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This thesis describes the ever-increasing prevalence of organisations filled with collected
data and files, called data hoarding, and its effects on the quality of data in the form of data
degradation. Data hoarding is increasingly more common because of the sheer amount of
data collected from various sources, such as smart devices and various sensors. A lot of this
data is collected without consideration and simply for the sake of it. This study examines the
completeness, relevancy and consistency of the United States Department of Education
College Scorecard dataset to analyse how data hoarding can cause data degradation, how it
can be prevented, and the challenges to preventing it. The results of the study show that data
hoarding indeed causes data degradation, slowing down processes. It is also concluded that
data quality depends heavily on the use cases for the data, and determining which data is no
longer useful is usually not a simple task. Different data types with different use cases require
different data quality measurements.
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Téssd opinndytetydssd kuvaillaan yha yleistyvdmpad ilmioté, jossa organisaatiot kerddvit ja
tallentavat valtavia méédrid dataa ja tiedostoja nimeltddn datan hamstraus, sekd sen
vaikutuksia datan laatuun datan rappeutumisen muodossa. Datan hamstraus on yhi
yleisempad, koska eri ldhteistd, kuten dlylaitteista ja erilaisista antureista kerdtdin valtavia
madrid dataa. Suuri osa tdstd datasta kerdtddin ajattelemattomasti pelkdstddn kerddmisen
vuoksi. Tidssd tutkimuksessa tarkastellaan Yhdysvaltain opetusministerion College
Scorecard -datasetin datan tdydellisyyttd, ajankohtaisuutta ja yhtendisyyttd. Tydssa
analysoidaan, miten datan kerddminen voi atheuttaa datan rappeutumista, miten sitd voidaan
estdd ja mitd haasteita on sen estimisessd. Tutkimuksen tulokset osoittavat, etti datan
kerddminen todella aiheuttaa datan laadun heikkenemistd hidastaen prosesseja.
Tutkimuksessa todetaan myds, ettd datan laatu riippuu suuresti datan kayttotarkoituksista ja
el ole aina helppoa maiirittdd, mikd data on vield hyodyllistd. Erilaiset datatyypit erilaisilla
kayttotarkoituksilla edellyttévit erilaisia datan laadun mittaustapoja.
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Abbreviations

CSv Comma-Separated Values

DOI Digital Object Identifier

EU European Union

GDRP General Data Protection Regulation
IT Information Technology

IoT Internet of Things

LLM Large Language Model

ML Machine Learning

NA Not Available

PS Privacy-Suppressed

SQL Structured Query Language
URL Uniform Resource Locator
U.S. United States

YAML Yet Another Markup Language
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1 Introduction

With the modernisation of data storage, transitioning from paper to computers, digital data
continues to prove itself as an increasingly important resource to organisations and
companies. With the ease of data collection, data continues to be collected from social media
sites and Internet of Things (IoT) devices with minimal restraint. Even when there is no
immediate use case for the accumulated data, it is crudely collected solely for possible future
uses. The amount of digital data in the world is increasing exponentially every year, with
data storage sizes projected to triple from 173 zettabytes in 2024 to 528 zettabytes in 2029
(Wright, 2025), making data hoarding, data degradation and data quality an even more
contemporary topic than before. Hence, it is crucial to understand how the reluctance to

delete unnecessary data, known as data hoarding, may impact overall data quality.

With Machine Learning (ML) becoming more popular, researchers seem to be focusing on
the different ML algorithms and Large Language Models (LLMs) instead of collecting and
cleaning data. According to Stonebraker and Rezig (2019) many researchers have spent 90
% of the entire time of the machine learning process with algorithms and models instead of
cleaning and collecting data, when, according to Stonebraker and Rezig, it should be the
other way around. With many LLMs constantly having to train to stay up to date, the data
should be getting focus when it is seemingly more focused on algorithms and other

complicated methods.

According to the Adobe Acrobat Team (2023) 47 % of the employees said that the online
filing systems they work with are filled with outdated or irrelevant files, which makes it
harder to find the most relevant documents. It is important to understand how the careless
accumulation of data can poison old data sets, since dirty data that is too bothersome to clean
is as useless as having no data. Unlike paper and other physical ways to store data, it can be
difficult for organisations to grasp the extent of the amount of data that will never be used

but will not be deleted, for example, because it could someday become useful again.

