
MASTERARBEIT / MASTER’S THESIS

Titel der Masterarbeit / Title of the Master’s Thesis

“Lodestar: Supporting exploration and discoveries of

unknown star clusters”

verfasst von / submitted by
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Abstract

In the search for new star clusters, astronomers are confronted with lots of hard unsupervised

machine-learning challenges. Large data sets containing millions to billions of stars, star clusters

hiding in a sea of noise making up over 95% of the data, and various sizes and densities are

challenges that data mining tools and practitioners alike need to tackle. Despite these challenges,

clustering remains a powerful tool for astronomical data analysis. Exploring the solution space

and identifying optimal results in clustering methods can be difficult due to the presence of

multiple parameters that are difficult to tune manually. Even when parameters are easy to

understand, it is often challenging to estimate the impact of parameter changes. As a result,

there is a need for a systematic approach to exploring the solution space and identifying optimal

outcomes. We propose a novel visualization tool. ”Lodestar” is designed to help explore the

solution space created by the novel clustering algorithm pipeline SigMA to help understand the

algorithm, explore its solution space and find clustering results of interest in the large set of

solutions. Based on user test results, this tool is successfully finding suitable clustering solutions

and is scheduled to be deployed in the lab of our collaborators to help identify stellar structures

in the Milky Way.
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Zusammenfassung

Bei der Suche nach neuen Sternhaufen stehen Astronomen vor zahlreichen Herausforderungen

im Bereich des unbeaufsichtigten maschinellen Lernens. Die Verarbeitung großer Datensätze mit

Millionen bis Milliarden von Sternen sowie Sternhaufen, die sich in einem Meer von Rauschen

verstecken das über 95% der Daten ausmacht, stellen sowohl Data-Mining-Tools als auch An-

wender vor große Herausforderungen. Verschiedene Größen und Dichten dieser Haufen sind

weitere Schwierigkeiten, die es zu bewältigen gilt. Trotz dieser Herausforderungen ist Clustering

nach wie vor ein effizientes Werkzeug für die Analyse astronomischer Daten. Die Erkundung

des Lösungsraums und die Identifizierung optimaler Ergebnisse in Clustering-Methoden können

jedoch schwierig sein, da mehrere Parameter vorhanden sind, die manuell nur schwer abzus-

timmen sind. Selbst wenn die Parameter einfach zu verstehen sind, ist es oft schwierig, die

Auswirkungen von Parameteränderungen abzuschätzen. Daher ist ein systematischer Ansatz

zur Erkundung des Lösungsraums und zur Ermittlung optimaler Ergebnisse erforderlich. Um

diese Herausforderungen zu bewältigen, schlagen die Autoren ein neuartiges Visualisierungstool

namens ”Lodestar” vor. Dieses Tool soll dabei helfen, den Lösungsraum, der von der neuartigen

Clustering-Algorithmus-Pipeline SigMA geschaffen wurde, zu erkunden, um den Algorithmus

besser zu verstehen, seinen Lösungsraum zu erforschen und interessante Clustering-Ergebnisse

in der großen Menge von Lösungen zu finden. Basierend auf den Ergebnissen von Benutzertests

findet dieses Tool erfolgreich geeignete Clustering-Lösungen und soll im Labor der Astronomen

eingesetzt werden, um bei der Identifizierung von Sternstrukturen in der Milchstraße zu helfen.
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Chapter 1

Introduction

Stellar clusters, or star clusters, are groups of a few dozen up to a few thousand stars that were

formed at the same time. The stars in these clusters are formed in gravitationally collapsing

dense gas clouds. According to most recent theories of star formation, the vast majority of

stars form in this process [50]. These stellar nurseries not only provide insight into the origin,

age, and chemistry of stars but also offer a window into the fundamental processes of star

evolution. To uncover star clusters, astronomers employ clustering, an unsupervised machine-

learning approach that can automatically detect these groups in complex multi-dimensional

data.

