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Abstract

This case study evaluates the results of data quality efforts in an integrated database at
an IT service provider using the data quality framework TDQM and the holistic data
management guide DAMA-DMBOK focusing on the data quality knowledge area. Using a
method that combines quantitative and qualitative approaches, quantitative data quality
metrics were measured using Python before and after the ETL process, and the results
were compared with qualitative interviews with stakeholders using the “Inference to the
Best Explanation” (IBET) method. The results indicate a dual impact of the ETL
architecture: while it functions as a corrective mechanism that significantly improves
accuracy (from 13.3% to 82.5% in one system), it simultaneously reduces the
completeness of the CustomerName attribute from 100% to 94.3% and 96.8%,
respectively. An analysis of the underlying causes shows that this deterioration is due to
a lack of organizational oversight and proactive input controls during manual data entry
in the source systems, causing the ETL’s deterministic mapping logic to fail. This lack of
completeness directly leads to financial inaccuracies, inefficient manual workarounds,
and reduced user confidence. Consequently, the study concludes that a shift from reactive
corrections to robust data governance and input validation at the source level is crucial
to ensuring that integrated business data remains fit for use.

Keywords: Data Quality, ETL process, Case study, TDQM, DAMA-DMBOK, Root Cause
Analysis, IBET, Mixed Methods.
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Glossary

Data warehouse

Information system

Data producer or supplier
Data custodian or manufacturer

Data consumer

Information manufacturing system

Information product

A database architecture that enables
storage of massive amounts of historical
data from multiple sources, specifically
used for analysis.

An organized set of components
(technology, people, processes) that
collaborate to gather, process, store and
disseminate information.

The entity responsible for creating or
collecting data.

The entity responsible for transforming
and storing data.

The entity that uses the data provided by
producers and custodians to generate
information and make decisions.

A system that produces information
products (Wang, 1998).

Processed data from an information
manufacturing system that represents a
transferable value for a consumer (Wang,
1998).



1 Introduction

Every organization gathers data in some manner or form. When utilized, it can be a hidden
weapon for decision-making to shape an organization's success in a rapidly changing
market (Bernardo et al., 2024). However, to provide this competitive advantage, the data
must be of high quality which is often defined as “fit for use” for the consumer (Batini &
Scannapieco, 2016; Mahanti, 2019). While high-quality data empowers organizations,
poor data quality has been proven to worsen decision-making processes (Hasan &
Padman, 2006). The consequences of this are severe. A study by The Data Warehouse
Institute (TDWI) estimated that poor data quality costs American organizations over $600
billion annually (Batini & Scannapieco, 2016).

Data quality is a multidisciplinary subject matter that intersects areas such as databases,
data integration, information systems and decision support, as all these subjects either
affect data quality or depend on data of high quality.

The study is aimed at organizations and individuals within organizations where storing
and handling data is of the utmost importance. With the usage of semi-structured data
that is gathered through external systems via APIs, scripts and stored in an integrated
database.

The organization is currently facing a problem with the credibility of its reports, as
stakeholders have perceived data is missing. According to Wang & Strong (1996), data
quality is not exclusively technical, rather it is defined by whether it is “fit for use” by the
consumer. Therefore, it is critical to investigate if this lack of trust stems from actual
intrinsic deficiencies in the ETL process or from a mismatch between the expectations
from stakeholders and the integration implementation.

The research question that’s been produced follows: How does stakeholder expectations
and the technical process affect data quality in an organization’s internal database?

To gather insights from multiple data sources, a mixed-methods case study design is
utilized alongside triangulation. Additionally, thematic analysis is integrated to provide a
comprehensive understanding of the themes identified in the gathered data.

This study contributes to the data quality assessment of an internal integrated database
by gathering empirical evidence of established data quality dimensions and analyzing
their relation within a real context.

Together with an organization, insights will be gathered about their process of integrating
data, how it works today, how they want it to work in the future and how this study can
address some of the issues they are facing.



2 Background

To provide the necessary theoretical background, this chapter gives an overview of
relevant concepts essential for assimilating the analysis of the study. By placing the
research in a broader context within established theories, this chapter ensures the study
is based on a steadfast foundation and contributes to a more comprehensive
understanding of the subject matter.

2.1 Data Quality

To understand the definition of data quality there is a need to explain the nature of the
term quality. The ISO 9000 standard defines quality as the “degree to which a set of
inherent characteristics of an object fulfils requirements” (International Organization for
Standardization, 2015). Nikiforova (2020) clarifies this definition of quality as the degree
to which a product or service fulfils customer requirement by including the expected or
demanded characteristics.

These requirements may be different depending on the context and purpose. For example,
a group of researchers discussing good quality research articles may use different
characteristics in valuing their quality e.g. citation count, author credentials, journal
reputation or publisher reputation. The assessment of quality therefore depends on
which requirements are considered relevant by the evaluator.

2.1.1 What is Data Quality?

According to Strong et al. (1997, p. 104) their definition of “high-quality data as data that
is fit for use by consumers” is a commonly approved standard. Several researchers (Batini
& Scannapieco, 2016; Mahanti, 2019) validate this statement as legitimate by citing
definitions that are prevalent in the area of data quality such as “fitness for (intended) use”
(Batini & Scannapieco, 2016, p.5) and “fitness for use” (Mahanti, 2019), among others that
support the definition (Wang & Strong, 1996).

Strong et al. (1997) point out that the traditional conceptualization of data quality is too
narrow and only focus on the technical issues existing in data. In contrast, Strong et al.
(1997) argue that the conceptualization of data quality should broaden to the entire
information system (IS) in which it resides to include all factors that define its value. For
example, the conceptual definition of data quality might accept data as high quality if it’s
free from any technical defects, but if the data does not adhere to the requirements of the
consumer, it won’t provide any real value, which creates a conflict in the definition and
the real world. In comparison, using the new conceptualization of data quality, in the
previous example the data would be established as poor quality, since the dimension of
usefulness now pertains to the evaluation. This perspective is rooted in the study by Wang
& Strong (1996), who classify data quality into four categories: intrinsic, contextual,
representational and accessibility. In their research, intrinsic means that data has
inherent quality in its own nature, whereas contextual emphasizes the necessity of
assessing data quality based on the task at hand.



According to Batini & Scannapieco (2016), data quality is a complex concept where
several dimensions contribute to its general definition. These dimensions are combined
into eight disparate clusters (Batini & Scannapieco, 2016): (1) accuracy, (2) completeness,
(3) redundancy, (4) readability, (5) accessibility, (6) consistency, (7) usefulness, (8) trust.
The concept of dimension stems from the association to the measurement of physical
objects, e.g. height, width, depth (Dama International, 2024).

Accuracy: is divided into two dimensions structural accuracy and time-related accuracy.
The structural accuracy focuses on whether the value is correctly portrayed to the real-
world object at the given point in time. And the time-related accuracy focuses on if the
value reflects the real-world object at the given point in time. Olson (2007) argues that
accuracy is a fundamental dimension of data quality, since the other dimensions hold less
weight if the data itself is incorrect.

Completeness: is divided in three dimensions schema completeness, column completeness
and population completeness. The schema completeness focuses on to which extent the
objects and their properties are not missing from the schema. Column completeness
focuses on being a measure for the missing values for a specific property or column in a
table. And the population completeness evaluates missing values regarding a reference
population.

Redundancy: is divided in two dimensions minimality and normalization. Minimality
focuses on the cardinalities of the schema. And normalization focuses on dividing the
schemas into a normalized standard.

Readability: is only one dimension of understandability. The understandability means
focuses on that the data can be understood without uncertainty and be used by human
information consumers.

Accessibility: How easy it is to get access to data (Pipino et al., 2002). Focuses on how to
measure the ability of users to gain access to the data from their own culture, physical
condition and technologies available.

Consistency: Focuses on capturing violations of the semantic rules defined in data items,
where the items can be tuples in relational tables or records in files.

Usefulness: Batini & Scannapieco (2016) explains the usefulness cluster with the
example of images, where the degree of apparent suitability of the image with respect to
a specific task.

Trust: Believability is the extent to which data is regarded as true and credible (Pipino et
al.,, 2002).

The reason data quality is in focus is because low quality data affects the quality of other
parts of an organization. “Data of low quality deeply influence the quality of business
processes, while a schema of low quality, e.g., an unnormalized schema in the relation



models, results in potential redundancies and anomalies during the life cycle of data usage.”
(Batini & Scannapieco, 2016).

2.1.2 Evaluating Data quality

The process of assessing data quality consists of verifying whether the data is fit for
purpose by validating it against established business rules and standards (Mohammed et
al, 2021). However, to assess the data quality there is a need to initially measure it.
According to Mohammed et al. (2021) the measurement of data quality can be done
through numerous dimensions, as previously defined. Aligning with this perspective,
Batini & Scannapieco (2016) distinguish between the terms measurement and assessment,
as the former is the process of presenting objective data, and the latter is the process of
comparing the measured result to reference values. Accordingly, this study adopts the
terminology as defined above.

According to Pipino et al. (2002), data quality assessment of the objective nature can be
either task-independent or task-dependent. Task-independent metrics represent the
technical data quality issues regardless of how it is used, whereas task-dependent metrics
are developed based on the context, which includes the requirements of stakeholders. The
task-dependent approach reflects (Strong et al., 1997) and their perspective, where data
quality is dependent on the context.

Assessing data quality in a database can be done on either the data fields or the way the
database is designed (Batini & Scannapieco, 2016). Assessing the data quality on the data
fields is more often done since this is where poor data quality is noticed in the real world,
but the weight of a good database design is also important (Batini & Scannapieco, 2016).

2.1.3 Data Quality Methodologies

Research on data quality has led to the development of several methods for measuring,
assessing, and improving data quality. Batini & Scannapieco (2016) classify 13
established methodologies according to various criteria and end up with four categories:
(1) complete, (2) audit, (3) operational, (4) economic, as shown in Figure 1. Furthermore,
during a comparison of the methodologies mentioned they found a commonality, which
is the separation into two phases, the assessment phase and the improvement phase.
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Figure 1 - A classification of methodologies inspired by Batini & Scannapieco (2016),
TDQM: Total Data Quality Management (Wang, 1998),
DQA: Data Quality Assessment (Pipino et al., 2002).

Assessing data quality systematically requires more than exclusively identifying errors in
data quality, it demands the development of quantitative and operational metrics. Pipino
et al. (2002) argue that data quality should be assessed by combining objective,
quantitative measurements with subjective evaluations from the perspective of the data
consumer. Furthermore, they distinguish between subjective evaluations that reflect the
consumers’ needs, and objective evaluations that are based on properties of the data.
They propose several functional forms that enable development of metrics, such as simple
ratios, min or max operators, and weighted averages. Furthermore, they demonstrate
how common dimensions such as completeness and consistency can be operationalized
using measurable indicators, for example, through calculating missing value rates and
ratio of violations. This demonstrates that data quality dimensions can be systematically
translated into metrics within a database environment. Consequently, data quality
assessment can be implemented by an organized, rule-based process contrary to ad hoc
activities. In conclusion, their study (Pipino et al., 2002) propose the methodology data
quality assessment (DQA) which is classified as an audit methodology according to Batini
& Scannapieco (2016), as shown in Figure 1.

Total Data Quality Management (TDQM) is a methodology proposed by Wang (1998) and
is derived from the field of product manufacturing and Total Quality Management (TQM).
Wang (1998) argues that data quality issues in manufacturing of physical products and
the manufacturing of information are similar, and therefore proposes using the
knowledge from TQM, which is used for product quality, as a basis for developing TDQM,
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which aims to ensure data consumers are provided with high-quality data. The
fundamental concepts of TDQM are the term information product (IP) and the four-phase
cycle that defines the structure of the method as seen in Figure 2. According to Wang
(1998) the core purpose of defining information as a product is to highlight the existence
of a consumer who relies on the information generated from an information
manufacturing system. TDQM is classified as an operational methodology since it aims to
address technical issues rather than economic issues, and focuses on both the assessment
and improvement phases (Batini & Scannapieco, 2016), as shown in Figure 1.

gl
© )

@ IMPROVE

(3)

Figure 2 - A schematic of the TDQM methodology inspired by Wang (1998).