The main purpose of this thesis is to investigate and analyse how the data quality of different
datasets is affected and how the data could decay when the data is subjected to digital
hoarding behaviours, such as not deleting out-of-date data while consistently inserting new

data into organisations' datasets. This thesis focuses on data accumulation and, therefore,
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does not address datasets where old data is regularly cleaned and properly maintained.
Additionally, this thesis tries to understand the relation between data hoarding and data

degradation.
The main research questions for this thesis are:
- How can uncontrolled data hoarding affect data quality?
- What is the relation between data hoarding and data degradation?
- How to minimize data hoarding and data degradation?
- What benefits and challenges do organizations get from preventing data degradation?

The research method used in this thesis is a case study where the thesis investigates an
existing public dataset to answer the given research questions. The dataset in question is the
College Scorecard dataset released U.S. (United States) Department of Education that
provides a wealth of data about U.S. higher education institutions. The methodology will be

covered more in depth in Chapter 3.

This thesis consists of 6 chapters. The first chapter introduces the thesis, providing a
summary of the topic and explaining why the research was conducted. Additionally, the first
chapter includes the research questions of the thesis, the research method and the structure

of the thesis.

The second Chapter is the literature review of the earlier research. The second chapter is also
intended to provide more background information regarding data quality, data hoarding, data
degradation and their relations to each other to help readers enhance their perception of the

topic.

In the third Chapter of this thesis, the methods used will be discussed. This will include the
tools used in the research of this thesis, information on why these methods were chosen, and
the dataset subjected to the analysis. Additionally, this chapter will include the data

dimensions used for the measurement of data quality.

Chapter Four will cover the analysis of the datasets using the methodology discussed in
Chapter Three. The analysis will be presented using graphs and tables to make the analysis

and the results easier to follow and understand.
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In chapter five, the results of the data quality analysis will be presented. The results of this
thesis will be compared with similar studies, and all the research questions mentioned in

Chapter One will be pondered as well as possible.

Lastly, in Chapter Six, based on the results of this thesis and other studies, conclusions will
be made based on the results of this thesis alongside the results of other similar studies. The
chapter summarises the results, and finally, possible future work and possible shortcomings

of this thesis will be contemplated.



12

2 Literature review

This chapter covers digital data hoarding and its relations to data degradation and data
quality. Some terms related to this topic are also briefly covered to provide further insight
into various aspects and processes concerning data quality. Digital data hoarding is examined
from both individual and organisational perspectives. In contrast, the topic of data
degradation and data quality focuses on the larger datasets of different organisations and
companies. The literature was mainly collected from academic databases using key terms
for searching, such as “data degradation”, and choosing the academic papers that appeared
as the most relevant search results. To compensate for the scarcity of academic papers,

especially regarding data degradation, some blogs of different organisations were also cited.

2.1 Digital data hoarding

With the increase in the amount of data people and organisations are handling every day,
digital data hoarding has been getting greater focus among researchers. Digital hoarding has
been defined as the acquisition of and failure to discard digital content, resulting in the

accumulation of digital clutter (Sedera et al., 2022).

Modern-day digital data hoarding has been examined extensively from a psychological
perspective since it has many similarities with traditional hoarding. According to Sedera et
al. (2022) data hoarding is said to be linked to severe safety, health, financial, and
relationship issues. One study, for example, found that digital data hoarding caused a 38 %
change in anxiety level and 19 % change in depression level (Khan et al., 2023). Digital data
hoarding has also been linked with Information technology (IT) self-efficacy and IT anxiety
among college students (Tugtekin, 2022).

Data hoarding is not just an individual thing. According to Veritas (2016) 83 % of companies
admitted to being digital data hoarders. Another study found that digital data hoarding
behaviour was significantly higher with individuals who identified as having “data
protection responsibilities", suggesting that workplace practices have a role in the behaviour
(Neave et al., 2019). Employees were also found to hoard data to comply with workplace

data retention policies, and not out of personal attachment (Neave et al., 2020).
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McKellar et al. (2024) have found that digital data hoarding in organisations and workplaces
was driven by several different motivations. One of the key findings was that participants of
the study felt the need to preserve evidence in both informal and formal work tasks and
communication because of a perception of a “blame” culture within the organisation.
Another reason for the accumulation of data in organisations and workplaces is that it is
challenging to determine whether the data is useful or not, and whether it will remain usable

in the future (McKellar et al., 2024).

