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Abstract
Test diversity is a well-researched topic and although much has been done in this
area one part that is lacking is the investigation on how a functional dashboard can
bring awareness to diversity into the software engineers’ toolkit. To expand that
toolkit we have performed several types of analysis and an experiment where we
address, i) What are the trade-offs in diversity for using different diversity measures
(e.g., Jaccard, Levenshtein, NCD) and types of test artefacts (e.g., input, output),
ii) what are the visual and structural differences on the clusters after using different
dimensionality reduction techniques (e.g., MDS, t-SNE, UMAP) and iii) to what
extent do different visual techniques influence decisions about test case selection.
Our key findings are that Jaccard and Levenshtein perform similarly and NCD
performs worse as expected on smaller data. However, Jaccard runs faster which
gives the edge to Jaccard. When it comes to dimensionality reduction techniques, we
have found that t-SNE and UMAP have a better effect on the structure of similarity
maps compared to MDS. Furthermore, UMAP has a slight edge over the other
techniques because of its hyperparameters being easier to understand and performs
faster. Finally, when it comes to developing dashboards that visualise diversity it is
worth pointing out that the colour of the data has a big effect on decision making,
even better if the colours are discrete and are coupled with a visual technique (such
as making a test case’s data point bigger if it found more faults). Additionally, we
found that sliders and labels used to filter the data are not used much by developers
when performing tasks on diversity visualisations. However, using these filtering
techniques is recommended because they have the potential to spark discussion
with people who are not as invested in the lower level details of the project (e.g.,
code, tests), such as managers, who possess more of a holistic view in most cases.

Keywords: Software testing, Diversity, Visualisation, Interactive visualisation, Ex-
perimental study, Dimensionality reduction.
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1
Introduction

Testing is used in the industry to maintain and develop quality software. In order
to achieve greater test quality, testers often use many tools to help keep track and
ensure that the tests they write are accurate, or that the test results can help in
identifying and �xing faults. Many testing techniques o�er bene�ts in improving test
e�ectiveness, and diversity-based testing is one of them. Diversity represents how
di�erent objects from a set are from each other and the di�erence between those
objects can be measured as a distance value. Visualising this distance, formally
called information distance, between two objects we are able to see how diverse the
objects are from each other. If diversity is not kept in check it can have negative
e�ects on the entire test repository hindering test planning, maintenance and quality
[1]. For instance, it could accumulate into redundancy and waste in test execution.
An example of redundancy in test cases could be, two di�erent test cases covering
the same system component/requirement or method which in turn does not reveal
any new information. Furthermore, visualising this diversity can trigger insightful
conversations between stakeholders even if some might not have speci�c knowledge
of the software.

Test diversity is a subject that is well researched and is the topic of many recent
publications. Most diversity measures are classi�ed as artefact or behavioural di-
versity [1, 2, 3, 4, 5]. Artefact diversity, mainly measures the distance between test
artefacts related to the test speci�cation such as inputs, outputs and test scripts,
while behavioural diversity is mainly comparing the execution of test scripts and
their behaviour such as failures and successes. Although the researchers have ap-
plied visualisation on test data to improve the comprehensibility of test artefacts,
none really have investigated how a functional dashboard can bring awareness to
diversity into the software engineers' toolkit.

Visualising data can be done with many di�erent techniques. One of these tech-
niques is a heatmap. Given any scale of numbers, usually zero to one, heatmaps will
colour a grid depending on how high or low that value is on this scale of numbers.
Heatmaps are especially good for showing intensity and clustering. Another visu-
alisation technique is a similarity map [1]. A similarity map visualises the data in
terms of similarity, i.e. if a data point is similar to another, the two data points will
be close to each other on the graph and if they are not, they will be further apart.
Similarity maps are useful for identifying clusters of outdated test cases or parts of
the repository that require maintenance [1].

1



1. Introduction

In order to make visualising the data useful and accessible to the users, the data
could be presented on a dashboard. In software development dashboards are used
to display key information to the users in a clear way. A familiar analogy is a dash-
board in a car displaying all the relevant information about the car to the driver in a
clear and easy to read fashion. However, software is not bound to the standards that
are required in cars. In other words, when designing dashboards software developers
have much more freedom over how they look and what they contain, meaning that
we can tailor the key information presented, to the users need.

Dashboards can be composed of di�erent visualisations and also di�erent infor-
mation. Diversity is one of such information. Visualising diversity shows bene�ts
to testers [1], however, the distance (or similarity) between tests has many dimen-
sions making it incomprehensible for humans. One way to mitigate the incompre-
hensibility of a multidimensional data structure is to use dimensionality reduction
techniques. Dimensionality reduction compresses a multidimensional data structure
from several dimensions down to a lower desired dimensionality. Most visualisations
are plotted on two or three-dimensional planes (x,y or x,y,z). As such, we could use
dimensionality reduction techniques to reduce any pair-wise comparisons (such as
diversity) down to the desired dimension.

To further help us with visualising the data, clustering techniques are used on the
data in combination with dimensionality reduction. The main objective of cluster-
ing techniques is to group together similar data based on parameters that feed into
these clustering techniques. These parameters decide whether or not the data is
close enough to be counted as a cluster.

1.1 Statement of the Problem

Although test diversity is a known and well-investigated topic, there are still some
unexplored areas of this subject, one of them being the trade-o�s between the combi-
nations of di�erent diversity measures and test artefacts such as test scripts, inputs
and outputs (this is further discussed in the subsection below). In order to easily
convey those trade-o�s to industry practitioners, the data has to be visualised. Un-
fortunately, such data is usually composed of many dimensions and would be hard
to read and visualise. Dimensionality reduction techniques together with clustering
techniques are used in order to ease such visualisation. Finally, there exists a lot of
di�erent visualisation techniques and choosing between each one is a problem that
poses some questions, for example, which visualisation technique conveys the infor-
mation that we want the users/viewers to see in the best way. In summary, there are
di�erent, yet orthogonal problems here covering mainly (i) the diversity information
chosen, (ii) the multi-dimensionality and comprehensibility of this information, and
(iii) the visualisation techniques used to harness this information. Next, we detail
each one of those three parts of our problem.

2



1. Introduction

1.1.1 Diversity

There are many diversity measures that can be used to calculate diversity and it is
not always clear which to use, e.g Normalised-compression distance (NCD), Jaccard,
Levenshtein, Euclidean, among others. Most of the available techniques are limited
in what type of information they can classify, such as strings or integers. Calcu-
lating diversity is also an expensive operation because it is a pair-wise operation.
This means that the execution time for calculating diversity generally isO(n2) and
in large test suits, this will take a long time to compute. The problem here is that
determining the choice of measure is dependent on constraints from the information
type and also the time available to run those techniques.

A solution for this is providing the testers with appropriate visualisations and in-
depth analysis of each diversity metric and test artefact. By doing this we can
display the trade-o�s between each technique when it comes to time to perform and
the accuracy of each metric.

1.1.2 Dimensionality Reduction

Diversity data as mentioned in the previous paragraph is multidimensional and hard
to read for humans just by looking at it. Multidimensional reduction comes with
several techniques, but the three main ones covered in this study are Multidimen-
sional scaling (MDS), t-distributed stochastic neighbour embedding (t-SNE) and
uniform manifold approximation and projection (UMAP). Although the three listed
techniques are an upgrade to pair-wise comparison which is what is usually used in
distance matrices, they are still quite technical and hard to grasp, since not everyone
in the software industry is a statistical expert. The problem lies in knowing which
technique to use for diversity measures in order to convey meaningful results to the
tester such as waste in test repositories and e�ciency in test execution. Since each
of the dimensionality reduction technique gives a slightly di�erent result in visual-
isation, it is important for the user to be able to distinguish between groupings of
data or clusters.

A solution to this problem is to look at how each dimensionality reduction and
clustering techniques impact the visualisations and determine which �ts the situa-
tion best. As with the distance measures, there are di�erent trade-o�s to keep in
mind, for example, the time it takes each technique to complete its dimensionality
reduction, the retention of the original data structure and how �invasive� it is on
the produced visualisation i.e. do those visualisations/plots change drastically de-
pending on which one is used? Another thing to keep in mind is that dimensionality
reduction techniques require di�erent parameters and choosing these parameters is
tricky for software engineers that are not very familiar with the topic of dimension-
ality reduction.

3



1. Introduction

1.1.3 Visualisations

Dashboards aim to contain useful information about a certain topic/domain in an
understandable and clear way. Especially when it comes to software testing which
can be a complicated subject and which incorporates massive amounts of data, get-
ting a grasp of the bigger picture might become overwhelming.

A solution to this problem could be achieved by using di�erent visualisations such as
heatmaps and similarity maps which already have shown some promise in research.
According to de Oliveira Neto et al. [1], showing di�erent kinds of graphs to the
stakeholders in the industry trigger insightful conversations, support test mainte-
nance and improved decisions. Having those kinds of visualisations on a dashboard
could prove to make visualisations more accessible, support decision making by hav-
ing the plots in one place and in turn lead to improved test case design.

1.2 Purpose of the Study

Our purpose with this study is to contribute to the scienti�c and technical knowl-
edge about the visualisation of test diversity and the trade-o�s between diversity
metrics and test artefacts. We will achieve this by performing a study that will
investigate the di�erent diversity metrics, test artefacts, dimensionality reduction
techniques with a clustering technique. Particularly, by studying the composition of
the resulting visualisations. There will also be a technical contribution by developing
a dashboard that will allow a user to see visualisations and the result of changing
di�erent parameters and better the understanding of how to visualise interactive
diversity data.