Data Management Body of Knowledge (DMBOK) is an industry framework released by
Dama International (Dama International, 2024), which is designed as a guideline for data
management (Rahmawati et al,, 2023). DMBOK contains a total of 11 knowledge areas
relating to data management, such as data quality management (Dama International,
2024), and is a commonly used framework for data quality dimensions (Mohammed et al.,
2021). The section concerning data quality management contains activities that ensure
that information is fit for use and meets the requirements of the consumer (Rahmawati et
al,, 2023). Although there exist several dimensions in practice, Dama International (2024)
claims there is a consensus about the following data quality dimensions: validity,
completeness, consistency, integrity, timeliness, currency, reasonableness, uniqueness,
and accuracy. Furthermore, Dama International (2024) asserts that organizations should
establish dimensions that are both critical for the business and can be measured. This
supports the perspective of being selective in measurement, focusing only on what truly
matters. According to Ridgway (1956), performance measures, even when intended only
for descriptive purposes, are often misinterpreted by stakeholders as definitions of the
most important characteristics of their work. Consequently, this can motivate behaviors
of stakeholders that prioritize achieving specific results of measurements over important
business objectives.

Previous studies within the field of data quality have demonstrated the effectiveness of
applying TDQM and DMBOK to define, measure, and analyze data quality (Wahyudi & Isa,
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2023), and subsequently propose strategies for improving the data quality based on the
findings (Rahmawati et al., 2023).

2.2 Data integration

Data integration is closely linked to data quality because transferring data between
different systems is often a source of data quality problems (Dama International, 2024).
Furthermore, Dama International (2024) argue that the stages in which transformations
are executed serve as ideal checkpoints to assess data quality, since identifying errors
here prevents them from spreading further along the data life cycle.

The purpose of data integration is to give a uniform view of multiple autonomous and
heterogenous data sources. Combining data from multiple sources can allow companies
to gain competitive advantages and improvements (Doan et al, 2012). However,
integrating data is a complex challenge as the source systems are often developed
independently from each other and therefore might differ in technology and structure,
ranging from fully structured relational databases to unstructured or semi-structured
data formats such as XML or JSON. Even if the disparate data sources were to be used by
the same technology (e.g. SQL), there is still a problem in how the database is designed, as
different designs mean the data is organized differently. There is also the challenge that
the data is stored with semantic differences (e.g. different formats/granularity or units),
or for non-technical reasons such as the difficulty in attaining the necessary data which
needs to be integrated.

2.2.1 ETL

Data issues can be introduced in various places of the data life cycle (Dama International,
2024), such a place is the integration of heterogeneous data sources where data is
extracted, transformed and loaded (ETL) into a target system e.g. data warehouse
(Mahanti, 2019).

Therefore, the data quality of the target system is dependent on the techniques used in
the integration process. Otherwise, new data quality issues may be introduced even
though the source data is correct, which is not a guarantee, as it is liable to other types of
causes of bad data quality (Mahanti, 2019). Singh & Singh (2010) presents a descriptive
overview of a total of 36 causes of data quality issues that arise during the data staging
and ETL phase, among them are causes such as:

- Dissimilarity of business rules among the different source systems.

- Lack of management of null values in the ETL process.

- Absence of business rules as a factor in the development of the transformation
logic.

- Difficulties in connecting third-party tools that enable data profiling and cleansing.

The mentioned causes can lead to several different data quality issues in the ETL process
such as duplicate records, missing values and inconsistent syntax (Souibgui et al., 2019).



Munawar (2021) argues that with large amount of data processed in ETL it becomes
harder to keep this data of high quality. Incorrect data analysis results or misleading
figures in reports are examples of low data quality that will affect the operations of an
organization (Abraham et al., 2019).

2.3 Data Governance

When organizations become aware of their data quality problems, the response is often
to implement data governance as a solution, which ensures that data quality is actively
measured and improved upon (Dama International, 2024). Furthermore, Dama
International (2024) argue that data quality efforts necessitate data governance to
improve processes that prevent data quality errors, as well as to delegate responsibility
to roles that handle data quality activities.

Data governance establishes a comprehensive framework of practice and procedures that
ensures data are systematically managed in accordance with established policies and
industry best practices, and thereby utilizing the value of the data as a strategic corporate
asset which is needed to address the increasing volumes of data (Fleckenstein & Fellows,
2018).

Organizations have become aware of the increasing importance of governing their data.
Therefore, there is a growing focus on data governance activities to secure data, ensure
high data quality and improve the general data management (Abraham et al., 2019).
However, there is no single approach to implementing a data governance framework
across an entire organization.



3 Problem Area

This chapter presents the problem area and the research question. It introduces the
problem background at different levels of detail and motivates why the problem is
important to study. The chapter also states the study’s aim and objective, as well as its
constraints and expected results.

3.1 Problem background

Acquiring and maintaining high quality data might seem like an easily achievable
objective, however, this has proven to be a challenge to many organizations. An empirical
study based on 75 data quality assessments (Nagle et al.,, 2020) revealed that on average
at least one critical error exists in 47% of newly created data records. Furthermore, Nagle
etal. (2020) disclose the result that merely 3% of the 75 data quality assessments reached
an acceptable score of above 97%.

“Data are of high quality if they are “fit for use” in their intended operational, decision-
making, and other roles. Fitness implies both freedom from defects and possession of desired
features”. (Juran, 1999, p. 998)

Data are therefore of poor quality if defects are present. The cause of the defects in data
quality are many and varied, such defects can be introduced in every area of the data life
cycle (Mahanti, 2019), which may explain why it is rare organizations achieve datasets
with high quality data. Integration is identified as a top 10 most impactful factor on master
data quality, among 19 identified, and is also among the few factors addressed in all of the
mentioned data domains (Ibrahim et al., 2021).

The organization faces challenges with the use of several different data sources where the
data does not have the same structure between the different sources. Examples of the
issues are format, duplicates, and null values. Which causes challenges to create a proper
integration process where the data is supposed to be used for studying and customer
portals where the data is critical and needs to show the correct values or information
which creates a data quality problematic issue.

Just as a building’s structural integrity is determined by the strength of its foundation, the
degree of competitiveness an organization has in this modern age is fundamentally
dependent on data, which is the most important asset and resource in an organization
(Mahanti, 2019). However, it isn’t enough to just have data present, it is crucial that the
data is of good quality to accomplish business operations with satisfactory results
(Mahanti, 2019).

Hasan & Padman (2006) identify in their study that poor data has a measurable and direct
impact on the accuracy of decision support systems. They discovered, by adulterating a
data set and introducing deficiencies in data quality dimensions such as accuracy and
completeness can lead to misguided decisions. Furthermore, it was evident in their
research that some data elements had a bigger impact on accuracy than others which



entails the importance of assessing the prime data elements that has the greatest impact
on the organization’s decision making.

This study is based on a combination of previous research on data quality and information
such as interviews and data from the organization to identify issues and challenges with
data quality to be able to apply solutions on. Through analyzing external systems and data
from them creating a proposal for a strategy to apply to an ETL process, especially when
going from an incomplete solution and using ad hoc solutions.

3.2 Research Question

This study focuses on data quality dimensions connected to external systems, formulated
as the research question:

Main RQ: “How does stakeholder expectations and the technical process affect data quality
in an organization’s internal database?”

Sub RQ 1: “To what extent does the objectively measured data quality align with the
business expectations of the stakeholders?”

Sub RQ 2: “How does the technical process affect the data quality?”

3.3 Purpose

The purpose of this study is to aid organizations in decision-making and attaining insights
into data quality outcomes in ETL-processes. By making data quality challenges visible,
the study aims to help organizations understand where and how these issues occur. This,
in turn, enables them to prioritize improvement efforts and proactively implement
solutions that mitigate ad hoc errors in the future.

To achieve this overarching purpose, the study evaluates the impact of a currently
implemented data integration setup within an organization. The objectives follow a
procedural approach and begin by understanding the subjective perceptions and
requirements of stakeholders as well as their current working relationship regarding the
integrated database. Consequently, this serves as the basis for combining the dimensions
of data quality and stakeholder requirements and translating it into measurable criteria.
Furthermore, to assess the impact of the ETL process, the measurements are done on the
source tables and the final reporting table. Finally, the objective measurement results are
compared to the subjective stakeholder perceptions to identify potential discrepancies
and interpret the root cause of any underlying issues with the quality of data.

3.4 Boundaries

The study is conducted in collaboration with an IT service provider. The organizational
context is limited to a single branch within the company as the thesis time frame requires
a focused scope. Throughout the report, references to “the organization” therefore refer
to the studied branch.
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The empirical material is limited to data supplied by the organization and the contextual
input from in-house staff. The data is stored in tables, including source tables populated
through APIs and scripts as well as the final reporting table. Accordingly, the study focuses
on assessing data quality across this pipeline within the organization’s current setup.

Since multiple source systems are available, the scope is further limited to two source
systems and their related datasets. Because the data contains sensitive customer
information, all examples presented in the report use anonymized or fictitious data rather
than real customer data.

This study adopts a narrower scope of data quality assessment by excluding activities
aimed at improving data quality, such as data cleansing or process changes, and focuses
instead on defining, measuring and analyzing data quality.

These boundaries ensure that the study is possible within the available time frame and
maintain a clear focus on the selected data and the organizational context.

3.5 Expected Result

The study’s expected result is to deliver a multidimensional assessment of the
organization’s current data quality setup. This will be shown through:

Quantitative measurements, through data quality metrics (such as accuracy,
completeness, validity, timeliness and uniqueness) derived from the internal database
and the corresponding sources will be presented in a table. Each metric will be clustered
per dimension and will present the result of the impact the ETL process has on data
quality.

Qualitative analysis is made through an organized thematic mapping that represents the
perceptions and expectations of the employees and decision-makers. This highlights the
differences between technical data performance and the actual “fitness for use”
requirements.

The assessment of the data quality will be shown through explaining the root cause for
the effect the data has on the data quality. Through the scenario the organization has built.
To be able to give a deeper understanding and pinpoint the places where more thorough
investigation needs to be done.
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4 Method

This chapter will go through the method approach for the study. It will motivate and
explain the choice of the chosen research method but also the methods used for data
gathering and analysis. Due to the study’s purpose of creating a better understanding of
data quality issues and challenges with incomplete or ad hoc solutions being used within
the organization, the chosen method is a mixed method of quantitative and qualitative
combined with a case study as the research design together with a triangulation. There is
information regarding method choice, selections process, data collection, data analysis
and ethical research approach.

4.1 Research approach and theory building

The nature of this study necessitates an abductive approach, as neither a purely inductive
nor a strictly deductive approach can sufficiently address the research question within
the given context. A purely inductive approach is unsuitable since the study does not start
from a position where no prior knowledge is known about the area. Thus, this study is
derived from a theoretical starting point and is driven by established frameworks within
the data quality subject matter, such as TDQM and DAMA-DMBOK. Contrary, a strictly
deductive approach requires strict, predetermined hypotheses which oppose the
exploratory nature of investigating “mechanisms that cause the phenomenon of interest”
(Seddon, 2022, p. 292) through a root cause analysis.

In summary, this study applies abduction as a “logic of discovery” (Awuzie & McDermott,
2017, p.369), where the combination of existing data quality frameworks, empirical data,
and the insight of the researchers enables navigation between deductive and inductive
inferences to find the best possible explanation (IBET) for the organization’s data quality
problems (Seddon, 2022).

4.2 Research design

Research design is the “blueprint” that guides the researcher in the practice of gathering,
analyzing, and interpreting observations (Frankfort-Nachmias et al.,, 2015). It is not
merely a list of methods, rather, its purpose is to guide the research toward answering the
initial research question (Yin, 2007). Therefore, Yin (2007) argues the research design is
concerned with logical challenges that can only be solved by logical solutions, and not by
logistical solutions, such as more interviews or more data to be analyzed. If the research
design is flawed, it doesn’t matter how good the interviews are or how much data has
been collected. Explicitly, the research design’s purpose is to present evidence for the
researcher (Yin, 2007), who can then draw a conclusion that addresses the causality
between the variables under observation (Frankfort-Nachmias et al., 2015).

