from Sein et al.
(2011)

The ADR process starts with problem formulation that is triggered for the first time by a
problem perceived in practice or anticipated by researchers (Sein et al., 2011). In this
study the trigger was a perceived problem in the target organization. According to Sein
et al. (2011) this stage consists of determining the initial scope, deciding the roles and
scope for practitioner participation, and formulating the initial research questions. They
also note that this stage draws on two principles: practice-inspired research and theory-
ingrained artifact. Practice-inspired research means using the problem as a knowledge
creation opportunity and the theory-ingrained artifact that the artifact to be created is
being informed by existing theories.
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The second stage, building, intervention, and evaluation (BIE) builds on the theoretical
premises and formulated problems from stage one, by building an IT artifact, interven-
tion in organization and evaluation (Sein et al. 2011). This whole stage is a process
where the two domains, IT-artifact, and the organizational context, are iteratively and
being developed and evaluated in parallel, with both helping to understand each other
(Sein et al. 2011). This study is going to take a more IT-Dominant approach to this
stage, which is identified by Sein et al. (2011) to suit ADR efforts that emphasize creat-
ing an innovative technological design at the outset, in which early designs of an arti-
fact are continuously tested in limited scope and then later brought into wider organiza-
tional use and evaluated in the use setting. In this study the IT-artifact is the model that
describes how to improve ClI pipelines, and the organizational context is doing the im-

provement in practice and evaluating its effects.

Running parallel to the first two stages is the reflection and learning stage, as the two
aforementioned stages are more concerned with evaluating and solving the problem in
the specific context, reflection and learning stage is concerned with applying the learn-
ing to a broader class of problems (Sein et al. 2011). This stage is concerned with the
evolution of preliminary design, by conscious reflection on the problem framing, the
theories chosen to ensure that contributions to knowledge are identified (Sein et al.
2011). In this study this means when working on the Cl pipeline improvement the arti-
fact describing this model is continuously developed based on the experience gained

during implementation.

Formalization of learning is the final stage of ADR research, in which the highly specific
organizational context of the study is generalized into a general solution for a class of
problems (Sein et al., 2011). This means that this stage takes the things learned previ-
ously and formalizes it into a concise and general model. This can be done with three
steps: first generalizing the problem, secondly generalizing the solution, and then deriv-
ing design principles form outcomes (Sein et al., 2011). This stage ensures that the an-
swers generated by this study are not only useful for a single organization but actually
have wider scientific value. In this study the results of the formalization of learning are

described in section.

4.5 Time Horizon

According to Saunders et al. (2019) study time horizons can be roughly split into two
distinct categories: cross-sectional and longitudinal studies. Cross-sectional studies are
concerned with particular phenomenon at a particular time, whereas longitudinal re-

search accounts change and development over some time (Saunders, 2019). This
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study is going to be more cross-sectional as the study examines the situation in a sin-
gle target organization during a single project. Where possible, a more longitudinal
view of the subject is offered by including applicable data points from other studies, but
overall, the scope of this study does not enable more longitudinal analysis of the sub-

ject.

4.6 Data collection

At the core of the “research onion” by Saunders et al. (2019) is data collection, argua-
bly the most crucial step, in which the data actually need to conduct the research is col-
lected. As discussed in section 5.4, this study utilizes ADR research strategy, which
means that the data collection will be conducted iteratively over the whole research
process instead of being separated as its own stage. This research uses three different

data collection methods, literature review and implementation process.

This study uses literature review to gain insight into existing information about this
topic. To see if similar models also exist and to potentially compare this study’s results
to previous research. The research used in this study is explained in chapters two and
three. The literature review was not conducted systematically due to the continuous na-
ture of ADR process, but instead the literature was searched to answer questions that
were raised during the ADR process. The goal of the literature review was to create an

initial theory-based artifact that can be improved through the implementation process.

But at the center of an IT-Dominant ADR process is the practical development of the IT
artifact in an organizational context. This section describes the general steps taken dur-
ing the implementation process. As the iterative implementation process generates
tacit knowledge instead of explicit data, the results cannot be explicitly documented,

but the resulting modifications to the artifact are documented in section 5.2.

The goal of the implementation process was to improve the quality of the data collected
from the CI pipelines to allow better utilization of big data analytics and lay the founda-
tion for possible utilization of machine learning. The project would also help to refactor

the existing ClI pipelines to improve their maintainability.