According to the survey of Adobe Acrobat Team (2023) 47 % of American employees
claimed that their company’s digital organisation system is littered with irrelevant or
outdated documents, which makes searching for the correct documents more difficult, and
95 % of employees say that they have felt frustrated trying to find certain documents. On top
of that, according to the same survey, 30 % of Generation Z reported that they have
considered quitting due to poor digital organisation, compared to the overall 20 % of

employees, which indicated the rising importance of data hoarding control.

Wasted man-hours on documentation search and employees considering leaving are not the
only costs of data hoarding; it can also cause data loss, just like software and hardware faults,
which could cause a lot of damage without backups. Moreover, extensive data clutter caused
by digital data hoarding likely creates cybersecurity vulnerabilities, which make
organisations more vulnerable to cyberattacks. (Neave et al., 2020; Ugur and Caliskan,
2022). Data hoarding also makes it harder to comply with the European Union (EU) General
Data Protection Regulation (GDPR) or other data protection policies, which can result in

fines and other legal liabilities (Ernszt, 2025).

2.2 Data quality

Data quality is an increasingly pervasive problem for organisations trying to gain value from
the ever-increasing amount of data (Volkovs et al., 2014). To improve data quality, it first
needs to be understood what data quality means to data consumers. Data quality dimensions
can be separated into four categories. These categories are intrinsic, such as believability,
contextual, such as relevancy, representational, such as interpretability and accessibility

data quality, such as accessibility. (Wang and Strong, 1996).



14

Data quality poses many challenges. First, the diversity of data sources and the complexity
of data structures increase the difficulty of integration. Secondly, the data volume in the
world is tremendous, making it difficult to judge data quality in a reasonable amount of time
and thirdly, data changes very fast, making the “timeliness” of data very short. (Cai and Zhu,
2015).

First step towards high-quality data is, of course, data collection, but after that, the data must
be validated. Data validation is about judging data quality for the purpose the data is meant
to be used for, and data should never be used without appropriate data validation. Despite
there being numerous data validation protocols and methods, data validation is a subjective
process since it depends on the user whether the data is suitable or not. To a certain extent,
the evaluation of whether a data point is high or poor quality also depends on the use case

of the data. (Clemens-Meyer et al., 2021).

When data is validated, it is divided into different groups and labelled. For example, using
the traffic light colours data could be divided into “Good”, “Doubtful” and “Unsuitable”.
(Clemens-Meyer et al., 2021). After the data is properly labelled, the data can be moved to
the next step of the data cleaning process, which is error repairing. Some of the common
data quality errors are duplications in the datasets (duplication error), missing and incorrect
values (attribute error) and erroneous or irrelevant data in the datasets. There are numerous
techniques of error repairing because of the subjectivity and objectivity of data quality;
however, every error repairing technique needs to address what to repair, how to repair and

where to repair. (Volkovs et al., 2014).

2.3 Data degradation

Data degradation has many names and is also known as data decay, data rot, bit rot, data
fade and silent corruption (Isberto, 2024). Digital data degrades over time, just as writing on
paper fades, though it is not as noticeable in digital devices. This happens, for example, due
to technical failures and poor storage. (Weber and Nguyen, 2015). Data degradation can lead
to a reduction in data quality, which can be seen, for example, in the data becoming more

incomplete, inaccurate and outdated (Hakob, 2023).
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Data degradation can be separated into two different categories: mechanical and logical.
Mechanical data decay can be caused by server crashes or hard disk corruption. Logical data
degradation, on the other hand, happens due to logical issues such as changes in the

organisation's addresses or employees changing jobs. (Lance, 2015).

There are many ways data degradation can happen, depending on the type of data. One
example of digital decay is link decay, which refers to the number of links that stop working
over time on the internet (Briney, 2024). One study found that out of 2166 supplemental
links harvested from a single university's institutional repository, 5.4 % of links were found
to be unavailable, with Uniform Resource Locators (URL) averaging 5.9 % loss and Digital
Object Identifiers (DOI) 1.7 % loss (Briney, 2024). Another study found that out of 2424
citations, 14.7 % of the links were unavailable due to bad, broken or non-existent links (Ott,

2022).