1.3 Research questions

The proposed study sets out to answer three main research questions and their re-
spective sub-questions presented below. In RQ1 we will focus on diversity metrics
and the trade-o�s between each of them when applying them to the test inputs and
outputs. The answers that will be provided to us by RQ1 will be the inputs for RQ2
where we will focus on di�erent dimensionality reduction techniques and clustering
techniques and how they impact the composition and structure of similarity maps
and data that is displayed on them. Finally, in RQ3 we will investigate how di�erent
visualisation techniques can help us convey relevant test information, such as waste
or test e�ciency, to the tester.

ˆ RQ1 What are the trade o�s in diversity for using di�erent diversity measures
and types of test artifacts?

� RQ1.1 How do the distance values di�er when using various diversity
measures and types of test artifacts?

� RQ1.2 How do the distance matrices di�er when using various diversity
measures and types of test artifacts?

4



1. Introduction

ˆ RQ2 What are the visual and structural di�erences on the clusters after using
di�erent dimensionality reductions?

ˆ RQ3 To what extent do di�erent visual techniques in�uence decisions about
test case selection?

� RQ3.1 Do di�erent visualisations motivate testers to select similar /
di�erent sets of test cases for the same tasks?

� RQ3.2 What types of �ltering, colouring and visual attributes are pre-
ferred when visualising diversity?

The paper is composed of multiple chapters. In chapter 2 we talk about the back-
ground and related work. We go into detail about diversity and distance measures,
dimensionality reduction, clustering techniques and di�erent types of visualisations
as well as explanations of di�erent terms that are present throughout the thesis.
Chapter 3 presents our methodology where we go through the design and devel-
opment of our experiments which produce our data to be evaluated. In chapter 4
we will present our results from the experiments detailed in chapter 3 and evaluate
them. In chapter 5 we will discuss the results, write about the threats to validity
and future work. Finally, in chapter 6 we will conclude the thesis.

1.3.1 Summary of Contributions

The scienti�c contribution of this thesis comes in the areas of investigating the
trade-o�s between di�erent distance measures as well as looking into which dimen-
sionality reduction techniques are best when visualising diversity. The thesis also
contributes to the technical knowledge by performing a qualitative analysis on the
topic of developing dashboards that help with the visualisation of diversity. Here we
touched on topics related to the graphical elements of dashboards such as colouring
of data points, �ltering of the data etc. Gathering our results we made a small list
of recommendations that a developer could follow to construct a dashboard that
helps with visualising diversity.

In this thesis we found, as expected, that NCD found less nuance in the textual
artefacts that were used in this study. However, we did �nd that NCD started per-
forming better with much bigger data, almost equally to Jaccard and Levenshtein.
Overall, we conclude that the distance function to use for input and output artefacts
is Jaccard. It manages to capture nuance in even small data and it calculates the
distance matrix faster compared to Levenshtein and NCD. In terms of input and
output we could not �nd any di�erences between the two that would render an abso-
lute answer, what was more important was the size of the data. When the data is too
small, there is not enough possible variation and a small but signi�cantly di�erent
input or output will still register as quite similar if it only shares some textual traits.

We also investigated the di�erent dimensionality reduction techniques and found
that UMAP and t-SNE both create visualisations that were deemed better in terms
of clustering and overall structure. However, when it came down to UMAP and
t-SNE they performed very similarly and there is no clear choice. The parameters
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needed to run UMAP are far easier to understand than t-SNE's. Moreover, UMAP
was quicker than t-SNE in our experiments. Therefore, we would recommend using
UMAP over t-SNE.

While performing qualitative analysis on our developed interactive visualisations,
which aim to help testers and developers with visualising diversity, we have found
that using discrete colours together with other visual techniques (for example, the
size of a test case data point grows bigger the more bug it �nds) helps testers with
selecting test cases to execute. However, using colour gradient is not preferred as it
makes it harder to distinctively separate smaller di�erences. We found that interac-
tive visual techniques, such as a slider or legend, could be used as a means to spark
discussions around the diversity, but when it comes to the actual usage, we found
that for developers, they do not bring much to the table and are rarely used while
performing tasks related to which tests to execute in a test suit.
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2
Background and related work

Testing is often used to evaluate the quality of software and is a vital part of a
software project's life cycle. It is also true that testing requires large amounts of
software development resources [6]. For this reason, it is important to make sure
that running test suits is as optimal as possible in order to preserve resources such
as time and money. One way to achieve this is by looking at statistics of a test suit,
which consist of di�erent type of test data, such as its diversity, time it takes to run
the entire test suit etc and then taking appropriate measures based on the results.

In order to help to look at those statistics, visualisations help immensely as it is
much easier for a human to look at pictures and make sense of them rather than
only looking at the numbers. However, there are always some activities that need to
be done along the way in order to make visualisation convey the relevant information.

In this thesis we will be investigating the diversity of di�erent test repositories,
visualising the results and �nally evaluating them based on the visualisations. In
order to do that there are some concepts that we need to look at which would help
us with our topic. Concepts such as diversity and distance measures, dimensionality
reduction, clustering and visualisation are described in more detail in the sections
following this paragraph.

2.1 Diversity and distance measures

Diversity has been thoroughly researched in software use, speci�cally testing [2, 3,
1, 4, 5]. Diversity usually is investigated with the help of distance measures. The
distance represents how similar (or diverse) a pair of tests are and is usually repre-
sented with a range from zero to one, where zero is identical and one is that they
are dissimilar.

As previously mentioned in chapter 1, generally the distance measures that calculate
diversity uses pair-wise comparisons. This means that each test case is compared to
all other test cases (excluding itself), creating anxn matrix where n is the number
of test cases in a test repository. This matrix is also called a distance matrix and
will contain all the distances between each test case in the test repository that is
being investigated. The distance matrix is a data structure, where each column and
row represents a test case, meaning that we can observe the distance between test
case 1 and test case 2 in column 1 and row 2 as well as column 2 and row 1. Due to
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this, we end up with two triangles, an upper and lower triangle, which both contain
the same values.
The distance matrix is the underlying data structure that is used for the analysis
that will be done in the following subsections as well as the input for the clustering
techniques. In order to build the distance matrix, we need to choose a distance
measure. There are many options but below we discuss a few which have been
widely used in software testing.

2.1.1 Jaccard Index

Jaccard index was �rst introduced in the paper from 1901 by a Swiss botanist Paul
Jaccard [7]. In the paper, he describes the jaccard index as the intersection between
two sets divided by the union of the same two sets. In mathematical terms:

jaccardIndex(A; B ) =
A \ B
A [ B

=
A \ B

jAj + jB j � j A \ B j
(2.1)

where A and B are sets of q-grams which are pieces of strings,A\ B is the intersection
between the two sets i.e. what both of them have in common andA [ B is the union
of the two sets i.e. the combined contents of both A and B. In order to calculate the
jaccard distance, the result needs to be subtracted from 1 as shown by the formula
below.

jaccardDistance(A; B ) = 1 � jaccardIndex(A; B ) (2.2)

Jaccard index has been widely used in previous empirical investigations of diversity-
based testing [1, 8, 9, 10] Due to this we have determined that this should be one
of the distance measures we will investigate.

2.1.2 Levenshtein Distance

Levenshtein distance [11] similarly to jaccard index is a string distance measure.
The algorithm can be described in a simple way. Given two strings A and B, the
Levenshtein distance is the lowest number of insertions, deletions or substitutions
in order to transform string A to string B [12, 13]. This can be observed in the
following example.

Consider the two strings "Tests" and "Case". The procedure for calculating the
Levenshtein distance would be as follows:

ˆ 1. Substitute 'C' with 'T' in the second string
ˆ 2. Substitute 'a' with 'e' in the second string
ˆ 3. Substitute 'e' with 't' in the second string
ˆ 4. Insert 's' in the second string

Hence the Levenshtein distance will be 4 between these two strings.

Levenshtein is widely known and used in many di�erent disciplines such as language
studies [13] and mathematics [12] and more. It is also used in the �eld of software
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testing [14] and as such, due to its popularity and usage within software engineer-
ing, we have chosen to include Levenshtein as one of the distance measurements to
investigate.

2.1.3 Normalised Compression Distance

Compared to the two aforementioned distance measures, Normalised compression
distance (NCD) which was �rst introduced by Li et al. [15] is not strictly a string-
based distance metric, but rather compresses the data and works at the binary level.
NCD is based on information distance which in turn is an extension of Kolmogorov
complexity [16]. Kolmogorov complexity of an individual object is the length of the
shortest binary program that computes said object i.e. given a stringx Kolmogorov
complexity, K (x), is the length of a binary program that returns such a string [17].
Information distance, in turn, is as said previously an extension of Kolmogorov
complexity where instead of measuring the absolute length of a single �nite object
it measures the absolute distance between two �nite objects [16]. Adding on to that,
Normalised Information Distance (NID) unlike information distance measures the
relative distance between two objects [15]. Following we can observe the formula for
the normalised information distance and how it extends the Kolmogorov complexity.

NID (x; y) =
maxf K (xjy); K (yjx)g

maxf K (x); K (y)g
(2.3)

Kolmogorov and NID are both uncomputable, hence the development of NCD which
uses compressors to approximate Kolmogorov complexity [18]. In the following equa-
tion we can observe the similarities it shares with NID, whereC() is the compressor
used to approximateK () and the better the compressor is, the better approximation
of NID you will get.

NCD C (x; y) =
C(xy) � min f C(x); C(y)g

maxf C(x); Z (y)g
(2.4)

Due to NCD being universal, it can be applied next to anything, which makes it a
popular diversity measurement. It is used in several studies and has shown great
results [4, 5, 3, 19].