The five different steps that were identified during the CI pipeline improvement project

are:
1. Requirement analysis
2. Planning

3. Construction of Cl job template
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4. Implementing common CI template to ClI
5. Improving data collection scripts

The process started from the requirement analysis, where the goals and requirements
for the implementation process were set, and we came up with the goals for this pro-
ject. After requirements were set, we entered a planning phase with the goal of creating
a structured approach that would guide the project’s execution effectively. We, withing
the organizations Cl team, concluded that the best course of action would be to de-
velop a standardized ClI pipeline template. This template would harmonize all Cl pipe-
lines to ensure uniformity in the data output. This common template should streamline
Cl processes, making them more efficient and easier to manage. It was designed to in-
corporate the best practices and standardized configurations to ensure consistency
across different projects. Following the planning phase, the project transitioned to the
design phase, focusing on creating a common CI template. This process involved a
thorough examination of the existing ClI pipelines to identify individual components that
were common across different jobs. These common elements were then integrated into
a single, unified pipeline template. Once the template was constructed, we proceeded
to modify the existing ClI pipelines to adhere to the new standardized template. Finally,
we updated the scripts responsible for collecting data from the pipelines to utilize the

new template, enabling the collection of more detailed data.
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5.RESEARCH IMPLEMENTATION

In this chapter we will discuss the ADR process in practice. The chapter has been split

into four sections, each highlighting one stage in the process as described in chapter 4.

5.1 Problem Formulation

As mentioned in section 4.4.1 ADR process starts with problem formulation that is set
in motion by perceived existing or potential problem. In this research, a problem was
perceived in the target organization related to the requirements of data management
for Cl pipelines. The objective of the improvement conducted during this study was to
improve the organization's capability to effectively gather valuable data from continu-
ous integration of Cl pipelines. Additionally, this initiative aimed to lay the groundwork
for the potential future integration of machine learning techniques to further optimize
the process. The primary challenge with the existing ClI pipelines was the lack of stand-
ardization, as they were developed by various individuals employing diverse methodol-
ogies. This resulted in inconsistent data outputs, in many cases just long log files, mak-

ing it difficult to achieve data consistency for analysis and measurement.

The principle of Practice-Inspired Research emphasizes using these field problems as
knowledge creation opportunities and in essence, the implementation process was

driven by three practical objectives:
1. Standardized data outputs to facilitate the use of big data analytics.
2. Ensure compatibility with potential future machine learning applications
3. Unify CI pipelines and improve documentation to enhance maintainability.

This study focuses on the first two objectives, as maintenance of Cl pipelines falls out-

side the scope of this study.

The other principle of problem formulation, the Theory-Ingrained Artifact, emphasizes
that artifacts are backed by theories. In this study the prior theories mostly guide the
design of the artifact. The practical organizational goals require the data to fulfill re-
quirements for both data analytics and machine learning applications. Prior theory was
utilized to formalize these requirements which then guided the process. Table 1 shows
the most important data quality dimensions for enabling data analytics and machine
learning, and the data quality assessment process shown in figure 4, were some of the

most impactful theories in formalizing the initial artifact.
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After the first problem formulation stage we ended up with the following initial design

principles:
1. We need to be able to standardize ClI pipelines
2. We need to be to categorize different Cl pipeline steps
3. The output should fulfill data quality dimension requirements
4. We need to be able to assess data quality during the process

With these initial principles we could move on to the building, intervention and evalua-
tion stage of ADR process. At this point, it's important to note that ADR is an iterative
process as illustrated in figure 8 and the problem formulation is a live process that is re-
visited after each BIE stage is complete. However, for the sake of clarity in this paper,
any insights generated during the subsequent problem formulation stages are consoli-

dated and presented in Section 5.2.

5.2 Building, Intervention and Evaluation

The BIE stage builds on the problem farming and theoretical premises adopted in stage
one and is the stage that will create the initial artifact (Sein et al., 2011). As mentioned,
this study was conducted at an IT-dominant BIE where the creation of a technological
design is emphasized. According to Seint et al. (2011) BIE stage consists of 4 tasks
starting from initial discovery of knowledge creation target. In this case the initial dis-
cussion within the team resulted in the decision to focus on targeting the creation and
evaluation of common ClI job template. The rationale behind this approach was that the
design principles could be realized through a template that standardizes and catego-
rizes all common ClI steps, thereby improving data quality. This template is described in

more detail later in this section.