According to Yin (2007), a case study is defined as an empirical investigation of a
phenomenon within its contextual reality. The case study is similar to other research
strategies in that it follows a set of predetermined methods for investigating an empirical
subject. Therefore, to validate the case study as the chosen research strategy, Yin (2007)

12



(

argues that a case study has its clear advantage when “a "how” or "why” question is being
asked about a contemporary set of events, over which the investigator has little or no
control” (Yin, 2007, p.9). Furthermore, as investigating a phenomenon within its real-
world context can reveal that the boundaries between them are not clearly evident, the
case study strategy becomes essential. Unlike other strategies that either deliberately
isolate the phenomenon or have trouble investigating contextual variables on a deeper
level, a case study is appropriate if the researcher aims to investigate the circumstances,

trusting that they are highly relevant to the studied phenomenon.

The nature of this study aligns with Yin's (2007) rationale for choosing the case study as
a research strategy, since the examination of data quality is highly dependent on
contextual variables to meet the definition of “fitness for use” by the consumer. The aim of
the study is to investigate any root causes related to data quality within the phenomenon
of the implemented ETL solution and possible discrepancies between the measured data
quality and stakeholder expectations. Thus, it necessitates an investigation of the context,
in this case the organization, to gather as many variables as possible to explain causal
relationships more accurately. Further justification for choosing a case study is that the
phenomenon under study is current rather than historical, and the researcher has no
control over the events being studied.

Specifically, this research adopts an explanatory embedded single-case study design (Yin,
2007). An explanatory approach is necessary to determine the causal links behind data
quality symptoms. A single-case study design is valid as it represents a typical case of an
organization who struggles to implement an integration solution that satisfies the
requirements of its consumers (Batini & Scannapieco, 2016), and where discrepancies
between objective data quality assessment and stakeholder expectations might exist
(Pipino et al., 2002). The motive for an embedded design is the identification of a main
unit of analysis, specifically the assessment of data quality in the organization’s integrated
database. Thus, according to Yin (2007), enables the appearance of subunits which may
provide significant opportunities for in-depth analysis and thereby deepen insights into
the single case. These subunits are defined as (1) the technical impact of the ETL process
and (2) the subjective expectations of stakeholders. This subdivision facilitates the
inclusion of both technical and organizational variables in the study’s root cause analysis.

This ambiguously defined boundary between phenomenon and context creates
implications that the chosen methods, including data collection and data analysis, must
adhere to. It leads to a technically distinctive situation where the researcher is faced with
far more variables of interest than data points. Consequently, Yin (2007) argues in favor
of the solution where the researcher must rely on various sources of evidence, allowing
data to converge in a triangulating way. Accordingly, any finding or conclusion derived
from a case study using multiple sources of evidence is presumably more convincing and
accurate (Yin, 2007).
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Yin (2007) also argues that one should formulate propositions to guide the analysis in the
right direction in order to answer the research question. These propositions are based on
the background and the problem area, and together they are formulated prior to the
analysis:

1. Organizations hold a very optimistic view that the data quality in the source
systems is accurate and that data quality problems are introduced primarily into
their systems after they have retrieved the data.

2. There are more technical issues affecting data quality than operational issues.

3. Data custodians have an insufficient understanding of how and why data
consumers use the data.

4. Data consumers have little to no insight into how the data is created and
maintained.

5. Data quality deficiencies lead consumers to implement their own reactive
solutions instead of relying on proactive solutions within the ETL process.

4.3 Choice of method

The choice of method was based on the fact that two different types of measurements
need to be taken: first, the subjective expectation, which is qualitative and requires an
understanding of why and what is expected, and therefore a mixed-methods approach is
adopted. Then there is the technical impact, which is quantitative and concerns what is
actually present in the data. This is done through a database that shows what the data
indicates and through interviews that reveal why the data indicates what it does. The
reason for triangulation is that Yin (2007) argues that when there are more variables than
data points, one must rely on multiple converging sources. From the research question,
two components can be identified: the ETL impact (quantitative) and alignment with
stakeholder expectations (qualitative), which means the method must be able to address
both of these aspects.

4.4 Selection process

Data and respondents are chosen according to a goal-oriented selection to ensure the data
and respondents are relevant to the research of data quality assessment. Criteria for the
data selection:

- Different types of sources

o System sources, customer sources and internal sources
- Bigger data sets

o More than ten columns per table

o Atleast 1000 rows per table
- Stores data that reflects a real object

Criteria for the respondents:

- Different roles within the organization
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o Examples data analyst, general IT or sales rep
- Different levels of knowledge regarding data quality

Both the data and respondents are chosen from these sets of criteria within the
organization which is studied. This is to ensure the study holds the same relevancy
throughout the whole study and the result.

4.5 Data collection

Data is gathered through semi-structured interviews and an assessment of data quality
dimensions within the selected sources. This approach enables a dual perspective on data
quality by combining empirical objective measurements with the experiences of
respondents.

4.5.1 Qualitative (Interviews)

The interviews are structured after this:

- In person or digital platforms (Teams)

- Between 20-30 minutes

- Recorded to be transcribed for analysis

- Respondent can read through transcription
- Focus on the subject matter of data quality

And have these themes as focus:

Perceived thoughts about data quality

Challenges with data quality and its effects on decision support systems
Success factors derived from data quality

Requirements connected to data quality

BN e

4.5.2 Quantitative (Data quality metrics)

The quantitative data collection in this study was structured according to the TDQM
framework, whose theoretical cycle is based on continuously defining, measuring,
analyzing, and improving data quality to ensure high-quality information products within
the information manufacturing system (Wang, 1998). The data collection was conducted
pragmatically, drawing inspiration from the practical application described by
Rahmawati et al. (2023) (see Figure 3), who demonstrated that TDQM is an effective
method for extracting and assessing data quality metrics using structured database
queries. Since direct access to the production environment was unavailable, these
measurement methods were instead applied to an exported dataset provided by the
organization and thus limited to a sample and not all the records. However, in accordance
with the methodological scope outlined by Wahyudi & Isa (2023), the study was limited
to covering only the first three steps of the TDQM method. Consequently, the final
improvement phase was excluded as it was deemed irrelevant to the purpose of this study
(see Figure 3).
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A: Select tables &
determine each quality

A: Create query & grab
information needed

A: Analyze the problem
found

dimension

B: Determine expected
criteria & data quality
problem

B: Visualize data quality

B: Execute query measurement result

C: Calculate business rule
to meet the requirements
(in %)

C: Define how to measure
data quality

C: Analyze root cause

Figure 3 - TDQM method inspired by Rahmawati et al. (2023), although a modified version in which the improvement
phase was omitted because it is irrelevant to the study.

4.5.2.1 Define

In line with the TDQM methodology described by Rahmawati et al. (2023), the “Define”
phase begins with step 1A (see Figure 3 in point 1A), which involves selecting the tables
and determining the relevant quality dimensions. The tables for this study were chosen
based on the selection criteria established in previous chapters (see chapter 4.4). To
effectively analyze how data quality is affected during data processing, the selected
dataset represents two distinct stages in the data lifecycle: one table containing the raw
source data and the other table containing the same data after it has been processed
through the ETL process.

According to Dama International (2024), the first principle of Data Quality Management
is to focus improvement efforts on the data that is most important to the organization and
its operational success. Since organizations handle enormous amounts of data of varying
importance, Critical Data Elements (CDE) provides the necessary scope and focus to
ensure that data quality efforts have a direct and measurable impact on business needs.

In line with this concept, the tables selected for this study consist of both CDEs and non-
critical data elements (NCDE). According to the definition by Dama International (2024),
a CDE is an attribute that, if missing or of poor quality, would have a significant negative
impact on the organization’s success or daily operations. In contrast, an NCDE represents
data that falls below this threshold of operational importance. To effectively prioritize
these elements, Dama International (2024) proposes a value-based prioritization
approach that establishes a sliding scale of criticality, based on how the data is consumed
in business processes.
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To operationalize this theoretical sliding scale, a numerical ranking method was applied.
All attributes from the respective datasets were sent to the organization’s data custodian.
The custodian evaluated and ranked each attribute on a scale from 1 to 10, where lower
scores represented data that is “nice to have”, and higher scores represented data “the
company cannot function without”. After the evaluation, every attribute assigned a score
of 7 or higher was officially classified as a CDE. Consequently, attributes with scores below
this threshold were labeled as NCDEs and were intentionally excluded from all direct
measurements of data quality in this study. In summary, this study utilizes the strategy to
delimit the attributes to ensure that the following measurements only pertain to data that
drives real business value.

In order to isolate and objectively measure the specific impact of the ETL process on data
quality, a secondary selection criterion was applied to the identified CDEs. Only CDEs that
were directly extracted from the source table and migrated all the way to the final table
were included in the measurement phase. These attributes are defined as Migrated
Critical Data Elements (MCDE). Critical attributes generated exclusively during the ETL
process itself, as well as attributes that are intentionally filtered out during extraction,
were excluded from the quantitative measurement. The use of MCDEs ensured complete
traceability and enabled a reliable side-by-side comparison of the data’s state before and
after the data transformation. In summary, the categorization of attributes was conducted
in a sequential, two-phase process:

- Phase 1: All attributes within the investigated datasets were first defined as either
NCDE or CDE based on the data custodian’s value-based ranking.

- Phase 2: Once defined, the identified CDEs were further examined to isolate which
specific attributes met the migration criteria to be classified as MCDEs.

Once the MCDEs had been established, the second part of step 1A in Figure 3 was to
determine the appropriate data quality dimensions to measure. Rahmawati et al. (2023)
emphasize the use of an empirical method, such as stakeholder interviews, to align the
selected dimensions with the organization’s actual needs. Based on the nature of the data
and the insights gathered from the interviews, specific dimensions were selected, such as
Accuracy, Completeness, Consistency, Timeliness, Validity, and Uniqueness. It is
important to note that not all data quality dimensions are applicable always. According to
Dama International (2024), the relevance of specific dimensions depends largely on the
nature of the data and the business context. Therefore, organizations should be selective
when applying the dimensions, to ensure that they provide meaningful and actionable
insights for their specific dataset, rather than attempting to measure every possible
dimension in theory.

After selecting the tables and dimensions, step 1B in Figure 3 involves establishing the
expected criteria and identifying the specific data quality issues that may arise within each
dimension. This entails operationalizing the dimensions into concrete business rules for
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each MCDE, such as defining acceptable value ranges, expected data formats, or the
conditions that qualify as duplicate or null value.

Finally, step 1C in Figure 3 defines exactly how these data quality issues should be
mathematically measured and quantified.

A—lN
- N

Equation 1 - Calculation of metrics in this study (Rahmawati et al., 2023).

Pipino et al. (2002) argue the functional form in Equation 1, where the result is illustrated
in a positive fashion, is most preferred by managers, as it enables long-term comparisons
showing trends of constant improvement. In this formula, N; represents the total number
of assessed records, while N;refers to the number of records that do not meet the specified
criteria. The result of the formula is the data quality metric A (delta), which is expressed
as a percentage for the respective dimension.

To illustrate, consider an assessment of a product information database containing 1000
records (N; = 1000). If an evaluation identifies 100 entries with missing values in the
weight attribute (N; = 100), the data quality metric (A) for the completeness dimension
would be calculated as 1 - (100/1000) = 0.90. Consequently, the assessment
demonstrates a 90% data quality rate for that specific dimension for this attribute.

4.5.2.2 Measure

Further complying with the TDQM methodology, the process then moves on to the
measurement phase, where the data is evaluated based on the criteria and rules
established in the previous “Define” phase (Rahmawati et al, 2023). Data quality
measurements will be conducted exclusively on the selected MCDE attributes, as these
have been prioritized by stakeholders in accordance with Dama International (2024)
observation that not all data is worth the time and effort required to measure it.
Consequently, all references to measurements, data quality rules, measured values, and
attributes in the following refer exclusively to the selected MCDEs.

According to step 2A in Figure 3, the first step in the measurement phase is to create the
database queries and scripts needed to retrieve and evaluate the data (Rahmawati et al.,
2023). Instead of applying direct database queries in a production environment, Python
was used as the primary tool to extract and process the data from the dataset. Automating
the analysis and measurement of data quality is crucial for improving productivity and
eliminating human errors as data volume and complexity increase (Bhardwaj et al., 2023).
Python is a highly prominent and powerful tool for automated data analysis, thanks to its
user-friendliness and extensive library support, which creates an excellent environment
for exploring and efficiently managing complex datasets (Bhardwaj et al., 2023; Gupta et
al,, 2024). For tasks such as merging, cleaning, and assessing the quality of the selected
tables, Python provides robust modules such as Pandas. These are specifically designed
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to simplify the manipulation, cleaning, and preprocessing of structured data (Bhardwaj et
al,, 2023; Gupta et al., 2024).