Hernard et al. [19] shows that test case prioritisation using diversity information
from NCD shows promising results. They show the e�ectiveness by calculating
APFD (Average percentage of fault detected) with the test case prioritisation with
the use of NCD diversity values among others and compares di�erent techniques.

Feldt et al. [3] discuss the use of a practical test diversity metric and proposes
the use of Normalized compression distance (NCD), since it conveniently works on
all types of input, due to it being a data compression technique. In this paper,
they conclude that they are able to cluster test cases by cognitive similarity, which
implies that humans are able to understand and make sense of the information.

As such, given this information, NCD will be the �nal distance measurement that
we will investigate.
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2.2 Dimensionality reduction techniques

Multidimensional data is hard to understand, luckily there are ways to reduce data
to fewer dimensions. We want to reduce the data to be able to understand, manip-
ulate and interpret the underlying information that exists in the large scale of data
produced by the diversity measurements. Reducing the dimensionality of the data
into a more meaningful dimension will allow us to visualise the data with minimal
information loss [20], to further analyse the data. Optimally we want to reduce the
data to two dimensions since the visualisations we are using are composed in 2D
space (x-axis, y-axis). One technique to reduce dimensionality can be observed in
the paper by de Oliveira Neto et al. [1], where the authors use multidimensional
scaling (MDS) for visualising diversity.

MDS is able to reduce the complexity of data but still preserve the distance data for
visualisation. Another more state of the art technique for dimensionality reduction
is t-distributed stochastic neighbour embedding (t-SNE). Tahvili [21] proposes the
use of t-SNE to visualise density range in clusters created with machine learning. A
third dimensionality reduction technique appropriate to our thesis would be uniform
manifold approximation and projection (UMAP). UMAP was recently published by
McInnes et al. [22], in which they state that UMAP is competitive with t-SNE in
runtime performance and preserving data structure.

Becht et al. [23] proposes a comparison between UMAP and t-SNE where the results
indicate that UMAP performs similarly on visualisations, but in regards to other
aspects such as speed and preserving data structure, UMAP outperforms t-SNE and
seems to be best all-around choice. The three di�erent dimensionality techniques
that we went through here, are all suitable for reducing the dimensionality of our
data, due to all of our data representing diversity, which is a measure of di�erence
that yields a multidimensional output.

The following subsections go more into detail about each of the dimensionality re-
duction techniques that are used in this thesis.

2.2.1 Multidimensional Scaling

The theory and methodology of MDS have been introduced by Torgerson [24] where
he describes MDS as involving three basic steps. The �rst step is to gather com-
parative distances between each pair of data. The second step is converting the
comparative distances into absolute distances with the help of estimations and the
third step entails projecting the data to lower dimensional space while keeping the
values as true to the original as possible.

According to Cox and Cox [25] there exists two di�erent versions of MDS - metric
and non-metric. Metric MDS, which is also called Classical MDS, works on an in-
put distance matrix and performs a linear function to map the dissimilarities of each
data point in the distance matrix. Non-metric MDS does not have any constraints
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towards linearity and can thus use any positive monotonic function [26]. In this
thesis, we will use Metric/classical MDS, due to the fact that we are using raw dis-
tances as data, whereas if we would have an ordinal scale, we would use non-metric.

MDS is a tried and tested technique that has been used in many di�erent do-
mains successfully but su�ers from one big problem according to Van Der Maaten,
Postma, and Van den Herik [27]. The problem that classical MDS su�ers from is
that it mainly focuses on preserving the larger distances that are generated by the
pair-wise comparisons instead of the smaller distances. The smaller distances are
equally important when looking for clustering and similar data that are constructed
by their close proximity.

MDS has been used for visualising test diversity before [1] and due to its simplicity
and popularity, we have chosen to include MDS as one of the techniques we will
investigate.

2.2.2 T-Distributed Stochastic Neighbour Embedding

T-Distributed Stochastic Neighbour Embedding (t-SNE) was �rst introduced by Van
Der Maaten and Hinton [28] which is a variant of the originally proposed Stochastic
Neighbour Embedding by Hinton and Roweis [29]. t-SNE's objective is similar to
MDS, where it reduces the dimensionality of a data set from high dimensionality to
two or three-dimensional space which can then be visualised. The authors of the di-
mensionality reduction technique in question say that it produces signi�cantly better
results on visualisation than the SNE version, as well as other dimensional reduc-
tion techniques that were available at that time and it is much easier to optimise [28].

T-SNE is a technique that relies on machine learning in order to produce its work,
and as such requires some hyper-parameters in order for the algorithm to work
e�ectively. The algorithm is divided into cost function parameter and assisting op-
timisation parameters both of which are set manually. The cost function parameter
is perplexity and the assisting optimisation parameters include the number of iter-
ation, learning rate and momentum [28]. In order to use the algorithm to its full
potential and produce interpretable visualisations, the user needs to tweak its inputs
depending on the size of the data that is being fed to the algorithm. The impor-
tance of making sure that the hyper-parameters are set up correctly is presented by
Wattenberg et al. [30] where he goes through the e�ects that each hyper-parameter
has on the data.

Although t-SNE has many positives it also su�ers from a few drawbacks which the
authors have listed in their paper [28]. The �rst drawback of the t-SNE algorithm is
that it doesn't perform well if the dimensionality needs to be reduced to a number
that is higher than three. Secondly, there exists an issue of intrinsic dimensionality
also know as the curse of intrinsic dimensionality. Intrinsic dimensionality refers to
the amount of parameters needed to describe a multidimensional data set [31]. The
authors of t-SNE speci�cally mention that their algorithm might not perform well
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with data that has very high intrinsic dimensionality such as images due to it being
based on local properties of data [28]. The �nal drawback of t-SNE is that the cost
function parameter (perplexity) of the algorithm is not convex which in turn leads
to the algorithm needs a couple of optimisation parameters which are mentioned in
the previous paragraph.

T-SNE has been used for visualising test diversity before [21] and is one of the
more popular dimensionality reduction techniques and as such we have decided to
include t-SNE as one of the dimensionality reduction techniques to investigate.

2.2.3 Uniform Manifold Approximation and Projection

A recent addition to the dimensionality reduction techniques is Uniform Manifold
Approximation and Projection (UMAP) [22]. The theoretical aspects of this tech-
nique are based on manifold theory and topological data analysis, but we will not go
into more detail about these concepts in this paper but refer to the citation made at
the beginning of this paragraph which will lead to appropriate sources if the reader
wishes to read more about it, however, it is important to explain roughly how the
algorithm works.

UMAP similarly to t-SNE is classi�ed as a k-neighbour graph-based algorithm. This
means that practically it can be described in terms of construction and operations
on weighted graphs [22]. A weighted graph is a node branch type of graph where
each node-connecting branch is given a value. UMAP similarly to other dimen-
sionality reduction techniques of this type works in two phases, graph construction
which is where the k-neighbour graph is created and graph layout where the lower
dimensional layout of the graph is produced [22].

In order to use the UMAP algorithm correctly, a few hyper-parameters need to
be kept in mind. They are, as stated by McInnes et al. [22] as follows:x data set
that the dimensionality reduction will be performed on,n neighbourhood size,d
amount of dimensions to be reduced,min _ dist which controls the layout i.e. the
spacing of the data points on visualisation andn_ epochswhich is the amount of
times that the algorithm will be trained on the provided data set. Depending on
the composition and the size of the data set as well as the intended dimensional
reduction the above hyper-parameters will need to be adjusted accordingly.

As with t-SNE, there exists a couple of drawbacks to using the UMAP algorithm.
The authors mention its interpretability as the �rst problem and refer to using lin-
ear techniques if interpretability is of critical importance to the user. The second
problem that is mentioned is that given a smaller data set UMAP might produce
a lot of false positives i.e. it can �nd structure in the noise of the data set. This
means that UMAP falls short on data that is smaller in size. The third problem that
the authors of the algorithm mention in their paper is that UMAP is not great with
capturing the global structure of the data set but works well with the local structure.
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UMAP is a relatively new dimensionality reduction technique that is mainly used in
scienti�c �elds such as biology [23], it has yet to make a �rm appearance in software
engineering, even though it has seen positive results in comparisons to t-SNE. Due
to its novelty and reported positive result, we have decided to include UMAP as the
last technique for dimensionality reduction in our report.

2.3 Clustering techniques

Clustering techniques or cluster analysis generally refers to the act of subdividing
a set of data into smaller sets of data where the data points are pair-wise similar
[32]. Clustering techniques such as the ones from Tahvili paper [21] or ones from
Becht et al. [23] are usually used with the above mentioned dimensionality reduc-
tion techniques. From the combined results that the clustering and dimensionality
reduction techniques produce it is possible to make a visualisation in which we can
divide data points into di�erent clusters with the help of colours, which could then
be used for cluster analysis. An example of this can be seen in the �gure. 2.1, where
we have three distinct clusters, where each cluster is represented by a di�erent colour.

Using clustering with diversity is not a novel concept and makes for excellent analy-
sis in terms of cost-e�ective testing as presented by Tahvili et al. [21]. The thought
behind it is that if there is a big cluster of test cases, you know there is a lot of
test cases that cover the same aspect of the software or perform similar actions.
This is not a perfect scenario when thinking about cost-e�ectiveness, where you
want to minimize the time taken (cost) to run the test and maximize the coverage
(e�ectiveness) of the test suit.
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Figure 2.1: An example of clustering using test case artefacts from an example
test repository and Fuzzy C-Means as clustering technique

2.3.1 DBSCAN: Density-based spatial clustering of appli-
cations with noise

A Density-Based Algorithm for Discovering Clusters in Large Spatial Databases
with Noise (DBSCAN) was �rst introduced by Ester et al. [33] and was designed
to discover clusters of any arbitrary shape in data. The algorithm requires only two
parametersepswhich is the radius of the point neighbourhood i.e the radius of the
cluster andMinP ts refers to the minimum amount of points around a speci�c data
point to form a cluster. The inputs to the algorithm similarly to the dimensionality
reduction techniques largely depend on the size of the data. The authors suggest
starting with MinP ts value of 4 for two 2 dimensional data and claim that higher
values require more computation and the results are not that di�erent [33].