The second task in the BIE stage involves the selection of the BIE form, which provides
the framework for the actions taken during each BIE cycle. The form used in this study
is presented in figure 11. The key stakeholders in this process include I, as the re-
searcher, the Cl team, and the organizational end-users. The Cl team is responsible for
facilitating the broader adoption of Cl-related improvements within the organization,
while the organizational end-users consist of various teams utilizing the CI services
provided by the Cl team. In addition to my role as a researcher, | also partially acted as

a practitioner within the CI team.
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Researcher

Template proposal

Cl team ] Artifact
Test version

Organizational _ _
End-users Live version

Figure 11. Study’s BIE schema constructed based on Sein et al. (2011)

This form outlines the practical approach of the study, where the Cl template is initially
developed by the researcher and then iteratively refined in collaboration with the ClI
team, incorporating their feedback and modifying the solution accordingly. After the ini-
tial iterations with the Cl team, the process expands to include input from end users
and their feedback is incorporated through additional feedback loops with the process
and finally ends to evaluation of the artifact in the live use setting. After the selection of
BIE schema, we could move to the third and fourth tasks of BIE stage are execution of

the planned cycles and assessment need for any additional cycles.

The initial BIE cycle started from thorough examination of the existing Cl pipelines, with
the goal being to gain preliminary understanding of the logic behind them and which
way they were built. During this process it became immediately clear that it would be
impossible to find a single solution that would easily fit into every existing Cl job. To ad-
dress this issue, we would divide existing jobs into modular components that could be
standardized and unified. Although each job would comprise different components, this
approach would enable the construction of each job from a set of common building
blocks, which would then allow us to also control the data outputs. Common blocks
identified from the jobs included, for example checkout from version control, compila-
tion, running of different testing tools etc. To enable standardized data output, new
shared functions were also created for some tasks. For example, instead of using a
unique set of commands in each CI job for file checkout from version control, a com-
mon function was implemented to standardize the output across jobs. These common
functions would also enable the Cl team to make changes to all Cl jobs without having

to manually update every job.

After identifying the individual Cl job components, they were consolidated into a tem-

plate for different types of Cl jobs in use. These templates were designed to guide the



41

refactoring of existing jobs and to serve as a foundation for creating new jobs in the fu-
ture. Once the initial template versions were complete, they underwent iterative feed-

back loops within the Cl team and were refined based on this feedback. Subsequently,
the templates progressed to the proof-of-concept phase, where they were implemented

within a single software team to test the feasibility and functionality of the approach.

This would offer feedback on the practical usage of the templates and highlight any is-
sues missing in the conceptual stage. After the proof-of-concept phase was completed,
the refined template was shared with software teams across the organization to obtain
additional, practical insights before broader implementation. This step was important,
as the developers working directly with software products possess a deeper under-
standing of the specific requirements for building and testing their components than the
Cl personnel alone. The feedback from this stage primarily informed refinements to the
implementation of common functions, with minimal impact on the template's overall
structure. Additionally, this opportunity was used to communicate to organizational end-
users about the coming changes and why we consider them to be important to be im-
plemented, to pre-emptively combat any potential resistance that such a substantial

modification to the existing system could cause.

Once the initial feedback rounds had been completed the actual implementation of the
Cl job template was ready to begin, which meant updating all existing jobs to align with
the new template. The workload was split between Cl team members and software
teams, with the idea that Cl team members would work together with developers to im-
plement changes to their respective jobs. Notably, the job template remained open to
adjustments based on feedback gathered throughout implementation. There were sev-
eral edge cases, missing during the conceptual phase, that would now be surfacing
during the implementation. When any shortcomings were identified, the template was
updated to address these cases. The implementation process proved to be labor-inten-
sive, with varying levels of Cl knowledge across software development teams regard-
ing their respective jobs. In some cases, no team members had detailed knowledge of
the existing Cl jobs. Nonetheless, most jobs were eventually converted to align with the
new template, and even though upkeeping ClI jobs requires constant effort, the con-
verted jobs were sufficiently complete to ensure that the data generated was meaning-

ful and valuable.

Once the Cl jobs were modified to follow the template, the data collection phase could
commence. The data from the ClI pipelines was gathered using a script that leveraged

the application programming interface (API) of our Cl platform, as well as the logs gen-
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erated during script execution. This script collected data based on the components de-
fined in the Cl template and utilized the stage API results and logs for preliminary ana-
lytics. Preliminary classification was performed using simple logic. For instance, log en-
tries containing phrases such as "compilation error” or "script returned error code" were
categorized as compilation errors. While this approach proved functional, it leaves
room for the future integration of more advanced machine learning methods for classifi-
cation. Following the initial analysis, the data was transferred to a big data analytics
platform for further processing. Our first use case involved creating a visualization to
map recurring errors in the CI pipelines. This visualization enabled the generation of
alerts when a specific error's frequency increased significantly, providing an opportunity

to forecast potential new issues in the Cl pipelines.