Identifying star clusters is typically framed as an unsupervised machine learning task, i.e.

clustering problem, due to the lack of trustworthy labels and absence of good simulations.

These clusters have to be extracted from a high-dimensional feature space consisting of more

than 95% background noise that is composed of stars that have left the cluster. Further, clusters

have almost arbitrary shapes, a wide variety of sizes, and densities. Not only does this pose

a laborious clustering challenge, but it also makes validating results especially tricky. The

variety of methods applied to the Gaia data [57, 42, 76, 1, 68, 32, 27, 29, 67, 46, 62, 14,

41, 66, 44] reflects this challenge very well. However, different clustering algorithms follow

different clustering heuristics and objectives that can result in drastically different outcomes.

Many clustering techniques come with a set of often unintuitive parameters which introduces

an additional level of complexity for practitioners. Especially in high noise and tightly packed

cluster environments, results vary widely between individual parameter realizations. Due to the

often vast parameter space, an exploratory approach is necessary. Unsupported, this can lead

to a long trial-and-error exploration.

In practice, we often see astronomers manually selecting parameters [73] or maximizing in-

ternal validation criteria based on cluster compactness and separation [59]. In manual parameter
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selection, we find that practitioners are trapped in a slow feedback cycle that consists of pa-

rameter selection and visual result validation. Users might even revisit the same result multiple

times as parameter details from previous runs are often forgotten. In most extreme cases, this

becomes a Markov chain of random walks, in which the parameter values are estimated based

solely on previous results. This aimless wandering through the parameter space is not only very

inefficient but optimal values might not get detected as the dimensionality grows.

Parameter space exploration for unsupervised methods has been tackled extensively by the

visualization community. Main contributions aim to offer tools that facilitate result exploration

and generally aim to guide the user through the vast parameter space. Even though general

visual clustering frameworks such as Clustrophile 2 [18], Clustrophile 1 [26], Clustervision [48],

Uncover [60], Vista [20], DICON [16] offer mechanisms to guide users through result exploration

and offer result validation, they do lack domain-specific information for result validation. Many

of these tools include general-purpose evaluation techniques such as the Calinski-Harabaz index

[15], Silhouette Coefficient [65], Davies-Bouldin index [25], Gap Statistic [72], SDbw validity

index [39] that expand on so-called internal validation metrics [53] to aid in interpreting the

outcome. However, they fail to incorporate additional quality criteria to validate a clustering

performance (e.g., the Hertzsprung-Russel diagram (HRD) or space velocity information, dis-

cussed in section 4.2) to optimize the clustering or challenge validation measures. Especially in

astronomy, domain experts can use positional and kinematic distribution or HRD information

to perform qualitative validation which is a crucial part of the analysis pipeline.

To facilitate the search for stellar clusters in a principled manner, we plan to provide a

visualization system that allows domain experts to perform result validation qualitatively by

visually inspecting the result in the cluster space and additional feature spaces. To do that,

an interface needs to quickly iterate over the possible solutions and provide complementary

information about a clustering result, like the mentioned Hertzsprung-Russel diagram. This

information is fundamental in making informed decisions quickly and should therefore be present

in the visualization tool. With the launch of the GAIA space program [22] and its mission

to measure accurate positions and motions of nearly two billion objects in the Milky Way,

performance has also become a more immediate problem to tackle. Thus, when we consider

usability in the context of astronomy, we also need to consider the data scale. The interface

needs to be able to manage large quantities of data and do so quickly. For cluster searches,

typical regions of interest contain from 500 000 to 10 million data points. To our knowledge,

the previously mentioned general-purpose visual cluster support systems do not scale these data

scales1. Thus, there is currently a lack of specialized domain-specific visualization tools to help

1For some tools no information on their performance was provided. In these cases, we made an estimated
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guide experts to satisfying results that can handle millions of data points.