DBSCAN according to Hahsler et al. [34] is a well studied and widely used clus-
tering algorithm in the scienti�c community. Due to its popularity and high usage,
we think it is �t for us to include and analyse DBSCAN as one of the clustering
techniques we will investigate in our report.

2.4 Visualisation

Visualisation has already shown that it could improve the comprehensibility of dif-
ferent topics contained in software engineering [35] by the use of di�erent tools that
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it has to o�er such as graphs, plots, images etc. In software testing, visualisation
has also been proven to be e�ective at clearly and easily conveying hard to grasp
information to the targeted recipients of the study [36]. Although successful in
conveying information, visualising seems to be more e�ective on systems of smaller
scales as opposed to systems that are growing in size, this is because software visual-
isation solutions try to �x the problems at hand instead of thinking forward [37, 38].
Additionally, adding an interactivity layer can enhance visualisations by allowing
software engineers to change di�erent attributes of the charts (e.g., increasing size,
adding/removing graphical elements, changing colours) to compare di�erent states
of the data shown [39].

To bring up a speci�c example of visualisation, we can look at the paper written
by Feldt et al. [40], where the authors critically evaluate heatmaps and conclude
that even a simple heatmap can bring a lot of valuable information to the tester
such as understanding development and testing behaviour and analysing patterns.
Furthermore, the authors mention that in order for a heatmap to be truly useful
it needs some kind of interactivity such as support for �ltering, grouping of items etc.

Connecting this to the dashboards which we would ultimately want to develop and
which deals with a more speci�c aspect of software testing, namely testing diver-
sity, visualisation has also been used to a great e�ect. Evidence suggests [1, 40]
that using di�erent visualisations on test diversity has a positive impact on testers,
where it can lead to a better decision with regards to their testing suits as well
as spark discussions around the results potentially leading up to greater test suit
optimisation.
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3
Methods

To answer our research questions which are brie�y outlined in the introduction to
this thesis, we decided to take the experimental study approach as our research
method. In order to plan, execute and report our experiment, we use the guidelines
proposed in the book by Wohlin et al. [41]. For research question 1 we were aiming
to do a full factorial design, but due to time constraints, we decided to settle for a
fractional factorial design. For research question 2 we will perform a visual analysis
in order to evaluate the structural di�erences between the di�erent dimensionality
reduction techniques. For research question 3, however, we decided to go with a
qualitative analysis, in order to evaluate the produced results and complement our
experiment.

In summary, the goal of our experiment will be to take the results from RQ1 put
them as an input to RQ2 and �nally perform some qualitative analysis which would
complement our experiment and help us answer RQ3.

3.1 Scope

In order to de�ne the scope of our experiment, we need to think about theoretical
and observational constructs that lay the foundation for the experiment. At the
theory level, we want to see how does the diversity of di�erent test suits impact the
composition and structure of their visualisations. By creating these visualisations
we want to turn the attention of testers/developers to the time-cost e�ectiveness
(e.g., manual test selection) of their test suits and improve the way we visualise
diversity. In turn, our observable constructs are that di�erent diversity measures
in combination with dimensionality reduction and types of test artefacts a�ect the
visualisation of diversity in similarity maps and heatmaps. To further simplify our
goals we summarise our scope according to the guidelines suggested by Wohlin et
al. [41].

Analyse thedi�erent types of test diversity
for the purpose ofinterpretabilty

with respect to their e�ect on test visualisations
from the point of view of the tester

in the context of open source project
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3.2 Planning

In this section we will describe our research questions in much more detail and
explain the set-up of our experiment, describing all the factors and levels as well as
how the experiment connects to each research question. Technical details, data and
tools used in our experiments are described in section 3.3.

3.2.1 Research Questions

ˆ RQ1 What are the trade o�s in diversity for using di�erent diversity measures
and types of test artifacts?

� RQ1.1 How do the distance values di�er when using various diversity
measures and types of test artifacts?

� RQ1.2 How do the distance matrices di�er when using various diver-
sity measures and types of test artifacts?

ˆ RQ2 What are the visual and structural di�erences on the clusters after
using di�erent dimensionality reductions?

ˆ RQ3 To what extent do di�erent visual techniquesin�uence decisions about
test case selection?

� RQ3.1 Do di�erent visualisations motivate testers to select similar /
di�erent sets of test cases for the same tasks?

� RQ3.2 What types of �ltering, colouring and visual attributes are pre-
ferred when visualising diversity?

In RQ1 we are investigating the di�erent combinations of artefact types and diver-
sity measures to perform analysis on the resulting distance matrices. This is done in
order to �nd the most suitable combination of artefact types and diversity measures.
In RQ1.1, we will aggregate the separate distance values, for example, Jaccard and
Levenshtein to further analyse the di�erences between the diversity types and mea-
sures. In RQ1.2 we will analyse distance matrices as a whole and compare them to
see if there is a correlation between distance matrices created using varying distance
measures. This can be done with a Mantel test to look for correlations between the
distance matrices of several test suites. In addition, we will compare whether those
correlation scores have an impact on typical applications of diversity such as test
case prioritisation. In other words, we want to see how the di�erent combinations
of test artefacts and diversity measurements impact the test case ranking. This will
provide us with the more suitable combinations of each diversity measurements and
test artefact types.

In RQ2 we will use di�erent dimensionality reduction techniques and a clustering
technique on the obtained result from RQ1. We will analyse the application of these
dimensionality reduction techniques into the di�erent diversity functions by looking
at the structure of the resulting similarity map as well clusters. By comparing the
di�erent visualisations between all the investigated projects, we are able to visually
analyse the di�erences between the dimensionality reduction techniques.
In summary, we want to distinguish the trade-o�s in each dimensionality reduction
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by analysing the resulting similarity maps.

In RQ3 we apply interactivity and di�erent kinds of �ltering to our resulting simi-
larity maps in order to see how do the testers perform tasks and work with visuali-
sations that connect to test diversity. Therefore, we create three di�erent use cases
that represent tasks that a tester would do for test selection. We designed varia-
tions of the same dashboard with di�erent visualisation techniques (e.g., �ltering,
colouring, layout) and, through an interview study, we verify how practitioners use
those di�erent visualisations to solve the tasks. For example, is �ltering useful when
trying to select di�erent subsets of the available tests, such as 20%, 40% of the test
suite, etc. This will allow the tester to see which clusters are removed /remain when
the �ltering is applied and, consequently, the perceived redundancy between tests
that belong to the same cluster. We perform a qualitative analysis to answer RQ3
which entails coding and interpreting our interviews with subjects (e.g., students or
practitioners in software engineering).

3.2.2 Experimental variables

Table 3.1: Factors, levels and their connection to quantitative research questions.

Factor Label Factor name Levels Connection
to RQ

F1 Diversity metrics NCD, Jaccard, Levenshtein RQ1
F2 Diversity types Input, Output RQ1

The table 3.1 describes the factors and the levels as well as the connections each
one has to the research questions.

For RQ1 we will have two di�erent factors, which will be di�erent diversity metrics
and di�erent diversity types. The three levels for factor one will be NCD, Jaccard
and Levenshtein while the levels for factor two will be input and output (see table
3.1). The two dependent variables will be, distance matrix and distance values.
This is due to the fact that we want to see how the di�erent diversity metrics and
diversity types will a�ect the results in each distance matrix and more closely its
values (e.g mean distance, variance in di�erences per tests case). Then, we observe
which combination of diversity types and metrics provide the most varied distance
matrices to allow the measure of the correlation between those matrices. In short,
the null hypothesis for this research question isThere is no di�erence between the
di�erent diversity types and measures in the test prioritisation rankings.We mea-
sure those di�erences in relation to fault detection and priority of the test cases (i.e.,
ranking).

In RQ2 we perform a visual analysis of di�erent dimensionality reduction tech-
niques, namely UMAP, t-SNE and MDS. We will look at the resulting layouts and
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how each dimensionality reduction technique constructs the visualisation. Addition-
ally, we look at the distribution of data points and clusters and how each technique
visually deals with potential anomalies in the data if there exists any. Finally, we
look at the composition of those clusters, e.g., whether the data are very spread
out versus data that is clustered. Since this will be a visual analysis, RQ2 is not
included in Table 3.1

In RQ3 , we aim to perform a qualitative analysis of answers from interviews with
subjects performing the designed tasks and reporting on the dashboards used. There-
fore, we did not include RQ3 in Table 3.1.

The controlled variable for the experiment is open sources projects such as parsers
and various GNU programs which can be found on Github or other repositories. We
describe the speci�c programs in the instrumentation and execution section of this
chapter.

3.3 Instrumentation and Execution

Below, we describe the di�erent programs implemented and technologies used in
order to perform di�erent actives within the experiment, such as collect data or
run the experiment. Figure 3.1 shows the steps of execution of our experiment in
connection to the research questions.

To perform our experiment we developed a script in Julia programming language
to run the most important tasks in our execution such as diversity metric calcu-
lation, dimensionality reduction, clustering and data visualisation. To compliment
our main script we developed a couple of Python3 scripts which performed data
scraping, analysis of distance matrices (mantel test), statistical analysis and the vi-
sualisation dashboards for research question 3.