Afterwards we could evaluate the whole improvement process and conclude that the
data quality has seemingly improved. It wasn’t possible to conduct objective measures
of the improvements due to lack of initial data points, but the general consensus among

team members was that data quality improved noticeably.

5.3 Reflection and learning

Reflection and learning stage moves from building a solution in a particular instance to
generate learning for a broader scale of problems (Sein et al., 2011). As shown in Fig-
ure 8, this stage runs parallel to the first two stages. This basically meant that during
the implementation process we would also take notes of things that could be general-
ized to apply in different organizational contexts. The four key takeaways gained from

the implementation process are presented in this section

Takeaway 1: Importance of planning. The first key takeaway highlights the im-
portance of the initial planning

Effective planning emerged as a cornerstone for the success of this project. The initial
phase of requirement analysis and goal setting provided clarity and direction, ensuring
alignment between technical improvements and organizational needs. Without a struc-
tured planning phase, the project would have struggled to identify the key dimensions
of data quality or to address the diverse requirements of stakeholders. This planning
also sets the stage for iterative refinement, allowing flexibility in response to emerging

challenges.

Takeaway 2: Categorizing Cl job steps. A critical step during this project was the ne-

cessity of categorizing Cl job steps. By defining and grouping pipeline tasks into clear
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categories, we enhanced the artifact's ability to produce standardized outputs. This cat-
egorization simplified data extraction processes and improved consistency, aligning
with the project's goal of facilitating big data analytics. Moreover, the categories al-
lowed teams to better understand their Cl workflows, leading to a more intuitive imple-

mentation process.

Takeaway 3: Unifying Cl jobs. Unifying Cl jobs through a standardized template was
one of the most impactful aspects of this study. Early iterations revealed the inefficien-
cies and inconsistencies caused by diverse, ad hoc Cl implementations across teams.
By consolidating these into a unified framework, we not only improved maintainability
but also ensured that data generated by the pipelines adhered to the required quality
dimensions. However, achieving this unification required balancing standardization with

the need for flexibility, leading to the adoption of modular templates.

Takeaway 4: Measuring results. The ability to measure results effectively is pivotal in
evaluating the artifact and guiding its iterations. This includes both the technical perfor-
mance of the pipelines, such as data quality metrics, and qualitative feedback from
stakeholders. Regular measurements allow us to identify gaps, such as the need for
improved accessibility and timeliness in data collection. Additionally, measuring out-
comes ensures that the changes made during each iteration contributed tangible im-
provements to the Cl pipelines and aligned with organizational goals. Measurements
can be done either manually or automatically, but we concluded that evaluating re-
quires both automated and manual validation mechanisms. With automated validation
ensuring consistency and timeliness, while manual audits help maintain contextual ac-

curacy.

5.4 Formalization of learning

The final stage of ADR process is the formalization of learning where the learnings are
condensed into a general solution. The solution finalized solution of the full ADR pro-
cess is presented in this section. Based on the generalized takeaways from the imple-
mentation process an Cl improvement process model could be formed; this process

model is shown in figure 12.

m e kese

Figure 12. Cl improvement process model
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This model describes the five phases that are viewed crucial when trying to improve ClI
pipelines for increasing the quality of the output data. These phases are Planning, Dis-
section and categorization, unifying of common job template, implementation of tem-
plate to existing jobs and collection, measurement of results and upkeep of improve-
ments.

Planning is the initial and arguably the most important phase in the Cl improvement
process, where the outlines for the project are being set. The steps in the planning

phase can include:
1. Map the organizational scope of improvements
2. Assess the Cl jobs within scope
3. Estimate workload
4. Create tasks and assign responsibilities

The planning phase can start from mapping the scope of the improvement within or-
ganization, in smaller companies the scope might be the entire Cl infrastructure within
the organization, but otherwise you will need to map which organizational branches or
components are taken into the process. During this step it's also possible to exclude
some jobs or products from the scope. Potential reasons for this would include, for ex-
ample, legacy pipelines that are no longer in active use, and it would be a waste of re-
sources to improve them. The next step is the assessment of Cl jobs within the scope.
At least this includes counting the number of individual jobs, but ideally this also in-
cludes assessing the current quality of existing jobs. Things to look for include the level
of current documentation, uniformity of jobs and formation of code. This assessment
helps with the third step, that is the estimation of workload. It's important to get a realis-
tic estimate of the workload to make sure that the organization is actually willing and
able to commit enough resources to complete the improvement process as it’s not
something that can be done halfway through. After the workload has been estimated, it
needs to be allocated among team members. From our experiences we could recom-
mend having only a few people responsible for categorization and unifying phases with
others providing feedback, but having the actual implementation split among several
people.