Step 2B in Figure 3 involves running these scripts on the collected data (Rahmawati et al.,
2023). In addition to the purely technical advantages, the use of an open-source language
such as Python helps ensure that the standardization and evaluation of the databases can
be carried out in a way that significantly improves the transparency, traceability, and
reproducibility of the research (Gotzens et al., 2019).

Finally, in step 2C in Figure 3, the results of the execution are used to calculate the
percentage of the established business rules that are met (Rahmawati et al., 2023). The
purpose of this measurement phase was to conduct an objective assessment of the actual
state of the data. This objective measurement result then served as a basis for comparison
with the stakeholders’ subjective assessments, with the goal of identifying discrepancies
and determining the underlying root causes (Pipino et al., 2002) (for further details on
this, see chapter 4.6.3).

Furthermore, the results of this objective collection of quantitative data, formatted as data
quality metrics, were used as a direct starting point for investigating the root causes of
the identified data quality issues in the subsequent analysis phase (see step 3 in Figure 3).
To present these results and identify patterns in the collected data, Python offers easy-to-
use visualization libraries such as Matplotlib. This library provides a simple interface for
basic plotting and enables the creation of clear, insightful graphs and charts (Bhardwaj et
al,, 2023; Gupta et al., 2024). In summary, Python was applied to increase transparency,
optimize analysis, and reduce human error in data management. Furthermore, Pandas
enabled systematic data manipulation, while Matplotlib was used to generate
visualizations that facilitated both pattern analysis and the final presentation of the
measurement results.

4.6 Data analysis

4.6.1 Transcription

In qualitative research, transforming speech into text is not exclusively an administrative
task, but rather a foundational stage in the data analysis (Wellard & McKenna, 2001).
Therefore, the method for transcribing should be chosen based on the theoretical basis of
the specific study (Halcomb & Davidson, 2006).

Transcribing manually can be time consuming, and may affect the researchers interest for
interviewing (Wellard & McKenna, 2001). Additionally, the result of the transcription may
be impaired through interpolation, which is the insertion of missing words or grammar.
Consequently, this may alter the conversation, risking an analysis of a newly created text
rather than the actual interview.

To mitigate these issues, this study utilized intelligent speech recognition technology for
the initial transcription process. However, Al-generated transcriptions are not perfect, as
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they present grammatical challenges, such as the incorrect use of punctuation, speech
fillers (um, eh, ah) and homophones (Eftekhari, 2024). Therefore, the researchers
manually review and “clean” the transcriptions against the original audio recordings to
ensure its accuracy and readability.

As described by Wellard & McKenna (2001), pseudonyms are used to refer to an
individual while maintaining confidentiality. Therefore, within the transcription of this
study, pseudonyms are used for identifying characteristics, such as names of software
systems, stakeholders and companies, to prevent the information from being traced back
to the organization.

4.6.2 Thematic analysis

Through the gathered data it will be analyzed with a thematic analysis, to create an
organized and structured analysis of the data. To ensure the data analysis is handled in
the correct way Braun & Clarke (2006) gives six phases to follow in Table 1.

Phase ‘ Description of the process

1. Familiarizing yourself with your data Transcribing data (if necessary), reading and re-
reading the data, noting down initial ideas.

2. Generating initial codes Coding interesting features of the data in
systematic fashion across the entire data set,
collating data relevant to each code.

3. Searching for themes Collating codes into potential themes, gathering all
data relevant to each potential theme

4. Reviewing themes Checking if themes work in relation to coded
extracts (Level 1) and the entire data set (Level 2,
generating a thematic “map” of the analysis.

5. Defining and naming themes Ongoing analysis to refine the specifics of each
theme, and overall story the analysis tells,
generating clear definitions and names for each
theme.

6. Producing the report The final opportunity for analysis. Selection of
vivid, compelling extract examples, final analysis of
selected extracts, relating back of the analysis to
the research question and literature, producing a
scholarly report of the analysis

Table 1 - Phases of thematic analysis (Braun & Clarke, 2006)

Together with the Table 1 a complementary list is added as a checklist for a good thematic
analysis by Braun & Clarke (2006) in Table 2.
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Process ‘ Number ‘ Criteria

Transcription 1 The data have been transcribed at an appropriate level of detail, and
the transcripts have been checked against the tapes for 'accuracy’.

Coding 2 Each data item has been given equal attention in the coding process.

3 Themes have not been generated from a few vivid examples (an
anecdotal approach), but instead the coding process has been
thorough, inclusive and comprehensive.

4 All relevant extracts for each theme have been collated.
5 Themes have been checked against each other and back to the original
data set.
6 Themes are internally coherent, consistent, and distinctive.
Analysis 7 Data have been analyzed - interpreted, made sense of - rather than

just paraphrased or described.

8 Analysis and data match each other - the extracts illustrate the
analytic claims.

9 Analysis tells a convincing and well-organized story about the data
and topic.
10 A good balance between analytic narrative and illustrative extracts is
provided.
Overall 11 Enough time has been allocated to complete all phases of the analysis

adequately, without rushing a phase or giving it a once-over-lightly.

Written report 12 The assumptions about, and specific approach to, thematic analysis
are clearly explained.

13 There is a good fit between what you claim you do, and what you show
how have done - ie, described method and reported analysis are
consistent.

14 The language and concepts used in the report are consistent with the

epistemological position of the analysis.

15 The researcher is positioned as active in the research process, themes
do not just 'emerge’'.

Table 2 - Fifteen point checklist of criteria for good thematic analysis (Braun & Clarke, 2006)

To analyze the raw transcription and data into themes, a thematic mapping approach is
used. This allows for hierarchical visualization where main themes act as central nodes,
with related sub-themes branching out to capture more specific themes. This structure
ensures that the relationship between broad organizational challenges and specific
technical data quality issues is clearly mapped and organized.
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The approach for the thematic analysis has its drawback of being subjective, which is why
the combination of quantitative information together with the qualitative information
gathered. The information is read from different perspectives and not only using one of
the perspectives, if it’s interviews or data measurements.

4.6.3 Root cause analysis

Root cause analysis (RCA) is applied in this study not only to identify where data quality
issues arise, but also to understand why they occur. This aligns with the abductive
approach described in Chapter 4.1. This makes it possible to uncover the relationships
underlying observations of data quality issues. The RCA is divided into two parts that
address different components of the research question: Chapter 4.6.3.1 analyzes the
technical ETL process to determine where and why data quality issues arise during
integration, while Chapter 4.6.3.2 examines the degree of alignment between objectively
measured data quality and the subjective expectations of stakeholders.

4.6.3.1 Analyzing ETL

In line with the final part of the methodological framework presented by Rahmawati et al.
(2023), the study finally moves on to the analysis phase. This phase builds on the
quantitative results from the measurement phase and aims to identify and explain the
specific data quality issues that arise as data moves through the ETL process, from the
source table to the integrated table.

The analysis begins by examining the specific issues associated with each measured CDE
attribute (Rahmawati et al,, 2023) (see step 3A in Figure 3). This is done by comparing
the measured values from the source data with those from the processed data to
objectively identify where and how anomalies are introduced or worsened during the ETL
process.

To clarify these results and facilitate interpretation, step 3B in Figure 3 is applied, which
involves visualizing the data quality metrics (Rahmawati et al., 2023). Using the Python
library Matplotlib, bar charts are constructed in which each data quality business rule is
represented by a bar and segmented by dimension. In accordance with visualization
technique described by (Rahmawati et al., 2023), the rules that achieve 100% target
fulfillment are highlighted, while those exhibiting quality deficiencies are flagged for
further review. Furthermore, the average value of the information that meets the data
quality business rules within each dimension is calculated, generating an overall measure
of data quality before and after the ETL process (Rahmawati et al., 2023).

The most critical stage occurs in step 3C in Figure 3, where the objective quantitative data
forms the basis for an in-depth root cause analysis. Rahmawati et al. (2023) describe that
detected problems must be examined to determine the underlying cause of the error and
then validated with the system’s developers (data custodians). In this study, this step is
operationalized through a two-part process. First, a technical investigation is carried out
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in the dataset to identify exactly where in the ETL logic the error occurs (e.g. incorrect
mappings).

This is followed by targeted, asynchronous communication (via email) with the
organization’s data custodians to validate the technical findings. The identified ETL
anomalies are communicated to stakeholders in writing, giving them the opportunity to
explain the underlying business or process-related reasons for why the data or logic
appears as it does. This written follow-up serves as the final phase of the study’s
explanation building process. To analyze the collected responses, IBET was applied. By
iteratively and systematically testing the technical evidence from the data against the
various explanations that emerge in the email communication and previous interviews,
the most probable and logical root cause can be determined. This precise approach
ensures that the root cause analysis not only identifies where the ETL process fails from
a purely technical standpoint, but also objectively demonstrates why. This ultimately
enables a well-founded categorization of the problem areas in accordance with
Rahmawati et al. (2023) methodology.

4.6.3.2 Analyzing objective vs subjective

The comparison is based on the quantitative measurement results derived from the
dataset, contrasted with the qualitative expectations that emerged from the interviews.
By identifying gaps, such as when the measured accuracy of the data is 85% but
respondents say they perceive it to be 100%. In other words, these are the gaps between
the actually measured quality and the perceived quality. Pipino et al. (2002) argue for
combining objective measurement with a subjective assessment from respondents, which
is used in the study. In chapter 6.2, the comparison will be presented, and the results of
the comparison will be discussed in Chapter 7.

4.7 Ethical research approach

Throughout the interviews ethical research guidelines to ensure the respondents’
integrity and confidentiality are used. Guidelines from Vetenskapsradet (2024) was used
to ensure this. In the interview area these guidelines are used:

- Informed consent been given before the interviews.
- Personal information anonymized

- Data secured with GDPR’s guidelines

- Recorded information deleted after transcription

In the data received from the organization these guidelines are used:

- Information anonymized (example customer information)
- Data secured with GDPR’s guidelines

- Data deleted after analysis is done

- Privacy and integrity of the organization
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The data gathered is altered to ensure this privacy concern. It will keep the same
structure, for example if there is another organizational id, name or personal information
in the tables this will be replaced with similar but fake information. It will not be altered
to change the results of the measurements.
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5 Material Presentation

This chapter goes deeper into the material gathered for the study. The study’s empirical
material is based on five semi-structured interviews with employees within the
organization with a key role. The second part is based on the actual datasets, more
specifically, four different tables, two external and two internal. And information
regarding the established baseline metrics such as accuracy for example.

The various data sources provided different types of information, including where the
data came from and what it contributed. The interviews provided the qualitative material
for the thematic analyses, which covered challenges, stakeholder behavior, and trust. This
included requirement statements that defined the expected criteria for each data
dimension. Based on the dataset used in the study, the objectively measured values per
dimension were extracted.

5.1.1 Interviews

Data collected through interviews with five employees’ in various roles and departments
but work within the same organization are described in Table 3. Respondents were
chosen from an initial consultation with a primary contact person within the organization
to ensure the scope, boundaries and needs of the study were met.

One of the criteria was that the respondents interacted with the database or data used in
the study every day and use it in their decision-making process. By selecting both data
consumers and data custodians the study gained a broader perspective on the
organization’s data quality and the impact of the ETL process. The interviews were
conducted in a semi structured manner, allowing for a consistent core of questions while
enabling a flexibility to delve deeper into specific respondent insight. All the interviews
were held online and recorded to enable transcription. Furthermore, the guidelines
outlined in section 4.5.1 were applied.

Respondent Professional Data Governance Role | Time
Position (Minutes)

R1 Business Controller | Data Consumer 25

R2 Consultant manager | Data Consumer 30

R3 Sales manager Data Consumer 30

R4 IT-Architect / | Data Custodian 30
Consultant manager

R5 Operations manager | Data Custodian 30

Table 3 - Interview overview
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To provide an overview of questions used in the interviews, the information is displayed
in a table. The overview includes information about reasons related to the questions
asked, such as requirements, thresholds, expectations, and current ways of working.
These are used to link to a question area to guide the specific questions to be asked in
the interviews. Based on these question areas, the table also shows which respondents
were asked questions in that area to provide an overview of how questions and answers
were addressed.