Julia packages:
ˆ MultiDistances.jl - version: 0.1.4
ˆ StringDistances.jl - version: 0.5.1
ˆ TSne.jl - version: 1.2.0
ˆ UMAP.jl - version: 0.1.8
ˆ MultivariateStats.jl - version: 0.8.0
ˆ StatsPlots.jl - version: 0.14.19
ˆ Clustering.jl - version: 0.14.2

Python packages:
ˆ Pandas - version 1.2.1
ˆ plotly - version 4.14.3
ˆ scikit-bio - version 0.5.6
ˆ scikit-learn - version 0.24.1
ˆ scipy - version 1.6.0
ˆ numpy - version 1.20.1
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Figure 3.1: Steps taken in the execution of our experiment

We run out experiments on a PC with an Intel i7 CPU (4790k 4.0GHz), 16 GB
RAM and a GeForce GTX 1070 GPU. We used Windows 10 (Education 64-bit)
as the operating system. Nonetheless, the instrumentation uses Python and Java
which work on various platforms.

3.4 Projects and Data Collection

The data that is being used for the experiments have been collected from three
open-source projects extracted from research repositories. The selected projects are
NanoXML, Sed and Grep. Those three projects have been used extensively in previ-
ous software testing research and are accessible in open repositories. Moreover, the
projects contain useful information for research, such as fault detection via mutation
scores, coverage, test and source code, build scripts, etc. NanoXML and Sed were
extracted from the SIR (Software-artifact infrastructure Repository) repository1,
whereas we use the replication packaged o�ered by Henard et al. [19], to run the
experiments with Grep2. Next, we detail each project and they have been used in
our experiment.

Grep: Grep is a small (10068 lines of code (LOC)) program to search through a

1https://sir.csc.ncsu.edu/portal/index.php
2https://henard.net/research/regression/ICSE_2016/
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�le or other input streams in order to �nd matches based on a search string query
and the �le to be searched as a command-line argument. The grep program is well
studied and described by the authors of the paper written by Henard et al. [19].
The repository created by the authors of the paper contained 5 di�erent versions of
the Grep program with 440 sample input test cases and corresponding test outputs
as well as a varying number of mutants per version. A mutant in this case is a fault
that is introduced to the Grep program. A test case input consisted of a program
name (grep), a set of �ags, a regex search expression and the search target which,
in this case, was a set of scripts containing the logic of the Grep program. The
output �le was composed of the matches made by the regex expression. Out of the
5 versions of the Grep program we decided to focus on version 1 (56 mutants/faults),
because of time constraints of the thesis.
Sed: Sed is a stream editor in which you can read an input stream (�les or pipes)
and perform changes to the text. Sed is a Unix utility that still to this day is
available with most operating systems. The repository we used for Sed was the SIR
repository [42], which hosts di�erent versions of Sed with seeded faults, input and
output data for everyone to use and perform experiments with. It is quite a small
piece of software (14427 LOC) which is written in C. The inputs consist of di�erent
Sed commands which are performed on a single �le, while the output is a �le that
saves the actions performed by the commands.
NanoXML: NanoXML is a small XML parser that is written in Java which can be
easily run without the need for external libraries. It is fairly small with 7646 LOC,
24 classes. NanoXML contains documented seeded faults and �ve di�erent versions
that we can run. The inputs for this program are extensible markup language (XML)
�les and the produced output depends on what you are parsing. It can give either
the parsed result in a di�erent �le format, or it can produce another XML �le with
the parsed result.

3.4.1 Interviews

In order to gather data for the RQ3, we conducted 5 semi-structured interviews in
which practitioners were shown di�erent versions of a similarity map (e.g., di�erent
�ltering options, colour scales, etc.). We used RQ3 and its sub-questions as well as
three use cases to structure our interview. The three use cases used to illustrate
di�erent test selection tasks are:

ˆ Task 1: Chose �ve tests to execute based on the visualisation. Since the
similarity map displays clusters of tests, the goal in task 1 is to investigate
which information helps testers decide how to sample from those clusters.

ˆ Task 2: Find three test cases to debug in order. We used di�erent types of
shapes and colour scale to convey the number of faults revealed by each test.
Therefore, we aim to identify which option helps practitioners deciding where
to begin debugging those shown faults.

ˆ Task 3: Find three test cases that reveal bug 8 & bug 1.3 Lastly, we allow
practitioners to use di�erent options to �lter test cases based on their coverage

3Bug 8 and 1 were two arbitrary faults chosen from our projects.
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Table 3.2: Interview participants. Experience is measured in years in their current
industrial or academic position.

ID Role Experience (Years)

Person 1 Software Engineer 2
Person 2 Software Engineer 2
Person 3 Software Engineer 8
Person 4 PHD Student 2
Person 5 Masters Student 2

of speci�c bugs. The goal is to see whether a speci�c type of �ltering supports
prioritising tests based on fault coverage.

During the interviews we allowed the participants to be descriptive when answering
questions and interacting with the dashboards. We also noti�ed the participants
that there is never a right or wrong answer to make sure that they don't feel under
pressure and can solely focus on giving us their real opinion about using the di�erent
visualisation options presented.

Participants : The participants that were involved in our study mainly came from
our academic and industrial networks. They span from senior to junior software en-
gineers and students at masters or doctorate level with previous work and academic
experiences within the area of software engineering. The overview of the partici-
pants is shown in Table 3.2.

Protocol: The interviews were conducted over a period of two weeks. Each inter-
view lasted on average 45 minutes and was conducted through a video conferencing
application called Zoom. Face to face interviews was not possible because of the
COVID-19 pandemic. We asked the participants for their permission to record and
to use the data in our study before each interview. The participants were also given
an option to opt-out of the study at any time during the interview but none did.
During the interview, we presented the participants with 3 sets of visualisations,
each set for one of our three tasks. The �rst and the third set of visualisations
contained 2 similarity maps and the second set contained 3. Each similarity map
was exported as a standalone HTML �le and sent to participants via a link to be
used only during the interview. Therefore, participants could interact live with the
maps during the interview. Each similarity map di�ered slightly in terms of presen-
tation of data, such as di�erent interactive �lters, di�erent colour scales, jittering
and alpha turned on or o�.

The �ow of working with the visualisation in the interview was as follows: �rst,
a participant was given an explanation and a demo about the similarity maps ex-
plaining what information they convey and the di�erent interactive controls (e.g.
zooming, panning, resetting axes). Then the participant was given a background
scenario and the corresponding task. The participant had to use the similarity maps
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Table 3.3: Interview questions.

ID RQ Question

� � Information about Participants
0 � Can you describe your job title and responsibilities at work?
0.1 � Do you have experience within software engineering and if so, do you

have experience within software testing?
0.2 � What types of software testing are you familiar with or have you been

using, either in your company or prior experiences?
0.3 � Have you used any sort of tools for test visualisation or analysis?
� � Intro to our thesis and what it is about.
� � Present slide for diversity input (BMI)
0.4 � Do you think of diversity when creating tests?
0.5 � Do you distinguish between input and output when constructing tests?

� � Demo use-case 1
1 � Task: Chose �ve tests to execute based on the visualisation.
1.1 3.1,3.2 Which of plot A and B do you �nd more useful and why?
1.2 3.1 Would you rather see ranking to be percentage based or individual rank-

ing for each test case - as it is right now?

� � Demo use-case 2
2 � Task: Find three test cases to debug in order.
2.1 3.1, 3.2 Which of plots A, B and C do you prefer and why?
2.2 3.2 Would you prefer the visualisation to have jittering and/or alpha, or

without jittering and/or alpha?

� � Demo use-case 3
3 � Task: Find three test cases that reveal bug 8 & bug 1. Mention at the

meeting (two most severe bugs so to make sure to bug�x these two faults
we need three test cases from those faults)

3.1 3.1,3.2 Which of plots A and B do you prefer and why?
3.2 3.2 What information would you like to see in the label to help identify

qualities that the test case might have? Ex. total number of mutants
killed, coverage?

to solve the task and state the answers back to us, i.e., which tests they would select.
We then asked them some questions related to working with the similarity maps.
This was repeated for each set of visualisations. At the end of each set, we also asked
about their preferred visualisation. The �ow of the interview with the questions and
di�erent stages of the interview can be found in table 3.3.

24



4
Results

In this chapter we will describe initial results that we got from running our exper-
iment. The chapter will be divided into sections and multiple subsection where we
go into detail about the results we got for each research question.

4.1 Analysis

In order to analyse the gathered data and produced results, we will use di�erent
units of analysis. For RQ1 and its sub-questions (RQ1.1 and 1.2), we will be using
average percentage fault detected (APFD) together with test case ranking, mantel
test and visualisations. For RQ2, its sub-question (RQ2.1) and RQ3 we will be look-
ing speci�cally at the visualisation. The visualisations will be evaluated di�erently
depending on the research question

Average Percentage Fault Detected (APFD) is a way to calculate how fast
a re-order test suit �nds faults in the system under test [43]. In order to determine
the APFD of a test suit T, we need to know the test cases it containsn, the number
of faults that the test suit revealedm, and the position of the �rst test case that
detects a faultTFi .

APFD = 1 �
P m

i =1 TFi

nm
+

1
2n

(4.1)

This will help us choose the best distance measurement and test input-output com-
bination based on the results as well as gain a deeper understanding of the impact
of di�erent distance measures and types of diversity in cost-e�ective testing.

Mantel Test is a test given two matrices that will produce a correlation score
and a p-value. This will be done to check for correlations between the di�erent
distance functions. A correlation between the matrices can tell us how strongly or
weakly each distance function is related to each other. We want to investigate this
correlation by using varying data from the di�erent repositories and as such observe
how the correlation changes between the matrices.