Dissection and categorization is the second phase in the Cl improvement process.
This is where the actual work of going through the existing ClI jobs starts. The steps in-

clude:
1. Iterate through existing Cl pipeline scripts

2. ldentify distinct parts of the Cl jobs
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3. Categorize the parts based on their functionality

The ones responsible for creating Cl job template should start going through the
mapped CI pipelines and identify different functional parts. These parts can be likes of
“checkout from version control”, “code compilation” or “static analysis”. The person re-
sponsible should thrive towards finding as small components as possible. For example,
a “testing” part could be split into parts based on which kind of a test are being run.
These parts should then be evaluated and categorized in light of other Cl jobs. The
goal is to identify which components reoccur in different jobs and which ones are
unique to their respective use cases, which helps unifying the parts into common tem-
plates

Unifying the results is the third phase where the previously dissected components are
combined into new templates fitting more than one job. The steps in this phase can in-

clude:
1. Identify different job types
2. ldentify common components of each job type
3. Create common templates
4. Document templates and individual stages

It's very likely that not all jobs can follow a similar pattern as pipelines can have wildly
different use cases, which is why it can be useful to identify different types of jobs from
the previously categorized jobs and create an own template for each of them instead of
trying to fit one for all of them. After this, the next step is to identify the common compo-
nents for each of the job types. This should only include parts that are actually common
between the different jobs, trying to fit every potential component into the template runs
with the risk of increasing the complexity too much. After the components are identified
they should be combined into the initial template solution which should then be thor-
oughly documented.

Implementation phase can start after the initial templates are ready. The steps in this

phase would include:
1. Trial the implementation
2. Document implementation process
3. Inform organization about the coming changes
4. Roll out the updates for all Cl pipelines

5. Continuously update templates and documentation



46

The changes should first be trialed in a few Cl jobs to make sure that the templates are
complete. During the first trials the templates should be modified based on feedback.
Also, the ones doing the trial should document their experiences, creating guidance
about the process. Once trials have been successfully completed the organizational
shareholders should be made aware of the coming changes, as any changes to Cl in-
frastructure can potentially cause downtime. Afterwards the actual implementation
should start, and the templates should be rolled out for all Cl jobs. While this process is
ongoing, the ones responsible for the improvement process should continuously up-
date templates and the related documentation based on feedback.

Collection and measurement are the phase that starts after implementation is mostly

done. The steps in this phase can include:
1. Gather data from CI pipelines
2. Store and process data
3. Utilize newly created data
4. Evaluate data quality and project results

The CI improvement process, until this point, has only been concerned with enabling
the generation of higher quality data, but for it to be useful the data also needs to be
collected, stored and processed. The practical implementation of this process is highly
dependent on project, but it will likely involve a script collecting the data for some data
management or business intelligence application. In our case this script would also
conduct preliminary data cleaning to make sure that we don’t waste data analyzation
resources by handling incorrect or unnecessary data. After this the organization can
use the data for their needs including for example data analytics and machine learning.
Once the data is available for use it would be useful to analyze the data quality of the
data generated and also overall the success of the improvement project. With the re-

sults, it helps organizations to decide if similar improvement projects are worth it.

Upkeep is the final phase of Cl improvement model, unlike other phases this doesn’t
have concrete steps or set end date, but instead this phase highlights the importance
of maintaining the improved CI jobs. This means making sure that any new Cl jobs are
created using the templates and that any updates to the older ones are also in line with
the template. This phase also includes upkeeping the data collection, storage and anal-

ysis and making sure that the data generates value for the organization.
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6. DISCUSSION

6.1 Interpretation of the results

This study examined the enhancement of continuous integration (Cl) pipelines to im-
prove data quality for data management and analytics. During the application of an iter-
ative Action Design Research approach, a structured Cl improvement model was de-
veloped and evaluated with the goal of systematically enhancing data generation within
Cl environments. The study’s findings reveal that a structured methodology comprising
planning, categorization, unification, implementation, measurement, and upkeep can
be utilized by organizations seeking to create a more efficient and reliable data pro-
cessing framework. In chapter 3 we saw how data utilization can be utilized in Figure
13 presents the effects of successful implementation of this process for the data lifecy-

cle, based on Alaimo & Kallinikos (2024) and illustrated in Figure 5.