In this work, we put forward a design study intending to help astronomers find stellar clusters

in the Milky Way. We present Lodestar, a novel visually assisted workflow for clustering in

astronomy, offering an overview of an algorithm solution space and means to explore clustering

results with the ability to drill down on individual solutions alongside qualitative validation tools

such as the HRD. Using Lodestar, astronomers should be able to quickly analyze and validate

possible clustering configurations and potentially discover novel star clusters.

The contributions can be summarized as follows:

• We present a novel visually assisted workflow for finding appropriate hyper-parameters to

identify stellar groups in hard2 clustering scenarios, see subsection 5.1.2, subsection 5.1.4

and subsection 5.1.5.

• Lodestar provides a complete summary of the multi-variate solution space by summarizing

the impact of single-variate changes in a simple tree layout for a given parameter, making

the solution space easy to understand and reason about a priori. This tree-based solution

space summary provides a natural ordering and connections between individual solutions

for a given parameter, making the solution space accessible and interpretable even before

drilling into individual clustering results, see subsection 5.1.3.

• We introduce a methodology, analysis, and abstraction of data, tasks, and requirements

for the star cluster domain, see chapter 4.

• We propose guidelines on precalculation opportunities to handle large data sets to guar-

antee near-immediate response times, see section 6.8.

In chapter 2, we will introduce the clustering algorithm used and the nature of the input

data. We will look at state-of-the-art methods and techniques for visualizing clusters and solution

space exploration, and address their research gap in more depth in chapter 3. In chapter 4 we

discuss our design methodology, user feedback strategies, task analysis, and list the requirements.

In chapter 5, we delve deeper into the user interface of our tool, providing a comprehensive

examination of its features and functionality. We also explain the reasoning behind our design

choices, highlighting the specific goals and objectives that guided our development process.

Furthermore, we provide an in-depth discussion of the implementation details in chapter 6.

guess based on provided data examples and general interface design.
2Hard clustering refers to a type of clustering where each data point or object belongs exclusively to one

cluster. In contrast to soft clustering (or fuzzy clustering), where each data point can belong to multiple clusters

to varying degrees, hard clustering provides a clear and definitive membership for each data point. [7]

3



This includes a detailed description of the technical methods and techniques used to build and

optimize the tool.

We have validated the tool in user tests and collected user feedback. We discuss these results

in chapter 7 and go through lessons learned in chapter 8. Finally, we conclude our results in

chapter 9.
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Chapter 2

Algorithmic and Domain

Background

In the following sections, we review stellar groups and their significance. We will discuss the

intricate process of identifying and validating clusters in the field of astronomy, wherein we need

to overcome several clustering challenges that demand significant domain expertise. Addition-

ally, we discuss the clustering method at the core of this work, its parameters, and the structure

of the solution space it produces. This chapter concludes with a summary of the output the tool

will generate and how it will aid experts in judging a clustering result.

2.1 Domain Background

Star clusters are groups of stars that originate from the same formation process. Typical sizes

of star clusters range between a dozen to thousands of individual stars. They provide valuable

insights into galaxy formation, structure evolution, and stellar physics. In understanding the

evolutionary process of cluster creation and development, astronomers can infer comprehensive

theories of larger-scale systems.

The GAIA space program, launched by the European Space Agency in 2013, has been

an incredible success in revolutionizing our understanding of star clusters. GAIA is a space

telescope designed to survey the sky to create an unprecedented 3D map of the Milky Way

galaxy, including positions, distances, and velocities of about 1.6 billion stars [21, 49, 30]. The

highly precise measurements of position, proper motion1, brightness, and parallaxes, provided

by GAIA, have been crucial in identifying and analyzing star clusters, which are groups of stars

1The observed changes of a celestial body seen from the sun compared to more distant stars in the background

[47], expressed in two measures, the direction of right ascension (α, deg) and the declination (δ, deg).
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that are born and evolve together. These measurements have allowed scientists to study the

properties and distribution of these clusters in greater detail than ever before, providing new

insights into the formation and evolution of stars and galaxies. With the data from GAIA,

scientists have been able to identify new clusters, observe the internal dynamics of clusters, and

examine the properties of individual stars within clusters. Their common origin manifests itself

in two observables: position and velocity. Thus, stars in stellar groups live together and move

together [45]. Because we know that all members in the same cluster share similar positions and

kinematic properties, we can identify star clusters as regions of increased density in a combined

feature space of position and velocity, separated by areas of lower point density.