Visualisations are going to be used throughout all 3 research questions. In RQ1
we will use the visualisations to plot the distance matrices produced by calculating
the distances separately between test input and output. The types of visualisation
produced will be histograms, box plots and heatmaps. In RQ2 we will use the vi-
sualisation in form of similarity maps the evaluate the e�ects that the dimensional
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Table 4.1: Mean character count and standard deviation per �le in each project.
We measure the length for both test input and output.

Repository Mean number of characters Standard deviation

Grep input 45 6
Grep output 4416 25540
NanoXML input 396 347
NanoXML output 136 151
Sed input 93 58
Sed output 1094 1091

reduction has on the structure and composition of the said visualisation as well
as the number, size and composition of clusters produced by di�erent clustering
techniques. In RQ3 we will ask our fellow students and software practitioners to
give their critical evaluation of the produced visualisation aided by a set of question
which will help us with the analysis.

4.2 RQ1 - Comparing Distance Measures and Types
of Diversity

In this section, we will describe all the results which are connected to RQ1 and its
sub-questions. RQ1.1 focuses speci�cally on the distance values that are contained
in the distance matrices. These matrices are produced by measuring the distances
between each test case with the use of di�erent distance metric (Jaccard, NCD,
Levenshtein) in a test suit. The measurements will be taken from both the input
and the output �les of the system under test. This will yield 6 di�erent distance
matrices (3 distance matrices x 2 test artefacts (input and output)). To evaluate
these distance values will make use of ranking and the average percentage of faults
detected (APFD).

In RQ1.2 we will take the resulting matrices and compare them as a whole i.e.
we will be looking at the entire distance matrix as opposed to the values contained
in that matrix. To evaluate the matrices we will use a mantel test that produces a
correlation score and also we will be looking at the produced visualisation.
To better help understand the results from the following subsections, Table 4.1 shows
how many characters are in each �le. This is to better understand how di�erent dis-
tance functions perform with varying lengths of the content it is reading.

4.2.1 Ranking and APFD

Using the MultiDistances.jl tool enables us to produce a prioritisation ranking for
the test cases. By utilizing the data from the di�erent repositories containing faults,
we are able to calculate the Average Percentage of Faults Detected (APFD) and
thus calculating which prioritisation order gives the best results. The results from
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Table 4.2: APFD for all diversity types and diversity functions for all three repos-
itories, Grep (440 tests, and 52 faults), NanoXML (216 tests, 8 faults) and Sed (336
tests, 4 faults). The highest APFD value for each project is highlighted in bold.

Artefact Distance APFD
type function Grep NanoXML Sed

Input Jaccard 0.9409 0.7330 0.7403
Input NCD 0.9241 0.8380 0.7820
Input Levenshtein 0.9236 0.9302 0.9762
Output Jaccard 0.9104 0.8304 0.8432
Output NCD 0.9239 0.8507 0.8811
Output Levenshtein 0.9256 0.8547 0.8216
- Random 0.9340 0.8575 0.8571

this procedure can be found in the table. 4.2.
Looking at the values presented in the table. 4.2, we can see that random produce
results equal to the ordering produced by the diversity ranking. This is due to the
test cases in each repository often revealing one to several faults per test case in the
suit, making choosing a test case to execute next to trivial choice.
In �gure. 4.1, we can see the percentage of faults detected for each 10th percentage
step of tests executed. Again we see that the order created is quite redundant when
random produce such a good result, where the curves look similar and there is no
outlier.

4.2.1.1 Ranking results

In conclusion, the ranking created for the smaller repositories we have is quite re-
dundant. Mainly due to the size of the software being quite small and that each test
case has a high fault coverage in the repository which will lead to a higher APFD -
no matter the ordering.
Grep has 52 seeded faults, of which 32 are found by test cases. This is quite a lot but
due to each test case having a very high fault coverage, it would not really matter in
which order you execute test cases, hence the high scoring and random performing
so good.
Contrary, NanoXML and Sed do have lower amounts of seeded faults, 8 and 4
respectively and with a moderate amount of fault coverage per test. However, due
to the number of tests and the low amount of seeded faults, it is very probable that
a test case is able to �nd one of the seeded faults and thus the order again, has less
impact.
The key takeaway here is that considering a smaller project with few faults or test
cases with high fault coverage, the order of execution matters a lot less and random
seems to generate an order that is as e�ective as an order based on diversity in
many cases. However, with a smaller project where each test case has a lower fault
coverage, it might prove e�ective.
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Figure 4.1: Amount of faults found after %X amount of tests executed, following
order of APFD of varying diversity types and diversity functions
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Figure 4.2: Resulting histograms and heatmaps from inputs in the Grep repository
with the distance function Jaccard

4.2.2 Visual Analysis of Distance Matrices

The results from input and output performed by di�erent distance functions are
presented in the following subsections. The results are speci�cally connected to
RQ1.1 where we are looking at the distance values in each distance matrix.

4.2.2.1 Grep

The following subsection talks about the distance matrices generated from the
Grep repository's test input and output, visualised in the format of histograms
and heatmaps.
In �gure. 4.2 we can observe that the distance function Jaccard with input data
(top row), produced quite a small distribution. This will be a theme in Grep for
all visualisations due to Grep input data being quite small ( 30-50 bytes in the
majority), hence the possibility of di�erence between the di�erent inputs is lowered.
In contrast, if we look at the output (bottom row), we can see a bigger distribution.
Here the size of the output is generally bigger and more varied ( 40-358000 bytes),
which in turn then gives us a bigger distribution. By observing we notice that there
is a cluster of test cases that are identical, either by looking at the bar to the left in
the histogram or by looking at the black spots in the heatmap. These are test cases
that purposefully did not produce any output as a test.
Overall Jaccard produced quite an impressive amount of detail, considering it is the
fastest distance function of the three distance functions we are testing.
In �gure. 4.3 we can see that NCD produced a very small distribution compared
to Jaccard. We do not get any �ner detail here and everything is classi�ed as very
similar with no outliers. We can observe this in the histogram (top left), where we
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Figure 4.3: Resulting histograms and heatmaps from inputs in the Grep repository
with the distance function NCD

see one lone peak, or in the heatmap where we can see dark purple colour with some
small clusters that are more equal.
In the output, we can see a much bigger distribution, exactly as with Jaccard. The
majority of the distribution in the output histogram is clearly leaning toward the
right side of the plot, while the heatmap presents bigger areas with bright yellow.
Compared to Jaccard we get more clusters of extreme values in the high end (right
side of the histogram) and less towards the middle values, which indicates that
NCD is less e�cient with details compared to string distance functions (Jaccard,
Levenshtein).
In �gure. 4.4 we see the Levenshtein has produced a distribution quite similar to
Jaccard but slightly more condensed, with a single peak that is more towards the
right side, which would indicate the data overall being more similar with Levenshtein
as the distance function. We can clearly see this di�erence if we compare the input
heatmaps between Jaccard and Levenshtein, where Levenshtein has a darker hue,
while Jaccard is lighter.
In the output, we see a very big spike on the right side, which indicates that we have
many unique outputs. Compared to NCD and Jaccard we have many more unique
results in Levenshtein and much more data towards the right side than any other
place in the plot.
In �gure. 4.5 we have a clear overview of the distribution and the mean and can
clearly see in the input (left side of the plot) we have a broader distribution between
Jaccard and Levenshtein compared to NCD. The mean of the data is higher in
Jaccard than what it is in Levenshtein and NCD, which are close to each other,
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Figure 4.4: Resulting histograms and heatmaps from inputs in the Grep repository
with the distance function Levenshtein

Figure 4.5: Resulting boxplot from inputs in the Grep repository with the all the
distance functions under investigation
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which means that Jaccard registered a higher disparity between the data.
In the output (right side), we can see that the distribution is fairly similar. Leven-
shtein having a higher mean, as we previously noticed in the �gure. 4.4 where there
is a big spike towards the high end, meaning there exist more unique outputs ac-
cording to Levenshtein. Overall the di�erent distance functions performed similarly
in output where there is generally bigger data to inspect.

4.2.2.2 Results for Grep

In conclusion, we notice that NCD seems to have a more condensed distribution
on inputs. This is due to the input being considerably smaller in size (text) and
thus there is less to compress which yields a lesser di�erence. The string distance
functions (Jaccard and Levenshtein) seem to capture the nuances of the text (as
they should) due to being speci�cally for strings, as such they are able to capture
di�erent nuances in even smaller inputs, even though there might not exist many
di�erences when there is a smaller input.
We speci�cally notice the di�erences in nuances if we compare the input heatmaps
between each repository. We can see distinct clusters in all heatmaps, but in NCD
speci�cally, it is much less distinguishable compared to Jaccard and Levenshtein.
In the output, we see that generally Jaccard, NCD and Levenshtein perform equally.
The big di�erence between the input and the output is the size of the data. The
output, as previously mentioned, is often times bigger, see one output size: 358000
bytes, compared to the lowly input sizes which are often around 30-50 bytes.

4.2.2.3 NanoXML

The following subsection talks about the distance matrices generated from the
NanoXML repository's test input and output, visualised in the format of histograms
and heatmaps. In Figure 4.6, we observe three big peaks in the input histogram
(top left), that are positioned at each end of the spectrum of diversity and roughly
in the middle. The peak to the left entails that we have many identical inputs ac-
cording to the distance function Jaccard. We have two roughly equally big peaks
located in the middle and far-right in the histogram, which means we have a pretty
broad distribution, although skewed to the right. Comparing the input and output
in this case, we can see that although we have quite a broad distribution of input,
our output does not seem to be as broad.

If we observe input and outputs on the heatmaps we can observe the big area in
the test space that seems to share many similar test cases which are not seen in the
heatmap for output diversity. The reason is that input �les are the same, but since
the SUT performs di�erent operations, the rendered output is di�erent.