Information gathered

from Cl jobs

5 Knowledge objects.
Data objects made of data
1. Planning
2. Categorization
3. Unifying
4 Implementation
5. Measuring
6. Upkeep
Human analyzation of

rouped data objects = BDA & Al predictions
groupe s Cl improvement process and analysis

Data use Data making Data use

Data making

Figure 13. The effects of successful Cl improvement process implementation based
on Alaimo & Kallinikos (2024)

The figure highlights the initial situation encountered in the target organization, as the

data generated by ClI pipelines was of low quality, so it could only be grouped into sim-
ple data objects and then be analyzed by humans, also due to the low data quality the
data reuse was difficult, and thus the data didn’t have a full lifecycle, but instead ended
up being discarded after use. The implementation of the Cl improvement model, by in-

tegrating structured workflows and standardized practices, helped to close this cycle.

The study’s practical focus was on the improvements made to the initial step of data life
cycle; data making. The first four steps of this implementation process, described in
chapter 5, focused on standardizing ClI jobs through a unified template. Prior to this im-

provement, Cl jobs were highly heterogeneous, leading to discrepancies in data output.
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By consolidating common CI job structures, the study demonstrated that unifying CI
configurations significantly enhances maintainability and ensures a more structured ap-
proach to data generation. This standardization also facilitated automation in data col-
lection, reducing the need for manual validation. Step 5 of this improvement process
highlighted the need for measuring the quality of resulting data, this study utilized the
data quality assessment steps presented by Hassenstein & Vanella (2022) to ensure
that the data making step creates usable and valuable data. The improvement process
models final stage upkeep, which highlights the fact that Cl improvement process
doesn’t have a clear end but instead should be a continuous process that ties into or-
ganizational data management. Drawing on the general principles of data management
outlined by Gordon (2007), the following areas can be identified as particularly relevant
to maintaining the quality of CI data in future: Firstly, the knowledge objects produced,
along with the data they contain, should be systematically stored and managed within
the organization to facilitate both usage and reuse, this also means including them in-
side the organizational data models. Secondly, tasks must be regularly maintained to
ensure consistent and high-quality data output. Finally, the tools used for accessing
and manipulating Cl data must be kept up to date and operational to support reliable

data management practices.

A loop in data lifecycle ends to the step of data use. The usage of the Cl data gener-
ated didn’t fit inside this study’s practical scope, but this study offers a theoretical over-
view of some possible technologies. These are discussed in more detail in chapter 3,
but for example, supervised classification methods, like Neural Networks as described
by Badillo et al. (2020), which use layers of interconnect nodes, could be used to cate-
gorize the reasons Cl jobs fail. For these technologies to be useful the data needs to
maintain high quality. In this study the data quality dimensions by Hassen-

stein and Vanella (2022) were used to define quality data. From these dimensions ac-
curacy, completeness, and consistency can be considered to be the most crucial for
ML and BDA based solutions (Chen et al., 2021; Cérte-Real et al., 2020; Fosso
Wamba et al., 2019). These dimensions can be used to evaluate the potential of ML
and BDA deployment before practical implementation. In target organization we noticed
an improvement in these data quality dimensions, which predicts that this process will

improve organizational ability to utilize ML and Al.

In general, this study further confirmed that organizations can achieve measurable ben-
efits by improving Cl data quality. Teams that implemented the structured improvement

model reported increased efficiency in debugging and troubleshooting. Additionally, the



49

research emphasized the importance of balancing technical improvements with organi-
zational considerations. Successful adoption of standardized Cl practices required ac-
tive stakeholder engagement and continuous monitoring to ensure sustained improve-
ments. Organizations that prioritized data awareness and transparent data handling

practices experienced smoother transitions to improved CI processes.

6.2 Answering research question

This study aimed to answer the primary research question: How can companies im-
prove their continuous integration pipelines to produce quality data for data
management purposes? To address this question comprehensively, the research
was structured around several secondary research questions, each contributing to the
overall understanding of CI pipeline optimization. In this section we are going to go
through these questions and summarize the generated answer and try to answer the

primary question based on them.

The first secondary research question was: What defines quality data, and how can

we measure data quality?

Existing literature suggests that data quality is a multidimensional concept rather than a
single metric, and that common way to try to measure this, are the so-called data qual-
ity dimensions. The most commonly cited dimensions of data quality include accuracy,
completeness, consistency, timeliness, and validity. This study confirmed that these di-
mensions remain highly relevant in the context of Cl pipelines, where large volumes of
software development data must be managed effectively. We also presented the data
quality assessment steps as shown in figure 4, which can be used to integrate the eval-
uation of these quality dimensions as part of Cl improvement process model. These
theoretical findings gave us a good understanding of what constitutes as quality data in
the first place. Even though data quality is a very studied subject, the existing research
doesn’t cover measuring data quality in Cl pipelines. During the research process we
identified that measuring Cl data quality requires both automated and manual valida-
tion mechanisms. Automated validation ensures consistency and timeliness, while

manual audits help maintain contextual accuracy.