Reason Question area ‘ Respondent asked

Current way of working Role and dependencies on data | All (R1-R5)
for decisions

Requirements, thresholds Required update frequency R1,R2,R3

Current way of working Behavior when data appears R1,R2,R3
incorrect

Expectations, requirements, Acceptable level of correctness R1,R2,R3

thresholds

Current way of working Insight into the data origin R1,R2,R3

Current way of working Name matching & format R4, R5
differences between systems

Requirements Requirement gathering and R4, R5
prioritization

Expectations Vision for improving data All (R1-R5)
quality

Table 4 - Interview question areas and the link to the study’s concepts

The responses gathered within these question areas (see Table 4 above) form the
empirical basis for the thematic mapping presented in chapter 6.1. The mapping is
constructed to provide a clearer picture of how respondents perceive the current data
quality, what they identify as the main problems, and what expectations they hold
regarding it.

5.2 Dataset

The selected dataset is described in Table 5. Two of the tables are from external sources
referred to as System X and System Y. The other two tables are the same but are designed
to consolidate data from System X and System Y into a single denormalized table
containing all the data used by the organization, also referred to as the One Big Table
(OBT) schema. The data is limited to 1,000 rows per table provided by the organization.
The total number of attributes provided by the four datasets is 118, whereas the CDEs
identified by the stakeholders total 52, and further narrows down to 16 MCDEs.
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Table name State Structure Attributes

X Source Exported from | Structured 17
System X

Y Source Exported from | Structured 21
System Y

X MonthlyView | Revised from X | Structured 41

source table

Y MonthlyView | Revised from Y | Structured 41
source table

Table 5 - Dataset overview

Attributes divided into MCDE, CDE & NCDE

MCDE 41 4
40 | ™= CDE
NCDE
30 -
et
5 21
S
20 - -
10 -
0

X Source Y Source X MonthlyView Y MonthlyView
Table Names

Figure 4 - An overview of the total amount of attributes that are labeled as MCDE, CDE or NCDE.

5.3 Data quality business rules

The interviews provided the fundamental qualitative information needed to establish
data quality requirements across the various dimensions. However, taking into account
the needs expressed by the respondents, these requirements were also combined with
the characteristics that define the master data used in this study. According to Dama
International (2024), master data is by definition critical. This leads to the methodological
conclusion that regardless of whether data consumers subjectively stated an acceptable
accuracy level of 80% or 100%, the critical nature of these specific MCDEs requires that
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the data must always be completely accurate. Consequently, the measurement threshold
is strictly set at 100% for these attributes.

Furthermore, unclear expectations and needs among stakeholders must be translated
into concrete, measurable rules for each dimension and attribute. It is the researchers’

task to interpret these qualitative, and sometimes vague, requirements and align them
with expected criteria and thresholds.

Dimension

Respondent requirement

Expected criteria

Completeness

“Match the [Entities] to the
customers and to record the
name and model.” - R5

EntityName and EntityModel
must be present.

validity

“Yes, all systems have different
names for, well, what is an entity.
So it has been a bit of a challenge
trying to establish some kind of
standard.” - R5

Must follow defined rules set by
organization

Accuracy

“It's even worse, because we also
use [INTEGRATED DATABASE]
for invoicing. And that can go
really wrong. We might earn too
little money, or we could send out
an invoice that is completely
incorrect.” - R3

“Customer names contains the
letters d, d, and o, the [SOURCE
SYSTEM Y] portal doesn’t
support.” - R2

Must be matched to a real-word
object

Uniqueness

“We have [...] an internal ID,
which is our unique ID for the
customer. But it does not exist in
the [SOURCE] systems, which
creates a limitation. [...]. For the
initial setup, we use the customer
name, because that is what we
can link initially." - R4

Must be one record per
customer

Timeliness

“Alteast once a day” - R1

“Nightly runs are enough” - R3

Must be updated or gathered
once a day

Table 6 - From respondent requirement to the data quality rule applied in the measurement.

The final business rules are therefore a combination of the empirical needs of the
stakeholders and the critical nature of the data itself. For example, when stakeholders
express general frustration that certain data is “incorrect” and state a need for the
attributes to be “correct”, the researchers link this to specific attributes and the most
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relevant, measurable dimensions. R1 provided a clear example of this phenomenon: “The
figures must, of course, be completely accurate”, where the mentioned “figures”is up to the
researchers to specify, depending on the context in the interview. The requirement that
CustomerName must be “correct” is linked, for example, to the Completeness dimension
(meaning it must not be NULL or empty) and the Accuracy dimension. For Accuracy, the
value is evaluated against an officially verified source, such as a Swedish government
authority’s database, which in itself involves a validity check regarding the correct
formatting of registered CustomerNames.

Unique Attribute

Table

Dimension

Expected Criteria

Measurement
method

CustomerName X1 Completeness Must contain a value Look for NULL or
X2 empty values
Y1
Y2 Accuracy Must have a value that | Compare the value
corresponds with an | against an officially
official verified source | verified source by the
by Swedish government. | Swedish government.
EntityName Y1 Completeness Must contain a value Look for NULL or
Y2 empty values
Validity Must contain a value that | Match  the  value
corresponds with the | against a conformed
conformed standard | standard naming
naming convention | convention
determined by  the | determined by the
organization organization.
EntityModel Y1 Completeness Must contain a value Look for NULL or
Y2 empty values
ServiceAgreement Y1 Completeness Must contain a value Look for NULL or
Y2 empty values
Validity Must contain a value that | Match  the value
corresponds with the | against a conformed
conformed standard | standard naming
naming convention | convention
determined by the | determined by the
organization organization.
NumberOfUsers X1 Completeness Must contain a value Look for NULL or
X2 empty values
WriteDate X1 Completeness Must contain a value Look for NULL or
X2 empty values
Y1
Y2

Table 7 - Dimensions with expected criteria and measurement method per unique attribute.
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Measurements should also be performed on the uniqueness dimension, this is done by
selecting the minimum number of attributes required to form a unique row in the table
and measuring only the duplicate rows based on those attributes. In dataset Y, these rows
consist of the attributes “EntityName” and “WriteDate”, and in dataset X, these rows
consist of “CustomerName” and “WriteDate”. These attributes were chosen because they
are the most unique that can be combined as a composite key, since no primary key is
available in our measurements.

Measurements on the timeliness dimension were also intended to be performed, but
within the scope of this study, this is not possible. Since there is no reference date for what
“WriteDate” to use, only a date that has no reference point and limits any measuring on
the timeliness dimension. However, what was to be investigated regarding timeliness was
whether “WriteDate” is sufficiently timely for users, as they have specified a requirement
that data must be available within one day for use. This would have been done by using a
reference date and comparing it to “WriteDate” to create a picture of what is and is not
achieved according to user requirements.

Another dimension that should have been measured is consistency, but due to the scope
of the study, this is not possible either. The consistency dimension requires that the same
data attributes be represented across multiple sources simultaneously for cross-
validation, which the dataset used in the study does not support.
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6 Analysis

The purpose of the analysis chapter is to analyze the data gathered. This is done through
two distinct parts consisting of qualitative and quantitative data. The qualitative data
consists of interviews and the thematic analysis of those interviews. The quantitative data
consists of measurements taken on systematically selected parameters and attributes.

6.1 Thematic mapping from interviews

The thematic mapping is based on the interviews presented in chapter 5. Transcriptions
were created from the five interviews and linked to the thematic mapping. This was done
in order to examine the codes, sub-themes and ultimately the themes that emerged during
the interviews.

The codes were developed through abductive reasoning based on the transcriptions
produced from the interviews. All the interviews were reviewed and categorized
according to the scenarios and conclusions that emerged, which then formed the basis for
the codes used in the analysis.
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Figure 5 - Frequency of codes across interviews graph

The most frequently identified code in the transcripts was “Update delay”, there was only
of the codes that was identified in all interviews “Loss of trust”. This was evident among
all respondents, making it a key area for continued focus. All codes are shown in the Figure
5 to provide an overview of the key themes that emerged from the various interviews and
how the respondents’ answers were linked to the codes.
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The pattern that emerges in “Update delay,” was that it was the most frequently cited
issue. This is also evident in how respondents answered, as seen in R1’s response for
example: "I don’t really think so. I figure that if we’ve been out on a big [assignment] with a
client, then a week... that information could be really outdated. You’d like it to be updated
several times a day, but at least once a day”, where they describe that information must be
available at the relevant times, which can be linked to the data quality dimension of
timeliness.

But the fact that “loss of trust” is a recurring theme among all respondents also creates a
pattern. For example, R3 responded: "Data quality is, of course, extremely important.
Because if credibility falls, then it’s not just one thing that falls. Then everything falls”. And
R4 with the example: “Yes, the expectation is that it should be accurate. That’s what I expect,
but I know we’re not there yet”, which shows that both data consumers and data custodians
view the data quality dimension accuracy as a key point.
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Figure 6 - Codes and sub-themes overview

Sub-themes were also derived from the codes to provide a clearer picture of the themes.
The codes and sub-themes are shown together in Figure 6 where the connections are
indicated by arrows from oval boxes to rectangular ones.
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Figure 7 - Sub-themes and themes overview

The same type of in-depth analysis was performed again to identify the main themes to
be investigated. They are shown in Figure 7, where arrows from oval boxes represent sub-
themes leading to rectangular boxes, which are the main themes “Data quality challenges”,
“Stakeholder impact & behavior”, ETL & integration limitations” and “Requirements &
improvement vision”. These four main themes will be analyzed further together with
literature and citations from respondents.

6.1.1 Data quality challenges

As the researchers note in Chapter 2.1, data quality is a broad field, which becomes clear
when speaking with the various respondents. They have connections to the different
dimensions addressed by the research, and they have both expectations and
requirements that must be met. In turn this highlights the challenges that arise in data
quality. Since the various respondents come from different backgrounds, it is also evident
that it is not just data custodians who are concerned with the data quality but also the
data consumers. From Figure 7 there is sub-themes connected to the main theme “data
quality challenges”, these are “Timeliness & Currency”, “Accuracy & Consistency” and
“Completeness & Integrity”

Looking deeper on the first part of these, which is “Timeliness & currency” where many
respondents cite timeliness as a recurring concern, particularly regarding how often data
should be synchronized between the source system and the integrated database. R4
describes this concern as follows: “So if I enter something into a system, I need to know that
it will be correct tomorrow. If it isn't, then something is wrong”, which can be linked to
Batini & Scannapieco (2016) concept of time-related accuracy, where data reflects the
real-world state at that specific point in time. The gap between the current update
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frequency and what the respondent indicates suggests that the current ETL process is not
reliable in all cases where the data is needed on a daily basis. When decisions are made
based on data that is several days old, the practical consequence is not merely a technical
shortcoming but undermines the “fitness for use” criteria of data quality as defined by
Wang & Strong (1996), since the data cannot be used for its intended purpose at the time
itis needed.

The second section focuses on “accuracy and consistency”, where respondents attribute
accuracy to the fact that customer data appears differently in various systems depending
on its source, which affects the matching process that needs to be performed. R2 describes
this as follows: “Well, the data in the [SOURCE SYSTEM Y] portal is always correct because
that’s basically what's there. But we’ve noticed, for example, that if we add a new customer
whose name contains the letters d, d, and 6, the [SOURCE SYSTEM Y] portal doesn’t support
those characters”. This can be linked to Olson (2007), which discusses how accuracy is
fundamental and that if itisn’t correct from the start, all other dimensions lose their value.
This, in turn, is not merely a technical problem and affects the entire ETL process, as a
unique identifier for customers cannot be properly created due to limitations in the
source systems.

The final section deals with “completeness and integrity,” where respondents link
completeness to the absence of historical data or metadata, which affects the ability to
make temporal comparisons and track data. R5 describes this as follows: “That’s why it’s
important to match the devices to the customers and to record the name and model. And we
need a write date so we can see when the last retrieval took place”. This is what Wahyudi &
Isa (2023) refers to when stating that date and mandatory columns must not be null. If
this information is missing, it affects processes such as invoice reconciliation and trend
analysis, which are the respondents’ primary use cases.