In Figure 4.7, we can see that what NCD produced is very di�erent to what Jaccard
produced. We do not have any identical input according to the input histogram,
and if we inspect the input heatmap, we can see that the areas that are deep purple
in the NCD (i.e, very similar) are black in the Jaccard input heatmap (i.e., identical
tests). Note also that the data in the input histogram seems to be a lot more cen-
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Figure 4.6: Resulting plots from running distance function Jaccard on inputs and
outputs from the NanoXML repository

Figure 4.7: Resulting plots from running distance function NCD on inputs and
outputs from the NanoXML repository
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Figure 4.8: Resulting plots from running distance function Levenshtein on inputs
and outputs from the NanoXML repository

trally focused when compared to Jaccard; in other words, for NCD none of the tests
is identical or unique. The distribution overall seems to be broader in NanoXML for
NCD compared to the Grep, which is due to the fact that the length of the input
for NanoXML (�le of circa 136 characters) is larger than the length of input used
in Grep (strings with a mean length of 45 characters)�see Table 4.1.

In the output, we can see that the distribution is very di�erent from Jaccard and
Levenshtein as well. If we look at the histogram in the bottom left, we can see a
more gradual increase towards the peaks in the data when compared to Jaccard and
Levenshtein. However, if we look at the output heatmap (bottom right) we can see
that structurally we have the same features between NCD, Jaccard and Levenshtein,
with the hue being the di�erence mainly.

For Levenshtein (Figure 4.12), results show that both input and output are very sim-
ilar to the Jaccard, both regarding the histograms and heatmaps. What is di�erent,
however, is that Levenshtein does seem to register less similarity in the higher end of
the histogram when compared to Jaccard. Additionally, it also looks, as previously
stated, very di�erent to the NCD plots, speci�cally regarding the output.

Comparing the distance values in boxplots (Figure. 4.9), our results align with our
detailed description of heatmaps and histograms. First, Jaccard and Levenshtein
have similar distributions in input diversity, even though the test input itself is larger
in length than the cases compared in Grep. Longer strings also seem to favour NCD,
since the input diversity for NanoXML is higher when compared to the same measure
but for the Grep project. Moreover, Jaccard and Levenshtein being string distance
functions, still manages to capture the nuanced di�erences in the data better than
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Figure 4.9: Resulting boxplot from inputs in the NanoXML repository with the
all the distance functions under investigation

what NCD does. Lastly, the boxplots for output diversity are in contrast to the
boxplots of output diversity in Grep. NCD has a broader distribution and fewer
outliers, while Jaccard and Levenshtein has a more condensed distribution with
many outliers, which we could see in the histograms previously as well.

4.2.2.4 NanoXML results

Looking at the input Jaccard and Levenshtein seem to have very similar results
throughout all three di�erent visualisations. They both have a wide distribution
and similar medians, particularly, if compared to NCD. In other words, Jaccard and
Levenshtein have very small di�erences between each other and NCD is the odd
one out. Even though using NCD on input yields a moderate spread, the output
distribution is also spread out and not converging into unique tests cases (as shown
by Jaccard and Levenshtein in the output).

Similarly to Grep, the size of input/output �les play a big part here. The input
this time is bigger than the output producing a result for NCD which is closer to
the other two distance measures 4.1 (mainly looking at the spread on both his-
tograms and boxplots). The output result on the other hand behaves similarly to
the results from Grep.

4.2.2.5 Sed

Figure 4.10 shows that the input histogram (top left) is skewed to the far right,
which means that the distance function Jaccard deems most of the data to be di-
verse. Sed has larger input data generally (see Table 4.1), which makes it prone to
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Figure 4.10: Resulting plots from running distance function Jaccard on inputs and
outputs from the Sed repository

be more unique. We see the same e�ect if we look at the heatmap, where most of the
areas have an orange/yellow hue. We see a similar pattern in the output diversity,
except for more redundant tests (i.e., darker areas in the heatmap). That pattern is
seen again when analysing results for NCD, except for having a distribution centered
around 0.6 for input diversity (Figure 4.11)

For Levenshtein (Figure 4.12), we again see an input histogram very similar to
what Jaccard produced, albeit the Jaccard input histogram is a bit more skewed to
the right. In contrast, the histogram of output diversity (bottom right) has more
identical tests than what Jaccard and NCD found. We do see the same areas in the
heatmaps across all three distance functions identi�ed similar areas, but Levenshtein
seemed to have valued the areas generally higher than what the other distance func-
tions did.

Lastly, the distribution in boxplots (Figure 4.13) show that we have very simi-
lar distributions in the input (left side) compared to the other repositories (i.e.,
Levenshtein > Jaccard > NCD ), albeit on di�erent places in the diversity spec-
trum. The mean di�ers quite a lot between Jaccard and NCD, while Levenshtein
is slightly below Jaccard, despite some minimal overlap. For output diversity (right
side), we have very similar distributions between the three distance functions, which
we also saw at the Grep repository before.

4.2.2.6 Sed results

Between the three di�erent distance functions, the results are generally very similar.
In the input histograms, the general di�erence is that NCD is yet again more focused
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Figure 4.11: Resulting plots from running distance function NCD on inputs and
outputs from the Sed repository

Figure 4.12: Resulting plots from running distance function Levenshtein on inputs
and outputs from the Sed repository
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Figure 4.13: Resulting boxplot from inputs in the Sed repository with the all the
distance functions under investigation

towards the middle of the plot, while Jaccard and Levenshtein register higher values.
Again, this can be explained if we compare the size of the input, indicating that
NCD generally produces less signi�cant visualisations with smaller data. This is not
surprising due to the trade-o� of using compression in smaller strings. Meanwhile,
the Jaccard and Levenshtein produce very similar distributions across the board,
with minor di�erences of 0.1�0.2 in distance value which, we argue, is negligible in
practice. All this can as well be seen in Figure 4.13, where Levenshtein and Jaccard
are quite similar in terms of distribution and mean, while NCD di�ers.

In terms of output in the Sed repository, we see an improvement for NCD, which
again, is due to the size for the output data being considerably larger which improves
the bene�ts of compression that the NCD produces with text-based data. Jaccard
and Levenshtein are once again also very similar to each other and if we look at
the boxplots, all distributions from the three distance functions are very similar in
terms of mean and distribution.

4.2.3 Testing Correlations between Types of Diversity.

In order to evaluate the distance matrices, we will use the Mantel test. The Mantel
test will produce a correlation score and a p-value for each combination of distance
metrics. This will be done for the test inputs and the test outputs giving us re-
sults for each repository, which will be presented in the table. 4.3. The method to
compute the correlation between the distance matrices is the Pearson correlation
coe�cient and the method to calculate the statistical signi�cance (p-value) is a two-
tailed test.
By using the mantel test, we compare the correlation score between the di�erent
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Table 4.3: Correlation coe�cient between the di�erent diversity types distance
matrices for the inputs. Highly correlated matrices (i.e., coe�cient higher than 0.9)
are highlighted in bold. The result for all items in the list are signi�cant with a
p-value of 0.01. For grep there are 440 elements, for NanoXML there are 206 and
216 elements and for Sed there are 336 and 370 elements.

Repo Distance functions Artefact type Coe�

Grep Jaccard-NCD Input 0.74
Grep Jaccard-Levenshtein Input 0.90
Grep NCD-Levenshtein Input 0.76
Grep Jaccard-NCD Output 0.91
Grep Jaccard-Levenshtein Output 0.72
Grep NCD-Levenshtein Output 0.70

NanoXML Jaccard-NCD Input 0.94
NanoXML Jaccard-Levenshtein Input 0.97
NanoXML NCD-Levenshtein Input 0.93
NanoXML Jaccard-NCD Output 0.63
NanoXML Jaccard-Levenshtein Output 0.91
NanoXML NCD-Levenshtein Output 0.76

Sed Jaccard-NCD Input 0.47
Sed Jaccard-Levenshtein Input 0.79
Sed NCD-Levenshtein Input 0.51
Sed Jaccard-NCD Output 0.81
Sed Jaccard-Levenshtein Output 0.91
Sed NCD-Levenshtein Output 0.82

distance matrices. The goal is to assess quantitatively our �ndings from the visual
analysis of heatmaps and boxplots. While the visual analysis can point to narrow
patches of (dis-)similarities, the correlations revealed by the Mantel test can reveal
how similar those distances matrices actually are to each other.

If we observe Table 4.3, we can see that in most cases Jaccard and Levenshtein are
very correlated. In the previous subsection, we saw that Jaccard and Levenshtein
were most of the times very similar with few disparities. We also see that, in many
cases, NCD is far o� Levenshtein and Jaccard, but sometimes correlates quite closely
to Jaccard and Levenshtein.

The correlations also support the argument towards the in�uence of the size of
the input on the di�erences between those measures. Grep had veryshort in-
put strings such that NCD is not very correlated to Jaccard and Levenshtein. In
contrast, the longer output strings in Grep revealed a higher correlation towards
Jaccard. The same can be seen in NanoXML input, where the data is moderately
large, we see that NCD is much more correlated than when operating on shorter
strings. Looking at the output NanoXML and input of Sed which is considerably
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smaller, we again see that NCD is not as correlated to Jaccard and Levenshtein.

In other terms, Jaccard and Levenshtein seem to be highly correlated when it comes
to smaller data whereas NCD is not. On the other hand given large data all the
distance measures are highly correlated i.e. there is not much di�erence between
which distance function is chosen when operating with large data.