The second question examined the specific data quality traits critical for BDA and ML.:
What are the most important data quality traits for machine learning and big data

analytics?
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Prior research highlights that poor data quality can severely impact both BDA and ML
model performance (Corte-Real et al., 2020; Gong et al., 2023). This thesis also stud-
ied the most important data quality dimensions for BDA and ML. The most influential
dimensions were identified to be accuracy, completeness, and consistency. Accuracy
is essential as data must reflect real-world scenarios without errors; incorrect data can
propagate flaws in both Big Data analytics and ML models (Chen et al., 2021; Corte-
Real et al., 2020). Completeness is also crucial, as the data should capture all neces-
sary attributes and instances required for robust decision-making based on BDA, and
ML model training (Fosso Wamba et al., 2019; Mohammed et al., 2024). Consistency
ensures that data conform to standardized formats and rules, maintaining coherence
across datasets, which is important factor for BDA (Corte-Real et al., 2020; Fosso
Wamba et al., 2019). These findings influence the focus of the proposed model to es-

pecially focus on improving these data quality dimensions.

The third research question focused on practical improvements: How can we improve

continuous integration pipelines to provide more useful data?

Prior study by Hilton et al. (2017), found that CI output logs are often extensive and dif-
ficult to process. Findings of this study support their claim that improving data extrac-
tion mechanisms is crucial and this study found out that one key step in this is to cate-
gorize Cl job steps. We found out that by grouping pipeline tasks into distinct catego-
ries, we were able to enhance the data quality of pipelines outputs. This categorization
simplified data extraction processes and improved consistency. We identified that the
more categorized each pipeline was, the easier the results were to handle by both hu-
mans and machines alike. On top of this Cl pipelines can be improved with automated
data collection scripts and using them to send the data to management tools for further

cleaning and organization.

The final question explored the business impact of these improvements: Does under-
taking the improvement process provide an organization with tangible benefits
that are worth the effort?

Even though this study didn’t include a thorough evaluation of the Cl improvement pro-
cess and its results, it generated some additional insight on the benefits of improving ClI
data quality in organizations. Based on qualitative review inside the Cl team, the im-

provement process was worth the effort, and it can enable more accurate analytics, im-
proving project management and resource allocation in the future. It was noted that the

completed process has benefits when it comes to efficiency in debugging and trouble-
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shooting due to cleaner and more organized log data. Additionally, based on the pre-
liminary analysis the improved data quality should be reflected in reduced training er-
rors and improved prediction accuracy. Additionally creating generic guidelines should
allow teams to leverage historical Cl data for long-term process optimization. These re-
sults should be still further investigated, but they would align with broader discussions
in data management research, which emphasize that high-quality data translates to
better decision-making and predictive modeling capabilities (Sayyadi, 2024). So even
though this process might be a long undertaking, we believe that the benefits will likely

outweigh the costs.

By synthesizing these findings, we return to the primary research question: How can
companies improve their continuous integration pipelines to produce quality

data for data management purposes?

Improving the generation, validation, and application of high-quality data within CI pipe-
lines centers on ensuring consistency, reliability, and seamless integration with data
management and analytics frameworks. This study’s results show that organizations
should be able to improve the quality of their Cl generated data, through iterative re-
finement of Cl pipeline workflows, focusing on standardization, automated validation,
and structured data storage, while creating a path toward enhanced data usability. The
key findings emphasize the importance of both technical and organizational improve-
ments in optimizing CI pipelines for effective data-driven decision-making. This study
suggests that one way to conduct this standardization is by utilizing Cl improvement
process model, which goal is to guide the organizations efforts in improving their CI
pipelines. It includes standardizing ClI pipeline structures, measuring data quality and
upkeep of good Cl practices as part of it. As part of this model automated validation
mechanisms can be integrated directly into Cl workflows, ensuring that real-time detec-
tion of anomalies, missing values, and inconsistencies could be handled before stor-

age.