As data becomes disorganised or filled with noise, entropy rises, lessening the quality of the
datasets. Data entropy in information technology refers to disorder or randomness within
datasets, and it is a measure of unpredictability and uncertainty. Lower entropy indicates
greater predictability, whereas higher entropy suggests more complex datasets with varied
outcomes. (Stihec, 2024). To ensure safe, reliable and economical operation of deteriorating
systems, degradation-based models have been used for lifetime and remaining useful life
estimations for various health management activities. Especially, Wiener-process-based
degradation models have been used to estimate the point of failure of various products.
(Zhang et al., 2018). For example, Freitas et al. (2009) used “degradation data”, meaning
measurements that track the decline in quality of performance of a material or system, to

estimate the failure-time distribution of train wheels.
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3 METHODOLOGY

This section outlines the research methods that will be implemented in this thesis for
analysing the effects of data accumulation in the selected dataset and their relationship to
data quality. The nature of the research methodology is a case study, the case target being
the College Scorecard dataset, explained in Chapter 3.1. The primary method of this study
is to pick apart and collect data from these datasets to measure the data quality dimension
amplified in Chapter 3.2. Finally, the collected data dimension results will be analysed from
the data degradation point of view to determine if there is a significant pattern of data

degradation.

3.1 Dataset used

To observe and analyse data degradation, raw datasets where out-of-date data is not deleted,
spanning over a long period of time, will be needed. This thesis will utilise open-source data
from the U.S. Department of Education, which provides free statistical information about
different American colleges and universities. The target dataset will be the College
Scorecard from the U.S. Department of Education (U.S. Department of Education, 2023).
The dataset provides data at the institution-level and data by the field of study, but this thesis
will focus only on the institution-level data. More information concerning the dataset will

be described in Chapter 4 when the information is more relevant.

3.2 Data quality dimensions

For the analysis of the dataset and to measure the quality of the dataset, a group of different
data quality dimensions will be implemented. To analyse possible data degradation,
especially the difference between the quality of the earlier years and the later years of the

dataset, will be measured.

The first dimension will be the completeness of the dataset, which will be measured based
on how many individual data points have empty values, meaning that they are null, and the

data is considered poor quality if it has a low level of completeness. The second dimension
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measured will be relevancy, where data is considered relevant if it is still collected during
the last years of the dataset or if the data is mentioned in the glossary of the dataset on the
U.S. Department of Education website. For example, if a column only has non-null values
in the first year of the dataset and is not mentioned on the website, it is considered irrelevant.
The third dimension measured is consistency. Consistency includes checking the number of

duplicate records and the percentage of missing values in the columns of the dataset.

3.3 Tools and techniques for analysing data quality

The dataset will be analysed using DuckDB (Raasveldt and Muehleisen, 2025) because it is
flexible, compatible with the programming language Python and open-source. SQLite is not
used because, although it is flexible and compatible with Python, it is not designed to handle
databases with a massive amount of data, which makes it slower than DuckDB. The dataset
files from the U.S. Department of Education are originally in a Comma-Separated Values
(CSV) format, with each year being in a separate file, but all the files are combined into a
single DuckDB table. Both the CSV files and the DuckDB table will be used with the
combination of Python version 3.11.9 and Structured Query Language (SQL) queries to
analyse the dataset. The cleaned dataset will also be made into CSV files and a DuckDB
table.
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4 Data quality analysis

This section contains the analysis of the College Scorecard dataset. To further understand
the circumstances of the dataset, relevant information for the data analysis will be written in
this chapter before the data analysis. Lastly, in this Chapter, the process of dataset cleaning
will be enlarged. The analysis will focus on how data hoarding can cause data degradation

and affect data quality, and will be told mainly from that perspective.

4.1 Structure and background of the College Scorecard dataset

The dataset analysed in this thesis is the College Scorecard dataset provided by the U.S.
Department of Education, mentioned in Section 3.1. The data included in the dataset is from
the years 1996 to 2023. The U.S. Department of Education provides a changelog. However,
only the changelogs after February 2016 are released; therefore, all other changes to the
dataset are purely speculative. The Yet Another Markup Language (YAML) file in the
dataset files contains the source, data type, description and index of every column. Null
values in the dataset are represented by “NULL”, “NA” (Not Available),
“PrivacySuppressed”, and “PS” (Privacy-Suppressed). However, in this thesis, prior
privacy-suppressed values are not considered null, as they are visible to the organisation.
Additionally, all values that are not null, privacy-suppressed or zero will be called real

values.