6.1.2 Stakeholder impact & behavior

Based on the five respondents, there are consequences of data quality shortcomings that
go beyond technical failures and manifest as behavioral and organizational responses.
This can be linked to Wang & Strong's (1996) argument that data quality cannot be
evaluated in isolation from its consumers, since data that fails to meet user requirements
ultimately affects how those users will engage with the system. Sub-themes identified
” “Workarounds & Adaptations,” and “Business
Consequences,” each reflecting a distinct layer of impact.

within this theme are “Trust & Confidence,

Furthermore, the first section deals with “trust & confidence,” which is the most
prominent theme found throughout the respondents’ responses. This is the only sub-
theme that appears among all respondents. R3 describes trust as follows: “Data quality is,
of course, extremely important. Because if credibility falls, then it’s not just one thing that
falls. Then everything actually falls”, as Batini & Scannapieco (2016) argue that trust is a
distinct dimension of data quality and not merely a consequence, reflecting the
importance of data being trustworthy. When trust in the data disappears, the point of a
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system is lost because people turn to the source data directly instead, which defeats the
purpose of an integrated system.

As a result of this lack of trust, respondents have described how manual workarounds
have been developed to compensate for system shortcomings. R2 describes this
workaround as follows: “I can, of course, go directly into the [SOURCE SYSTEM Y] portal
and see what’s actually there right now. But I still don’t have access to see what it looked like
three months ago”. Strong et al. (1997) observe this and explains that quality issues in
information systems cause users to lose trust and create their own workarounds. While
manual workarounds solve immediate problems, they do not address future ones. This
can impact the development and trust in information systems.

Data quality issues have business implications, especially when it comes to invoicing and
external customer relations. R3 describes the business implications as follows: “We also
use [INTEGRATED DATABASE] for invoicing. And that’s where things can get really messy.
We might earn too little money or send out an invoice that’s completely incorrect”. Hasan &
Padman (2006) has also argued that poor data quality affects decision-making processes.
Consequently, data quality issues that arise do not remain confined to the organization
but affect external stakeholders and the organization’s credibility.

6.1.3 ETL & Integration limitations

In interviews with respondents, they pointed out not only technical shortcomings but also
how processes, governance, and external shortcomings affect them. This, in turn, impacts
ETL & Integration and imposes limitations on it. Dama International (2024) argue that
data quality efforts require data governance to improve processes that prevent data
quality errors and delegate responsibility to roles that manage data quality activities. Sub-
themes linked to this theme are “Process Weaknesses” and “Technical Root Causes” and
will be analyzed further.

Some respondents point to organizational and procedural shortcomings, rather than
technical issues, as a key cause of the data quality problems, which are linked to
weaknesses in the processes. R5 describes this by saying: “The biggest challenge is really
that we aren’t database administrators here, so we don’t know how to structure the data in
a database” as Dama International (2024) mention and as discussed earlier, highlighting
the need to delegate the work to relevant roles to address the issues. If clear roles
regarding data do not exist, quality issues will not be identified and will only be addressed
when someone happens to notice that something is wrong.

In addition to process deficiencies, there are technical aspects of external source systems
on which the organization depends but over which it has limited control, and which have
an impact. R5 describes this by explaining: “We have about twenty different systems from
which we retrieve data. Most often, it is retrieved via a vendor through some kind of API or
endpoint”. Batini & Scannapieco (2016) describe this in terms of data integration and the
challenges of harmonizing data from heterogeneous source systems. Since the
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organization do not own the external source systems but an external vendor owns them,
this means that the organization cannot address technical incompatibilities, instead, the
ETL process is the only place where compensation for such issues can be implemented.

6.1.4 Requirements & improvement vision

Respondents in the interviews also expressed their expectations and visions regarding
data quality, with a view to improving it. This is something that Wang & Strong (1996)
discusses, noting that data quality requirements vary entirely depending on the context
of use. The sub-themes on which this theme was based were “Data Quality Requirements”
and “Improvement Strategies.”

During the interviews, respondents also expressed clear expectations regarding what the
system needs to deliver, with a focus on update frequency and billing accuracy. R1 puts it
this way: “... we have six business days after the end of the month to report all our figures
... and this is something Wang & Strong (1996) mention: that data requirements vary
entirely depending on the use case. Since the requirements are not abstract wishes but
are tied to business processes with deadlines, they become minimum requirements
rather than improvement goals.

The final point raised by respondents is not only about problems but also describes how
they see opportunities for development, with a centralized shared data source and
increased automation being the main focus. R4 describes this as follows: “For me, data
quality means not only that it should be accurate, but also that it should be accurate
regardless of which platform I use”, a point that Batini & Scannapieco (2016) also argue for
through consistency and the idea that the same data should be represented identically
everywhere, regardless of where it is used. This is in line with what the literature defines
as the goal of data integration, but it requires that processes and technical shortcomings
previously identified need to be addressed.

6.1.5 Thematic analysis summary

The thematic analysis demonstrates how all the themes that have emerged can be linked,
this is done by addressing the challenges identified in the data quality. The limitations of
the ETL process are discussed, and the outcomes are examined in terms of their impact
on and behavior of stakeholders. Stakeholders then wish to raise their requirements and
suggestions for improvement in order to find a solution to the data quality issues.
Together, the themes suggest that the current ETL setup introduces data quality problems
that extend beyond technical boundaries and affect stakeholders’ trust and behavior. A
quantitative analysis of the data will now be conducted to determine whether the
objective picture yields the same results as the qualitative, subjective portion.

6.2 Data quality dimensions from dataset

To make it easier to interpret the following data quality metrics, a strict threshold is
applied, where the requirement for a business rule to be considered met is a compliance
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rate of 100%. The percentage shown above each bar in the graphs in this chapter
represents the actual proportion of approved, compliant records in the dataset.

The color coding of the bars indicates the business rule’s overall status. The bar is colored
blue (Fulfilled) only if the measured value is exactly 100%. Conversely, if the percentage
of rules that meet the requirements falls below this threshold (i.e. any value other than
100%), the entire bar is colored orange (Not Fulfilled). This visualization strategy is used
to clearly highlight all data quality rules that do not meet the organization’s requirements,
regardless of how close the metric is to the target.

6.2.1 Completeness

As illustrated in Figure 8 below, a total of 16 data quality business rules were evaluated
for the completeness dimension across both the source table (X1, Y1) and the integrated
reporting tables (X2, Y2). The overall average fulfillment rate for completeness is highly
satisfactory, reaching 99.4%.

However, four specific business rules fail to meet the expected 100% threshold. These
deviations are observed in:

- CustomerName in table X2 (94.3%)
- CustomerName in table Y2 (96.8%)
- ServiceAgreement in table Y1 (99.6%)
- ServiceAgreement in table Y2 (99.7%)

A comparative analysis between the source and target data reveals a distinct pattern
regarding the ETL process. While the CustomerName attribute maintains 100%
completeness in both the source systems (X1 and Y1), it experiences a noticeable
degradation after the ETL process, dropping to 94.3% and 96.8% in the final reporting
tables (X2 and Y2, respectively). This clearly indicates that the ETL process actively
introduces missing or incomplete values for the CustomerName attribute, rather than just
inheriting existing errors from the source data.
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Metrics per business rule - Completeness
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Figure 8 - Measurement result for business rules in the completeness dimension.

During the validation phase, in consultation with the data custodians, it was confirmed
that the minor discrepancies in the ServiceAgreement attribute were not considered
business-critical and could be disregarded. Consequently, the root cause analysis focused
entirely on the degradation of the CustomerName attribute.

The application of the IBET method on the gathered qualitative data shows that the
decline in completeness is due to a combination of operational vulnerabilities and
technical ETL logic. From an operational perspective, data custodians identified manual
data entry in source systems as the primary risk factor for data quality. When employees
manually register new customers or entities, they often deviate from strict naming
conventions, for example, by omitting legal suffixes such as “AB”, changing the word
order, or using internal nicknames instead of the official company name.

From a technical perspective, the organization’s ETL architecture uses a lookup table to
integrate data from various source systems, and relies heavily on the exact string value of
the customer’s name to establish a match and assign a unique internal ID. Since the ETL
process is primarily designed for filtering and matching rather than advanced data
cleansing, these manual spelling variations in the source data cause the mapping logic to
fail. When a match cannot be established in the translation table, the relational link to the
customer entity is broken during the transformation phase. As a result, the ETL process
generates records with missing CustomerName attributes in the final reporting tables (X2
and Y2), which fully explains the observed loss of complete values.

The operational reason for the missing CustomerName attributes can theoretically be
explained by what Dama International (2024) defines as a lack of consideration for
downstream processes. The employees who manually enter data into the CRM source
system work in a silo and are often unaware that omitting legal suffixes (such as “AB”)
directly breaks the deterministic ETL mapping logic downstream.
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To reduce these errors in manual data entry, the organization has attempted to implement
corrective measures. During the interviews, the data custodians explained that the
importance of correct naming conventions is frequently discussed at the biweekly
business meetings. Additionally, a custom Power BI dashboard has recently been
developed to enable consultants to manually verify whether their registered clients are
correctly matched across systems.

However, these measures are fundamentally lacking, as they are purely reactive and rely
entirely on individual vigilance rather than systematic checks. According to Dama
International (2024), this aligns with data quality issues caused by poor oversight and
weak business governance. DAMA emphasizes that data disparity, such as differences in
data structure, format, and use of values, is a major obstacle to data integration, and that
relying solely on manual interventions or educational efforts is ineffective. Because the
organization treats these naming discrepancies as a behavioral issue to be corrected after
data entry, rather than implementing proactive data management and strict editing
controls at the source, the root cause remains unresolved. Consequently, this lack of
structural oversight causes data discrepancies to persist, which ultimately leads to errors
in ETL mapping and the observed decline in completeness.

6.2.2 Validity

As presented in Figure 9 below, a total of four business rules were evaluated with
reference to the validity dimension. Furthermore, each business rule originated from
System Y. The average score for these rules is 86.67%, and it is worth noting that none of
the individual rules reached the required threshold of 100%.

The evaluation reveals significant validity issues in both the source table (Y1) and the
integrated reporting table (Y2). The EntityName attribute exhibits a particularly low
compliance rate, with only 75.4% valid entries in Y1 and 75.5% in Y2. The
ServiceAgreement attribute performs better, but still falls short of the target, with 97.8%
valid entries in Y1 and 98.0% in Y2.

It is important to note that the small percentage variation between Y1 and Y2 (97.8%
versus 98.0%) does not represent an actual change in the underlying data values. As
described in the methodology (chapter 4.5.2.2), validity is measured sequentially after
incomplete records have been filtered out. The small percentage shift is a purely
mathematical effect caused by a varying total number of records (n) used in the validity
check, due to the prior filtering for completeness.

The most significant finding of this analysis is the lack of quality improvement. The fact
thatincorrect formats from the source system (Y1) appear directly in the final report table
(Y2) suggests that no data cleansing or standardization took place during the “Transform”
phase of the ETL process. Consequently, the ETL process neither degrades nor improves
the validity of the data, it simply passes existing errors from the source further down the
chain.

39



Metrics per business rule - Validity
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Figure 9 -Measurement result for business rules in the validity dimension.

During the validation phase with the data custodians, the technical reasons for this lack
ofimprovement were confirmed. The data custodians confirmed that the ETL architecture
is not designed to format or standardize strings. As one of the data custodians (R5)
explicitly pointed out in their interview: “We don’t do much data cleansing, it’s more about
filtering or matching”. This design choice explains why all validity errors from the source
are carried over to the final reporting tables.

Besides the technical ETL limitations, the analysis of the underlying causes revealed clear
operational reasons for the respective attributes. Regarding the low degree of fulfillment
for the EntityName attribute (~75%), those responsible clarified that the specific
formatting standard applied during the initial measurement (e.g., strict rules for capital
letters) is not considered particularly business-critical, as these names are primarily used
internally by consultants. However, the high error rate highlights an underlying lack of
standardized naming conventions within the organization’s manual processes.