In conclusion, optimizing ClI pipelines for high-quality data management requires a ho-
listic approach that integrates structured pipeline standardization, real-time validation,
efficient data storage, and advanced analytics. These enhancements not only improve
data integrity but also empower organizations to leverage Cl-generated data for more
accurate decision-making, improved debugging efficiency, and scalable analytics capa-

bilities.
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7.CONCLUSION

7.1 Contributions

This thesis has contributed to both theory and practice in understanding how CI pipe-
lines support Big Data Analytics and Machine Learning. On the theoretical side, this re-
search expands on the intersection between Cl and data quality by analyzing how CI
pipelines can serve as a valuable source of high-quality data for BDA and ML applica-
tions. The study presents theory about evaluating data quality and the requirement
data quality requirements of ML and BDA. Additionally, the study highlights specific
data quality dimensions such as accuracy, completeness, and validity that are particu-

larly critical for leveraging Cl data effectively.

In terms of practical contributions, this research provides a generalizable model for im-
proving the quality of data generated from ClI pipelines, shown in figure 12. The pro-
posed model offers concrete strategies and best practices for organizations to enhance
their Cl processes, enabling more reliable and accurate data for analytics and ML ap-
plications. Organizations seeking to optimize their software development workflows and
data-driven decision-making can use these insights to refine their Cl strategies and im-
prove their data infrastructure. Overall, this study offers a starting point for software de-
velopment organizations looking for ways to improve the quality and utilization of ClI

generated data.

7.2 Limitations

The main limitation of this study aligns with observations made by Sein et al. (2011) re-
garding the Action Design Research (ADR) method: it is not a highly controlled re-
search strategy. The iterative, looping development style inherent to ADR means that
reproducing this study in its entirety is nearly impossible. The simultaneous stages of
the ADR process make documenting the research comprehensively and accurately a
significant challenge. This limitation introduces an element of variability that can make
it difficult to generalize findings or draw definitive conclusions. The ADR method’s itera-
tive nature also means that the research outcomes evolve continuously throughout the
process. While this adaptability is a strength in addressing real-world problems, it com-
plicates efforts to achieve controlled comparisons or establish baseline measurements

for evaluating the effectiveness of the proposed solutions. As a result, this study lacks
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the level of quantitative analysis that might strengthen the generalizability and robust-

ness of its findings.

Another limitation stems from the influence of the practitioners and their environment
on the research process. Challenges specific to the target organization were able to
shape the study’s direction, which may limit the applicability of the findings to other
contexts. While the findings provide valuable insights into the Cl improvement process,
they are inherently tied to the unique characteristics of the organization under study.
The results may not fully address the nuances or challenges of other organizations with

different structures, cultures, or technical setups.

Another significant challenge lies in balancing the dual goals of solving a practical prob-
lem within a specific organizational context while simultaneously contributing to broader
theoretical knowledge. This dual focus can lead to trade-offs in rigor and depth in one
domain over the other. For example, while the study successfully generated new in-
sights into improving ClI pipelines, it did not fully explore downstream applications of

these improvements in machine learning or advanced analytics.

In conclusion, while this study generates insights into the continuous integration im-

provement process, its findings are best viewed as a foundation for further research.

7.3 Future research

Future research could build on the preliminary understanding generated in this study.
The two most interesting avenues are the quantitative evaluation of the model, and the

utilization of generated data in the downstream.

The model generated by this study should be tested using a more controlled and repro-
ducible method. This would include applying the process model in different organiza-
tions or ideally in multiple different organizational settings, this would help to develop
more universally applicable models. The model could also be tested against more ge-
neric process models to see if this Cl specific process model offers advantages over
traditional, more tested, process models. These studies should include objective evalu-
ation of data quality; many data quality dimensions can be measured using different al-

gorithms providing quantitative results.

Another direction for future research would be to evaluate the downstream application
of generated data. Even if the model general would be proved to increase generated
data quality, the effects of this higher quality data on organization should be studied
further. In this study it was assumed that higher data quality will benefit the organiza-

tion and there was extensive exploration into how these improvements could directly
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influence outcomes such as software quality, project timelines, and business decision
making. Research could be conducted on the effects of Cl data quality on machine

learning and big data analytics capabilities and the value generated by them.

7.4 Final Thoughts

This study showed that improving CI pipeline data quality can be a worthwhile en-
deavor, the results validate the effectiveness of a structured Cl improvement model in
enhancing data quality. The study demonstrates that categorization, standardization,
and automation collectively improve the reliability and usability of Cl-generated data.
These improvements not only facilitate better analytics but also contribute to long-term

efficiencies in Cl pipeline management.

Hopefully, this study will inspire further exploration of the subject, as this preliminary
study suggests that organizations can gain tangible benefits by improving CI pipelines,
but there exists a noticeable lack of research focusing on Cl from point of view data,

and its utilization.
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