The U.S. Department of Education provides a glossary of the database (U.S. Department of
Education, 2023). The glossary includes 38 sections, which cover various use cases, such as
researching race and ethnicity or the number of students receiving student loans. These 38
sections mention 159 columns in the dataset with different possible use cases, deeming the
columns as relevant. Thus, these 159 columns will be called relevant columns in this thesis,

given their importance in the last updated year.

The College Scorecard dataset contains over 649 million data points, 3306 columns and over
196000 rows from 1996 to 2023. Every year, there has been an average of 7005 rows added
to the dataset, depending on the number of institutions in the U.S. in the given year. The

fewest number of institutions in any given year is 6429 in 2023, while the most is 7969 in
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2013. Numerous changes to the dataset were made in 2019, so the research focuses on the

years 1996-2019.
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Figure 1. Number of new data points per year.

As seen in Figure 1, the amount of new data is relatively stable, and because of this, all the
figures shown in this thesis are not adjusted per student, as the change in the amount of

data is not properly noticeable in the analysis.

4.2 Data completeness

To measure the completeness of the College Scorecard dataset, it was first necessary to
determine the values of each data point. Most values of the dataset are null, privacy-
suppressed data being the second most, zeros being the least, and all the other values being

the second least (see Figure 2).
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Figure 2. Values of data points.

In Figure 2, there is a clear increase in the number of real data points as the years increase,
while the null values decrease each year before the year 2019. On the contrary, the zeros
remain stable throughout the years. Only 1.51 % of all data cells in 1996 were populated
with real data, compared to 23.9 % in 2019. This indicates a decrease in the completeness of
the dataset over time. Since the zeros remain extremely stable despite other values
fluctuating, the zeros are most likely not a good measurement for measuring the changes in

data quality.

One possible explanation for the decrease in completeness is the number of columns added
over the years, because the data collected has increased or changed. While it is not possible
to certainly say when each column was added, it can be guessed based on whether the
columns contain any real values. Some columns could have been populated with data later,

but the number of new columns does not seem to have many discrepancies (see Figure 3).
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Figure 3. Accumulation in the total number of used columns.

Figure 3 shows when the columns first got their first non-null value. Out of 3306 columns,
17 columns had exclusively null values. Deleting them would already delete half a per cent
of the database. Figure 3 seems to have some similarities with Figure 2. The figures also
show that whenever new columns are added, it negatively affects the completeness of prior
years, as all data points for the added columns will have null values. For example, between
the years 1996-2004, there were more new columns added to the dataset compared to 2005-
2007 (see Figure 3). This increase in the number of columns negatively affects the
completeness of the data for years 1996-2004 and is also one of the main reasons why the

first year (1996) has the largest number of null values.

Figure 2 shows the number of total nulls in the dataset, but it does not show the completeness
of individual columns. To observe more accurate completeness, the number of nulls in

columns was also measured in percentages, which can be seen in Figure 4.
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Figure 4. Percentage of nulls in each column.

Figure 4 shows that the number of columns that are only 0-20 % null is relatively stable at
300, while other data series fluctuate more. Overwhelmingly, columns with 80-100 % of
nulls make up most of the columns, which makes the completeness of the data set quite

poor, especially in the earlier years.

4.3 Data relevancy

The U.S. Department of Education mentions 159 relevant columns explained in Section 4.1.
That would still leave 3147 columns in the dataset, even though there are still obviously
more relevant columns than mentioned, such as the state of the university or the university
name. To research such relevant columns, the number of columns still in use will be

measured.
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Figure 5. Number of unused columns each year.

Figure 5 shows that earlier years have loads more unused compared to later years. 1996 data
have whopping 3025 unused columns out of 3306 columns, when compared to 2019, where
there are only 915 unused columns. It should be noted, however, that the two years that use
the most columns only use 72.3 % and 59 % of the columns, which could indicate that data

hoarding not only worsens the data quality of old data but also the quality of present data.

4.4 Data consistency

For data to be consistent in this dataset, the data must be collected from as many years as
possible. If the data is only collected for one year, the value of that data is significantly lower
than the data that is collected for ten years. Collecting data for only a few years also leaves

many columns unused, meaning fully null columns, in the dataset.
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Figure 6. Number of years each column is used.

The number of times each column is used is quite inconsistent, as can be seen from Figure
6. The average number of columns used is 11.4, the median is 8, and only 266 columns have
data for every year. Since the consistency of the dataset is so low, it might be more efficient

if the dataset were sliced into smaller pieces.