More importantly, this discussion led the custodians to specify a more relevant validity
rule: an EntityName should ideally include an abbreviation of the CustomerName (e.g., an
entity belonging to “Soccer Carpentry” should have “SC” in its name) to ensure
traceability. From a methodological perspective, this is an important finding. It is
empirical evidence of the fundamental principles of the DAMA-DMBOK (Dama
International, 2024), and TDQM (Wang, 1998; Rahmawati et al., 2023) frameworks,
namely, that data quality assessment is not a single, isolated event but a continuous,
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iterative process. The measurement results effectively push the process back to the
“Define” phase, from which new, improved business rules can be established for future
iterations.

Finally, the analysis of the ServiceAgreement attribute revealed another root cause. While
those responsible noted that certain minor deviations were negligible (similar to the
completeness dimension), the measurement successfully identified a critical operational
error. The invalid records were traced back to an ongoing operational task where
employees were in the process of replacing an entity for a customer but had failed to
complete the system update correctly. Therefore, the root cause of the discrepancies in
ServiceAgreement is strictly classified as a human operational error during manual
service delivery, which demonstrates the measurement tool’s effectiveness in detecting
process errors in real time.

6.2.3 Accuracy

As shown in Figure 10 below, a total of four business rules were evaluated with respect
to the accuracy dimension, all of which specifically concerned the CustomerName
attribute. The measurement results show an overall average of 68.48% correct entries in
the evaluated tables. Since none of the individual measurements reached the required
threshold of 100%, all rules are marked as “Not fulfilled” in the graph.

Unlike the previously analyzed dimensions, the results for accuracy show a significant
positive impact from the ETL process. A comparison between the source data and the final
reporting tables shows a clear increase in the number of correct attributes. In System X,
the number of correct records increases by 9.9 percentage points, from 84.1% in the
source table (X1) to 94.0% in the final reporting table (X2).
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Metrics per business rule - Accuracy
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Figure 10 - Measurement result for business rules in the accuracy dimension.

The quantitative results for the accuracy dimension revealed a critically low baseline level
in System Y’s source data (13.3%), followed by a significant improvement after the ETL
process (82.5%). Through an analysis of the root causes and qualitative interviews with
stakeholders, the underlying technical limitation was identified. The source

Y lacks built-in support for Swedish characters (4, A, 0) in the CustomerName attribute,
forcing users to enter incorrect variants of company names. The subsequent 69.2
percentage point increase in accuracy demonstrates that the ETL process effectively
functions as a cleansing mechanism, where mapping tables are used to correct these
limitations in the source system before data is stored in the final reporting environment.

However, this doesn’t explain all the inaccuracies apparent in the CustomerName
attribute. The cause of the other inaccurate values is shared with the previously described
issue in the completeness dimension where a user can manually enter a value into the
CustomerName attribute. These unvalidated, inconsistent manual entries explain the
inaccurate values in the source tables, which further explains the limitation this puts on
the effectiveness of the ETL mapping process, leaving unresolved inaccuracies in the final
dataset.

Despite this automated cleaning, however, the strict requirement for 100% accuracy is
not met. Some of the remaining errors stem from the same root cause as the completeness
issues (see chapter 6.2.1): unvalidated manual data entry. Although the ETL mapping
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process can correct systematic character limitations, its effectiveness is severely limited
by unpredictable and inconsistent manual entries in the source tables.

During the validation phase, the data custodians explained that the remaining
inaccuracies stem from non-validated “legacy” data. Previously, employees manually
entered customer names into the CRM system, which serves as the primary data source,
without validating them against official public records. While modern processes require
new customers to be thoroughly validated against public sources, the older, inaccurate
records have never been manually cleaned. Consequently, these historical manual entry
errors continue to propagate through the ETL pipeline, preventing the final reporting
tables from achieving absolute accuracy.

6.2.4 Uniqueness

As can be seen in Figure 11 below, the uniqueness dimension was measured using
composite keys customized to each system's specific level of granularity. For System X,
the composite key consisted of the attributes CustomerName and WriteDate, while
System Y used EntityName and WriteDate.

The evaluation of System X shows flawless data quality in terms of uniqueness. Both the
source table (X1) and the final reporting table (X2) achieved a compliance rate of 100.0%,
indicating a complete absence of duplicate records. Consequently, these rules are marked
as “Fulfilled” (blue).

In contrast, System Y did not meet the strict 100% requirement. Both the source table
(Y1) and the final reporting table (Y2) showed a fulfillment rate of 99.6%. Since the
measure does not reach the absolute threshold, the rule is marked as “Not Fulfilled”
(orange), indicating the presence of duplicate entries in the dataset.

When source data is compared with the final reporting tables, the results show that the
ETL process has a neutral impact on the uniqueness dimension. Exactly the same degree
of compliance (99.6%) is observed in both Y1 and Y2, showing that the ETL process
neither introduces new duplicate records nor performs any deduplication logic to resolve
the existing discrepancies.
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Uniqueness per dataset (composite key)
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Figure 11 - Measurement result for business rules in the uniqueness dimension.

During the validation phase, the data custodians confirmed that the underlying causes of
the discrepancies in uniqueness are entirely operational rather than technical. Regarding
System Y, which did not reach the 100% threshold (99.6%), the data custodians explained
that these duplicates have the same underlying cause as the discrepancies in
ServiceAgreement identified in the validity dimension (see chapter 6.2.2). The duplicates
arise as a result of human error during manual processes for replacing entities. When an
old entity is replaced with a new one, employees sometimes reuse the existing
EntityName without properly deregistering the old record, which creates duplicate active
entities in the source system that flow seamlessly through the ETL process.

Furthermore, the validation conducted in collaboration with the data custodians revealed
an important insight into how duplicates arise in System X and impact the organization.
While the measurement for System X showed 100% uniqueness based on the exact
composite key (CustomerName + WriteDate), the validation revealed the presence of
logical duplicates. Data owners explained that employees sometimes register the same
customer twice in the CRM system. Since the strings are not identical, deterministic ETL
mapping rules and uniqueness scripts fail to flag them as duplicates.

The data custodians pointed out a serious discrepancy regarding “Fitness for use” in
connection with these logical duplicates. From a financial perspective, this operational
error does not result in double billing, as the finance staff manually identifies and selects
the correct customer profile during the invoice process. However, this manual solution
does not protect the automated ETL process flowing into the final reporting table. When
the integrated data in the final reporting table (X2) is used for internal dashboards,
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attributes such as NumberOfUsers are aggregated and summed across all rows.
Consequently, the duplicate CRM records cause these metrics to be counted twice,
resulting in inflated and misleading figures in internal management reports. This
discovery clearly underscores how manual errors during data entry in source systems can
bypass ETL logic and seriously distort business information, even when the financial
transactions remain intact.

This observation perfectly illustrates the consequences described by Dama International
(2024) regarding the failure to comply with uniqueness requirements as well as poor
reference and master data management. As DAMA explicitly warns, the results of data
aggregation can be exaggerated when uniqueness is not strictly enforced in the database.
This is precisely what is observed in the empirical evidence of System X, where duplicated
instances aren’t checked, thus leading to automatic aggregation of the “NumberOfUsers”
metric being falsely inflated in internal management reports. Furthermore, Dama
International's (2024) statement that duplicate entries in the main customer list are a
common problem, directly conform to the established evidence that there exist duplicate
records for the same customer in the CRM system which is the source of the previously
stated problem.

6.2.5 Timeliness

As established in the material presentation (chapter 5.3), it was technically impossible to
perform a quantitative measurement of the timeliness dimension due to the absence of
reference points in the data. However, a qualitative analysis of the underlying causes in
the system architecture shows that this inability to measure constitutes a serious
shortcoming in data quality.

According to Dama International (2024), timeliness is defined as the time difference
between when a real-world event occurs and when that data becomes available for use.
The identified root cause of the poor timeliness quality in this context is the complete
absence of a timestamp for the real-world event. The WriteDate attribute records only the
exact moment when the ETL process extracts the information, rather than when the actual
work or event took place for the customer. Without this basic piece of metadata, it is
impossible to verify whether the stakeholders’ requirement regarding where the data
must be available within one day is satisfied. Consequently, the proven compliance rate
for the timeliness dimension is 0%.

Despite the lack of exact measurement, the analysis of the ETL time-based job scheduler
allows for theoretical conclusions regarding data timeliness. For System Y, the ETL
extraction is scheduled daily. It is therefore reasonable to assume that the data latency
does not exceed a maximum of one day, which potentially meets stakeholder
requirements. However, without the actual timestamp, this remains an unverifiable
assumption.
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Conversely, the analysis of System X, however, shows that the system clearly does not
meet business requirements. The ETL process for System X is scheduled to update only
once at the end of each month, during the last day’s extraction. Consequently, if a business
event occurs on the first day of the month, users must wait up to 31 days before the data
becomes available in the reporting environment. This structural delay directly violates
the explicit requirement for availability within one day, demonstrating that the current
ETL architecture for System X fundamentally does not align with business needs
regarding timeliness.

6.2.6 Summary of Data Quality Metrics and ETL impact

To provide a comprehensive overview of the measurement results, a summary of the
average measurement results per dimension was compiled, in which the source systems
were compared with the final target tables. As shown in Figure 12 below, a clear trend
emerges regarding the impact of the ETL process. The ETL process displays a strictly
neutral impact on both validity (remains at approximately 87%) and uniqueness (remains
at 99.80%), indicating a continuation of issues originating from the sources. In addition,
it causes a slight reduction in completeness (decreasing from 99.95% to 98.85%).
Conversely, the ETL process acts as a significant cleansing mechanism for accuracy,
improving the metric from 48.70% in the source to 88.25% in the target table. However,
since the overall organizational requirement requires a 100% fulfillment rate for all
business rules, the overall objective data quality must be classified as low, resulting in all
dimensions being flagged as “Not Fulfilled”.

Data Quality Summary — Source vs Target

99.95% o 99.80%  99.80%
100% - 98.85%

86.60% 86.75%

80% 1

60% -

Average score (%)

40% A

20% [ Source (X1, Y1)
b -

[Z3 Target (X2, Y2)
I Fulfilled (100%)
3 Not Fulfilled

0% -
Completeness Validity Accuracy Uniqueness

Figure 12 - A summary of all metrics divided into source tables and final reporting table, clustered per dimension.
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6.3 Conclusion of analysis

The qualitative analysis indicates that respondents identify timeliness, name
inconsistency, and a lack of trust as the main problems, but also note that the ETL process
is a limiting factor that affects their work. The quantitative part confirms the name
inconsistency in the data quality dimensions of validity (75.4%) and accuracy (68.48%).
One finding regarding the CustomerName attribute was that its completeness
deteriorates during the ETL process, dropping from 100% to 94.3% in System X and from
100% to 96.8% in System Y. This supports the respondents’ answers and descriptions.
The measurements revealed something not fully captured in the interviews. While
respondents described name inconsistencies caused by the source system’s limitations,
the measurements showed that the ETL process compensates for these limitations in
System Y and improves accuracy by 69.2%. This indicates that the ETL process serves in
part as a correction mechanism that stakeholders were not fully aware of. Timeliness
cannot be measured objectively, as evidenced by the absence of a reference date, which
creates a structural deficiency. However, the measurements formalize this as a structural
gap in the dataset rather than a subjective perception.

Although the quantitative data show that the ETL process acts as an unseen corrective
mechanism for accuracy, stakeholders’ lack of awareness of this improvement can be
explained by two main factors. First, there is an imbalance in the perception of data
quality within the organization. Since the baseline expectation is absolute perfection, no
attention is paid in daily work when data is converted correctly. Consequently, the
complaints highlighting poor data quality (such as missing records) naturally carry more
weight than those noting improvements in formatting.

Second, and more importantly, this discrepancy highlights a critical aspect of the principle
of “fitness for use”: the scope of an ETL improvement must be weighed against its actual
business impact. While the ETL process corrects incorrect CustomerNames (e.g.,
standardizing “Soccer Carpentry” to “Soccer Carpentry AB”), an operational staff member
may already know who to invoice based on the incorrect but understandable source
name. Conversely, a reduced completeness metric (a row that has been removed) or a
reduced uniqueness metric (a duplicated row) directly entails serious business
consequences, such as lost revenue or double billing. Therefore, the serious financial
consequences of missing or duplicated entities far outweigh the positive effects of naming
improvements, which perfectly explains the stakeholders’ overall dissatisfaction.