In conclusion, Levenshtein and Jaccard seem to be highly correlated in the majority
of cases, with some variance when the data size is smaller, which makes Jaccard
and Levenshtein a little less correlated, but still high. This means that Jaccard
and Levenshtein basically produces highly correlated (with some variance) distance
matrices relatively independent of size. By extension, we know that they produce
similar data structures and thus perform similarly in the context of production.

4.2.4 Summary of RQ1 Results

Here we condense the results that were shown in the previous subsections by an-
swering the research questions based on the data collected.

RQ1.1. How do the distance values di�er when using various diversity
measures and types of test artifacts?
The values produced by the di�erent diversity functions seems to vary depending
on the size of the input. NCD seems to su�er from this the most, which is mostly
due to the compression on the smaller input, which leads to a lesser e�ect when
compared to string distances such as Jaccard and Levenshtein which can capture
nuances and details with smaller inputs. Jaccard and Levenshtein produce very
similar values independent of the size of the data. Output diversity yielded higher
distance values on all instances when compared to input values. However, those
di�erences were also sensitive to the string length.

RQ1.2. How do the distance matrices di�er when using various diver-
sity measures and types of test artifacts?
Similarly to RQ.1.1. we see a big di�erence in the distribution produced by the
distance matrices based on the size and composition of the data. NCD seems to
produce very similar results to Jaccard when the data is bigger in size, whereas
NCD is more sensitive to the string length and is less correlated to Jaccard and
Levenshtein. In turn, Jaccard and Levenshtein often produce distance matrices
that are strongly correlated with some variance introduced by the string length,
where the size of the data lessens the correlation. The di�erences between in-
put and output artefacts also seem negligible, where the di�erence between the
composition of the distance matrix relies, again, on the length of strings.

RQ1. What are the trade o�s in diversity for using di�erent diversity
measures and types of test artifacts?
The big trade-o� between di�erent diversity measures is that both string dis-
tances used in this study tend to fare better than the compression distance on
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Table 4.4: Shapiro-wilk test results

Diversity function p-value

Jaccard 0.48
NCD 0.57
Levenshtein 0.46

Artefact type p-value

Input 0.10
Output 0.22

data that is smaller in size. Both of the string distances (Jaccard and Leven-
shtein) have similar results across the repositories involved in this study and
can capture more nuances in the data than the compression distance, this is
speci�cally evident in smaller data and not as much in larger data.
Another factor to keep in mind is run-time for each distance function, where
Jaccard outperforms both Levenshtein and NCD on all types of data. NCD
performs faster than Levenshtein on bigger data, while Levenshtein outperforms
NCD on smaller data.

4.2.5 Statistical analysis of APFD and Ranking

Here, we verify our null hypothesis: There is no di�erence between the di�erent
artefact types and diversity functions in terms of APFD score.

In order to perform a statistical test on our data we �rst need to check if our data
is normally distributed. Checking for normality of data will allow us to decided
between parametric or non-parametric test i.e. if the data is normally distributed
we need to do a parametric test and if not a non-parametric test. We use the
Shapiro-Wilk test to check for the normality of our data, we chose this speci�c test
because we are the most familiar with it. The results from the test can be seen in
the table 4.4. Here we can see that none of the p-values is lower than the chosen
alpha of � = 0:05, which means that we cannot reject the null hypothesis that the
data is normally distributed. Although we cannot reject the null hypothesis we still
went for a non-parametric test because our data was quite small and is very unlikely
to be normally distributed.

The results from Kruskal-Wallis statistical test can be seen in the table 4.5. Here
we compare the APFD scores between each diversity function and artefact type.
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Table 4.5: Kruskal-wallis test results

Diversity functions compared p-value

Jaccard-NCD 0.42
Jaccard-Levenshtein 0.14
NCD-Levenshtein 0.20

Artefact type compared p-value

Input-Output 0.75

With a chosen alpha of� = 0:05, our results indicate that none of the diversity
functions have statistically signi�cant di�erent results since thep� value < � . This
means that we cannot reject the null hypothesis. The APFD scoring between the
di�erent diversity functions and the artefact types, do not produce a scoring that is
signi�cantly di�erent from one another.
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Table 4.6: Hyperparameters for t-SNE, UMAP and DBSCAN. The cells with
dashes indicate that this particular parameter is not applicable to the corresponding
dimensionality reduction or clustering technique.

Repoistory Hyperparameter t-SNE UMAP DBSCAN

Grep No.Iterations 3000 - -
Perplexity 30 - -
n_neighbours - 30 -
min_dist - 0.125 -
epsilon - - 0.20
minPts - - 10

NanoXML No.Iterations 350 - -
Perplexity 14.35 - -
n_neighbours - 10 -
min_dist - 0.7 -
epsilon - - 0.15
minPts - - 10

Sed No.Iterations 5000 - -
Perplexity 18.35 - -
n_neighbours - 20 -
min_dist - 0.05 -
epsilon - - 0.5
minPts - - 10

4.3 RQ2 - Comparing Dimensionality Reduction
Techniques

Here, we compare the degree of impact that each dimensionality reduction tech-
nique and our chosen clustering technique have on the similarity maps. We apply
dimensionality reduction and the clustering technique on theinput distance matri-
ces generated using Jaccard in all cases. Based on RQ1, we choose Jaccard because
it performed similarly to Levenshtein and outperformed NCD. We �rst use the clus-
tering technique on the raw distance matrix that we got from RQ1 and then proceed
to reduce the dimensionality of it with the dimensionality reduction techniques.

When it comes to dimensionality reduction techniques such as t-SNE and UMAP,
some hyperparameters have to be chosen in order to �ne-tune each technique for each
distance matrix. The same had to be done for DBSCAN to determine the number
of clusters. In order to determine the hyperparameters, we closely followed the rec-
ommendations given in the papers corresponding to each dimensionality reduction
technique and clustering technique. Furthermore, we applied our domain knowledge
and performed visual analysis to further help us deciding on the hyperparameters.
The full list of hyperparameters can be found in Table 4.6.
The results from the dimensionality reduction are presented in the following sections.
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For each DBSCAN visualisation, we decided to remove the outliers, which are data
points that were not �tted into a cluster. Since there was not much di�erence
between each dimensional reduction technique, we chose to omit the results from
the Grep repository and put them in the Appendix. However, we still think it is
important to not remove those results entirely as they still bring some insight i.e.
for this speci�c repository no matter which dimensionality reduction technique is
used the result will be the same. The remaining projects (NanoXML and Sed) show
more interesting results and variance, hence leading to more in-depth discussion.

4.3.1 NanoXML

The following section is the resulting visualisations from running dimensionality re-
duction techniques with DBSCAN. For each subsection, we will go through di�erent
dimensionality reduction techniques and comment on the results.
NanoXML - MDS: In Figure 4.14, we can see 6 distinct clusters, for which the
colours are displayed in the legend. We decided as mentioned at the beginning of
this chapter to turn o� the outliers (value 0 in the legend) for clarity. There are two
clusters that visually are shown as a single point in the plot. However, that is mis-
leading because, in reality, there are at least 10 data points hiding under one since
they overlap. We can further prove that since we have tuned DBSCAN to make a
cluster if there are at least 10 points (see table 4.6). We decided that 10 data points
within a certain diameter (� ) should constitute a cluster using our domain and data
knowledge regarding the repository.

Figure 4.14: Dimensionality reduction MDS on the input data of NanoXML repos-
itory using DBSCAN clustering
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NanoXML - t-SNE: In Figure 4.15, two spherical like clusters are immediately
brought to our attention. The clusters form like that because there is a lot of data
points that �overlap�. This can also be explained by looking more closely at how
t-SNE puts points on the graph. Each point has a minimal distance to another
pushing the points out from the centre forming a ring-like cluster. This structure is
only prevalent when there is a lot of points on top of each other. This characteristic
can be observed in clusters 1, 2 and 3 in Figure 4.15.

Figure 4.15: Dimensionality reduction t-SNE on the input data of NanoXML
repository using DBSCAN clustering

NanoXML - UMAP: In comparison to MDS, UMAP, similarly to t-SNE, captures
and shows the points which are layered on top of each other as evident in �gure 4.16
when we look at clusters 1,2 and 3. The way they are displayed is a bit more natural
without any speci�c shapes forming as opposed to in the t-SNE graph 4.15. There
could be a point made that t-SNE makes a better case when it comes to anomalies
such as a lot of points having the same x,y coordinates.

4.3.2 Sed

The following sections show results in form of visualisations from running di�erent
dimensionality reduction techniques on the distance matrices produced from the
inputs to the Sed program.
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Figure 4.16: Dimensionality reduction UMAP on the input data of NanoXML
repository using DBSCAN clustering

4.3.2.1 Sed - MDS

Figure 4.17 shows a graph that has hardly any shape to it. The data points are
spread out everywhere. The same can be said about the clusters which are not
really positioned closely. This speci�c repository also had a lot of outliers as can
be observed by looking at the box plots 4.13 (subsection 4.2.2 in RQ1) from our
previous research question. This could be the potential reason why the data points
and the clusters are spread around like that.

4.3.2.2 Sed - t-SNE

In comparison to MDS, t-SNE adds more of a structure to the overall layout of the
graph 4.18. Here we can easily identify clusters and the data points are not as spread
around the graph but are more tightly coupled to the cluster they belong to. On the
other hand, the clusters themselves are spread out. The graph also has 3 anomalies,
namely, there are three points that are far away from the clusters they belong to
and closer to other clusters. This could potentially be explained by DBSCAN not
doing well and miss-assigning points when the data has a large spread and there are
many outliers present.

4.3.2.3 Sed - UMAP

Figure 4.19 shows the result from UMAP. Here we see the same situation as with
t-SNE, although the clusters are not as tightly coupled.
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