In section 4.3, relevant columns according to the U.S. Department of Education were
discussed, and it was measured how consistent these columns actually were, which can be

seen in Figure 7.
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Figure 7. Number of fully null columns in relevant columns.

Figure 7 shows that, even when using relevant columns, there are still quite a lot of columns
with only nulls, so the relevant columns also do not have the greatest data quality. The
number of columns with only one year with non-null values, shown in Figure 6, and the year
2023 having a lot fewer null columns, indicates that a lot of the data is only kept for one
year. This would also partly explain the number of null values in prior years in the database
shown in Figure 2. In Figure 2, there is also a large amount of nulls in 2023; however, when
looking at the relevant columns (see Figure 7), the share of fully null columns in 2023 is a
lot less compared to Figure 2. One of the reasons is that some data is only stored in the last

year of the dataset, such as the URL of the institutions.

4.5 Possible cleaning of the dataset

To better understand the costs of data hoarding, the “cleaned” dataset was made to compare

the costs of data accumulation using the following criteria:

- The 159 relevant columns mentioned in Chapter 4.1 are to be automatically included.
This includes columns that have more than 90 % percent of null values or columns
that do not have real values in the last three years. If the relevant columns are

included, the cleaned dataset would be more complete; However, the size of the
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dataset would be significantly smaller, and since these columns are mentioned as

relevant by the U.S. Department of Education, it is justified to include them.

The columns with more than 90 % of null values or columns with 90 % zeros are to
be erased because if most universities are not collecting certain data, the data is most
likely too specific to be included in the main dataset, or institutions might not
consider the data important enough to collect it. Also, in Figure 4, most of the
columns are 80-100 % null, which is why columns with 90 % null values are deleted

to obtain an adequate sample.

Data that has not been collected for the last three years is to be included because it is
assumed that data that is not collected anymore is no longer relevant to the main

dataset and should be archived instead.

Accepted columns must have had at least three years’ worth of data because some
data, such as the website URL of the institutions, was intentionally only included in
the latest year of the dataset. In this case, it would most likely be more efficient to

separate this kind of data into different datasets.

The dataset created based on these criteria was a dataset with only 272 columns compared

to the original 3306 columns, which decreased the dataset size by over 90 % percent.

Share of data values

60.00%
50.00%
40.00%
30.00%
20.00%
10.00%
7\
0.00%
O N 0 OO O d N OO < 1D O N W OO T AN N < 1N O N0 0O O +H N M
DD DN O OO0 0000090 O A A A A d A A A d NN NN
O OO OO0 0000060000000 00000 O o o
A" d AN AN AN AN AN AN AN AN AN N AN AN AN AN AN AN AN AN NN NN NN
Years
e Privacy-suppressed Nulls Zeros Real data points

Figure 8. Data values of the cleaned dataset version.
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Figure 8 shows that the new cleaned-up dataset has a significantly larger share of real data
points than the old dataset (see Figure 2). The new dataset is missing columns that were
deemed relevant, so the new dataset is not without errors. However, the new database is a
lot cleaner. To test if searching data could be faster with the new dataset version, the

following queries were run ten times each, and the average time running the queries was

calculated.
Table 1. Benchmarking of SQL queries in seconds (s).
SQL query Old dataset (s) New dataset (s)
0.60 0.58
330 3.5
0.72 0.68
460 3.9

The running time of all queries was significantly less than in the older dataset version or
remained the same (see Table 1). Since the database cleaning was based on columns and the
number of rows in the database did not change, queries that only used one column were not
noticeably affected. However, queries that used the width of the dataset, checking all the
columns, were around a hundred times faster than before, when only 90 % of the old dataset's

columns were deleted.
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5 Results

In summary of the previous chapter, to measure the data degradation effects of hoarded data,
the College Scorecard dataset was analysed from the data quality perspectives of
completeness, relevancy and consistency. A possible cleaned dataset was also made and
benchmarked against the real dataset to measure the benefits of data hoarding prevention.
While the analysis of the dataset was covered in the previous chapter, this chapter will
summarise the results of the analysis, compare them to other studies and try to answer the

research questions of this thesis.

5.1 Effects of data hoarding on data quality

The dataset used in this thesis was selected because of its poor maintenance and large growth
over the years, to be used as an example of uncontrolled data hoarding. It was found that
older data had noticeably lower quality than newer data in all the measured data quality
dimensions, demonstrating that the data in the database has degraded over time.
Additionally, the quality of the newest data was also low because a significant portion of the
data was not collected in the most recent years. In conclusion, the uncontrolled data hoarding
in the chosen environment worsened both present and older data, although the older data was

affected more significantly.