The measurements of all attributes show that the ETL-induced decline in the
completeness of the CustomerName attribute is the primary root cause of the negative
expectations described by stakeholders in chapter 6.1.2. During the validation phase with
the data custodians, it was found that other measured dimensions either remained
unchanged, improved, or affected attributes in specific records not considered critical to
core operations. In contrast, the completeness of CustomerName actively deteriorated,
dropping from 100% in the source systems to 94.3% and 96.8%, respectively, in the final
reporting tables.
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As established in the root cause analysis (chapter 6.2.1), this deficiency is theoretically
rooted in what Dama International (2024) defines as a lack of organizational oversight.
Because the organization relies on ad hoc and reactive corrections rather than proactive
input controls at the source, inconsistent data is allowed to arise, which ultimately causes
the ETL process’s deterministic matching logic to fail.

Dama International (2024) further argues that these barriers and structural
shortcomings have profound negative effects on an organization’s customer experience,
productivity, morale, organizational effectiveness, revenue, and competitive advantage.
This theoretical prediction aligns exactly with the empirical data collected from
stakeholders. By applying the principles of an abductive approach, it becomes clear how
the objective data loss (cause) directly manifests as the organizational effects (effect)
identified in the interviews (chapter 6.1.2):

- Business Consequences: When the ETL process loses a CustomerName, the
associated records become invisible to the billing process. This directly validates
the financial concerns expressed by R1 and R3, as missing customer tagging means
that entities and services go unpaid and “just sit there costing us money”.
Furthermore, incorrect invoice volumes lead to extensive administrative extra
work with credit adjustments and new invoices, which, according to R1, is
perceived as “rather unprofessional” and damages the customer relationship.

- Workarounds & Adaptations: The inaccurate and incomplete data forces users to
develop inefficient, manual work methods. R1 and R2 describe how they
completely abandon the integrated database when they discover errors and are
instead forced to log into the source systems individually to manually compile the
information. This significantly reduces operational productivity and creates “more
work”.

- Trust & Confidence: The ongoing data loss is causing end-users' morale and trust
in the system to decrease. As R3 points out, these shortcomings lead to a cascading
effect within the organization: “If credibility falls, it’s not just one thing that falls. In
fact, everything falls. Then people start to question everything”.

In summary, the comparison between the quantitative measurement and the qualitative
analysis shows that a seemingly minor technical drop in completeness has a direct causal
link to widespread operational disruptions. Achieving 100% completeness for
CustomerName is therefore not merely a technical goal, but an absolutely business-
critical requirement for restoring user trust, eliminating inefficient manual work
methods, and ensuring that the system meets the organization’s fundamental
requirements for “Fitness for Use”.
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7 Results

The Results section addresses the research question: “How does stakeholder expectations
and the technical process affect data quality in an organization’s internal database?” along
with information gathered through interviews and measurements. This is done in three
parts. First, how the ETL process affects data quality. Then, how stakeholder expectations
align with the measured data quality and finally how the qualitative and quantitative
analyses triangulate to reinforce the overall conclusions. Information is provided on how
the propositions discussed are also addressed.

In the first section on how the ETL process affects data quality, in the analysis information
is gathered that it has several different impacts on the data. It has a negative impact on
completeness where the measurements drop from 100% in both systems to 94.3% in
System X and 96.8% in System Y, which introduces gaps in the data. On timeliness, where
a gap arises because measurements cannot be taken and reference dates are not available,
however, in terms of accuracy, it improves the data from 84.1% to 94% in System X and
the most significant increase in System Y is from 13.3% to 82.5%. A 69.2 percentage point
increase showing that the ETL process compensates for source system limitations. And
for the dimensions of validity, it stays at approximately 86.6% and uniqueness 99.6%,
both unchanged by the ETL process.

The second part concerns whether the measured data quality meets stakeholders’
expectations. The analysis shows that these expectations are partially met. This is because
completeness reaches 94.3% in System X and 96.8% in System Y, falling short of the
stakeholder’s expectation of 100%. Accuracy does not meet expectations because it is not
100%, but there is a positive increase in the dimension and on average reaches 88.25%.
Validity remains at 86.6% and uniqueness remains at 99.6%-100% on average but both
dimensions still stay below the expectations. Furthermore, timeliness does not meet
stakeholders’ expectations because measurements cannot be taken on this dimension,
and this also affects the organization’s decision-making.

To provide a comprehensive overview of how values are measured across the various
dimensions, a table is provided. The table shows the data quality dimensions, the system'’s
originally measured quality, the quality measured after ETL, the expected quality, and the
ETL impact. As presented in chapter 6.2.6.

Dimension System X [ System Y | System X | System Y | Expected ETL
(source) (source after ETL after ETL

Completeness 100% 99.8% 94.3% 96.8% 100% Negative

Validity N/A 86.6% N/A 86.8% 100% Neutral

Accuracy 84.1% 13.3% 94% 82.5% 100% Positive

Uniqueness 100% 99.6% 100% 99.6% 100% Neutral
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Timeliness N/A

N/A

Updated once
per month

Updated once
per day

Within one
day

Not
measurable

Table 8 - Overview of values measured across dimensions

The qualitative and quantitative analyses mutually reinforce each other through the
triangulation. Respondents describe name inconsistencies and Swedish characters as a
problem, measurements also showed that the accuracy dimension in System Y’s source
data was 13.3%, which confirmed the respondent’s observations. Respondents described
their expectations regarding timeliness and their experience, within this dimension,
measurements could not even be taken due to the absence of a reference date. This not
only confirms that the problem exists but also points to a structural gap in the system. In
the completeness dimension, a decline is observed from 100% to 94.3%/96.8%, this can
be attributed to the loss of billing information, which has business implications and
subsequently leads to a loss of trust and the need for workarounds. These analyses are
presented in more detail in chapter 6.1 for the qualitative part and chapter 6.2 for the
quantitative part.

Propositions are listed below and the outcome status is explained in Table 9:

1. Organization’s hold a very optimistic view that the data quality in the source
systems is accurate and that data quality problems are introduced primarily into
their systems after they have retrieved the data.

2. There are more technical issues affecting data quality than operational issues.

3. Data custodians have an insufficient understanding of how and why data
consumers use the data.

4. Data consumers have little to no insight into how the data is created and
maintained.

5. Data quality deficiencies lead consumers to implement their own reactive
solutions instead of relying on proactive solutions within the ETL process.

Proposition ‘ Status ‘ Key Evidence

P1 Supported | Accuracy in System Y (13.3% in the source) indicates that the source
system is not capturing the correct information, but the respondents
attributed this to an ETL issue rather than the source itself.

P2 Not Chapter 6.1.3 clearly shows that governance and process deficiencies

supported play a major role. This means that this is not a straightforward case of

technical dominance

P3 Supported Since sub-themes such as workarounds and manual solutions indicate
that data consumers are finding their own ways around the system
without the data custodians’ knowledge.
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P4 Supported Since the ETL process compensates for Swedish characters in System Y
using a mapping table, a fact that data consumers were unaware of, as
confirmed in interviews.

P5 Supported Interviews indicate that data consumers log in directly to source

systems or develop their own solutions.

Table 9 - Proposition results from analysis
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8 Discussion

This chapter will discuss the various components of the study from an external
perspective. The topics to be addressed include our interpretation of the results,
methodological reflections and limitations, societal and ethical implications, the study’s
contribution to research, the possibility of generalizing the findings, and, finally, potential
future research.

8.1 Interpretation of Results

The results show that organizations need a designated person to manage data on a
permanent basis. Based on the information available, this cannot be treated as a one-
time effort, rather it requires continuous attention. Dama International (2024) also
advocates for this work to be carried out. Based on the data used in the study, it is the
“snapshot” that shows the data and how it was at a specific point in time. Wang (1998)
argues that this should be done iteratively over time, this would also have changed the
study’s results to something entirely different, for example one might have observed
that dimensions improve over time, as the organization is actively working to address
this. The study also shows that the concept of “fitness for use” (Wang & Strong, 1996)
can be applied, as the consequences of not listening to users and their needs affect
system usage. Finally, it is evident that data carries different weight in systems, for users
and for organizations, which Pipino et al. (2002) describe as a relative weighting based
on what the data is to be used for and by whom. This indicates that the results can be
linked to previous literature and that previous problems in data quality still persist.

8.2 Methodological Reflection and Limitations

Data quality research lacks a unified, universal measurement framework, as different
researchers prioritize and view the dimensions of data quality differently (Batini &
Scannapieco, 2016; Mahanti, 2019; Wang & Strong, 1996).

After conducting a thematic analysis of the respondents available in this study, it was
observed that involving data creators could provide a broader perspective on how data is
created, the challenges they encounter, the solutions they choose, and how these factors
impact data quality.

The thematic analysis was conducted twice because the first analysis was far too broad,
due to a misunderstanding of the abductive method initially was made, which resulted in
the creation of codes that were too narrow. The second time, a better understanding of
how to apply the abductive method was gained, for example instead of incorporating
dimensions into the coding, linking the codes to dimensions.

One assumption made in the quantitative method was that one should perform a
sequential measurement, removing incorrect values from the dimensions before moving
on to the next dimension. This was not addressed in the research but makes sense to avoid
double-counting values, since they have already been rejected if a dimension is not met.
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For example, if completeness is not met, validity and accuracy will also not be met, making
it difficult for a manager to analyze the actual problem.

A Python script approach was developed to measure data quality. However, established
of business rules and measurement methods were applied. As a result, the approach was
based on previous research, but the Python code was developed from scratch to generate
the analysis results.

The uniqueness dimension created limitations in the study, as measuring on the exact
value that was duplicated was possible, and not whether the same entity with different
values existed. Meaning that an entity could exist under two different names yet be saved
as two separate records.

8.3 Societal and Ethical Implications

Organization’s that rely on integrated databases for business-critical processes such as
invoicing risk making incorrect decisions if data quality is inadequate. This can have
consequences for customer trust, financial implications, and even the organization’s
overall decision-making. This is directly illustrated by R3 in the interviews “We also use
[INTEGRATED DATABASE] for invoicing. And that's where things can get really messy.
We might earn too little money or send out an invoice that's completely incorrect”. This
is something Batini & Scannapieco (2016) mentions when looking at TDWI, which
estimates that costs for American organizations exceed $600 billion annually.

The ethical aspects of the study are based on Vetenskapsradet (2024) guidelines, under
which information has been anonymized. For example, respondents are identified by
numbers, and internal systems have been renamed X and Y. Informed consent was
obtained from all participants prior to the interviews. Furthermore, the organization’s
data was stored and handled securely to uphold an ethical stance toward both the
organization and the participants.

8.4 Scientific Contribution and Generalizability

The study shows that, based on ETL correction functions, a positive picture emerges for
ETL solutions. This contrasts with previous research (Munawar, 2021; Souibgui et al.,
2019), which focuses on ETL problems and presents a largely negative view. The study
demonstrates that ETL can have both positive and negative effects depending on the
various dimensions. In the Accuracy dimension, the ETL process shows an increase of
69.2 percentage points in System Y and a decrease of 5.7 percentage points in
Completeness. This is something the literature does not clearly address. A gap was found
between ETL corrections and stakeholders’ knowledge of them. Neither Rahmawati et
al. (2023) nor Dama International (2024) addresses this type of gap. Something the
literature does not mention, as the study concluded, was the use of a sequential
measurement logic. In this approach, dimensions are measured one at a time, and if a
dimension is not met, the value is not carried forward to the next measurement. Based
on Yin's (2007) analytical generalization, the findings are not intended to be statistically
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representative but rather to support and refine existing theoretical frameworks.
Organizations with multisource ETL integrations, external system dependencies, and
limited formal data governance are likely to encounter comparable data quality
dynamics.

8.5 Future Research

There are three areas that stand out as relevant for future studies. First, measuring
timeliness, which was not possible in this study because a reference date was not
available. This means that future studies could investigate how timeliness can be
measured without access to production environments. Second, reliance on deterministic
matching was insufficient to capture similar but unique CustomerNames. Probabilistic
approaches such as fuzzy matching could be explored to address this limitation. Finally,
since the study used a “snapshot” to make measurements, a long-term study could be
conducted with iterative measurements over time to examine how data quality changes
as the organization actively works to resolve identified problems.
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