5.2 Relation between data hoarding and data degradation

It has been defined that data hoarding is the acquisition of and failure to discard digital
content, resulting in the accumulation of digital clutter (Sedera et al., 2022) and data
degradation or data decay as the quality of data decreases over time (Hakob, 2023). As
shown in this study, failing to discard data has degraded the dataset's quality, indicating that
data hoarding is one of the causes of data degradation, at least according to this thesis.
However, there are numerous data types which affect the decay of the data (Fairbanks and
Garfinkel, 2012) and ways to store data; therefore, data hoarding as a factor of data

degradation might not always be true.
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5.3 Ways to minimize data hoarding and data degradation

If data hoarding causes data degradation, it should be minimised. One way of minimising
data hoarding and data degradation for organisations would be to make company-wide
policies, but making policies or making people aware does not necessarily seem to work
(McKellar et al., 2024). Another way is to do regular cleanups. In fact, 38 % of companies
already conduct regular data cleanups, while 35 % conduct them irregularly, and 27 % never
do. (Adobe Acrobat Team, 2023). This thesis presented one way of cleaning a dataset based
on different data quality dimensions and archiving the data deemed useless. The cleaned
dataset had higher data quality and was smaller, leading to faster query times, though it was
missing some useful columns, indicating that the dataset cleaning was not perfect by any
means. Additionally, data storage of different organisations is much more complex than the
replication in this study and figuring out the best data quality dimensions in an organisational

environment would be a lot more challenging.

5.4 Benefits and challenges of data degradation prevention

Preventing data hoarding has many benefits, such as preventing cybersecurity vulnerabilities
(Sillence et al., 2023) and reducing anxiety (Tugtekin, 2022) Though this thesis focused
mostly on the costs of money and time, the cleaning and analysis of a smaller, more compact

dataset would have most likely caused fewer headaches.

The benchmarking in Section 4.5 showed that the cleaned-up dataset took significantly less
time to complete the same commands. This is consistent with other studies that have
demonstrated organisations losing revenue because of data clutter (Dr. A.Shaji George,

2024).

One of the challenges of data degradation prevention is that a lot of data grows old quite fast.
30 % of employees switch jobs annually (Dimovski, 2023), and 25 % of email addresses
will change yearly (Hakob, 2023). It can be hard to encourage customers and employees to
keep all their contact information up to date. It can also be hard to gauge how accurate the

data is if the data has not been used for some time. (Hakob, 2023).
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6 Conclusions

The writing of this thesis was done in the hopes of gaining an understanding of data
degradation and its relation to data hoarding. With data hoarding becoming more common,
it was important to get an idea of its effects and causes, in addition to what could be done to

prevent it.

People are aware of data degradation, but it is not always talked about as a concept since
most human-made things tend to decay over time if nothing is done. Data degradation or
data decay happens in many forms, consisting of many factors. It is also dependent on the
use cases of data. Some data are only used once, so there is no reason to worry about data
degradation, while other data experience daily changes for years, which makes the data more

vulnerable, and there are more reasons to control the data quality.

One shortcoming of this thesis may be the dataset chosen, or more accurately, the choice of
choosing a single dataset. Choosing a single dataset made figuring out the proper data quality
dimensions and measurements of data quality easier, but it cannot be properly compared
with the data storage of an organisation with tens of different file types and thousands of
files. The dataset selected also had a lot of changes, which made the dataset more controlled

when the goal was to study uncontrolled data hoarding.

Another shortcoming of this thesis could have been that only three data quality dimensions
were analysed. For example, measuring the accuracy of the data could have been interesting,
but it was impossible to assert whether the data was accurate and free of errors because there
was no access to the data sources of the College Scorecard dataset. The benchmarking done
in this thesis was also quite minimalist, only using simple SQL queries, which does not

necessarily replicate the workflow of an average organisational environment.

On top of doing more research on data hoarding and data degradation in an even more
uncontrolled and chaotic environment, another target for future research could be whether
artificial intelligence feeding on artificial intelligence output data could cause noticeable data
degradation or not. Given how artificial intelligence can create data that is seemingly

accurate, it could be difficult to measure the accuracy of the data.
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