Therefore, researchers often study star clusters with density-based clustering techniques.

Hunt and Reffert [41] points out that density-based methods (e.g., HDBSCAN by McInnes,

Healy, and Astels [55] or DBSCAN by Ester, Kriegel, Sander, and Xu [28]) offer very high

precision and sensitivity. Results show that HDBSCAN is the most effective algorithm for

recovering open clusters in GAIA data sets. We will briefly discuss these two methods.

2.1.1 DBSCAN

DBSCAN is one of the most widely used density-based clustering algorithms, outside and even

inside the astronomy community. It is a density-based clustering algorithm that finds clusters

as connected components 2 of a graph. In this context, density is estimated via distances

between data points. The algorithm differentiates between dense and sparse areas. Dense areas

are labeled as clustered, while sparse areas are labeled as unclustered. That means that the

algorithm supports the concept of noise.

To perform clustering, this algorithm requires two parameters, a threshold ϵ and a minimum

amount of points mPts. Every distance between two points lower than the threshold ϵ is consid-

ered reachable. Every point that is part of a group with at least mPts points of members and

where every member point is reachable to one another is considered a core point of that group.

Finally, every point reachable by a core point is considered part of the same cluster.

The challenge of this algorithm is to find an appropriate ϵ threshold and a good value for

mPts. This is a particular issue with the GAIA data sets because the density is highly variable

within the data. In the paper by C. Boquan, E. D´Onghia, J. Alves, and A. Adamo [14],

a different density-based approach is used, called Shared Nearest Neighbour (SNN). The study

employs a two-stage approach, wherein the first stage SNN is run 7000 times with randomly

generated parameters. In the second stage, the most repeating stellar groups are identified from

2A connected component is a group of nodes in a graph that are all reachable from each other but are not

reachable from any other nodes outside of the group.
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the first stage. In the paper by A. Castro-Ginard, C. Jordi, X. Luri, F. Julbe, M. Morvan, L.

Balaguer-Núñez, and T. Cantat-Gaudin [1], manual tuning of parameters is used on a simulated

dataset, the Tycho-Gaia Astrometric3 Solution (TGAS) dataset4. The papers by V. Fürnkranz,

S. Meingast, and J. Alves [73], S. Meingast, J. Alves, and A. Rottensteiner [66], and Zari,

Brown, Bruijne, Manara, and Zeeuw [76] also employ manual parameter selection for their use

of DBSCAN. The examples demonstrate that finding these parameters is non-trivial, and the

approaches vary, but generally, a manual step for parameter selection is involved.

2.1.2 HDBSCAN

HDBSCAN is a density-based clustering algorithm based on DBSCAN but adds features such

as automatically determining the optimal number of clusters and handling clusters of varying

densities more effectively. It uses a hierarchical approach to identify clusters of varying densities,

which makes it more effective at identifying groups of different shapes and sizes. This algorithm

uses a stability criterion to identify stable clusters, which makes it more robust to noise and

outliers. It also is less sensitive to the choice of parameters used for clustering, such as the

distance metric and density threshold. Furthermore, it can identify clusters of different sizes and

create a hierarchy between them, making it more effective for multi-scale clustering. HDBSCAN

can automatically determine the number of groups.

The main contributions of HDBSCAN are a hierarchical clustering method that generates

a complete density-based clustering hierarchy, allowing the extraction of a simplified version

composed only of the most significant clusters. Additionally, HDBSCAN introduces a new

measure of cluster stability to extract a set of stable clusters from possibly different levels of the

simplified hierarchy. Subsequently, this method allows practitioners to extract stellar groups of

different levels within the hierarchy to maximise stability.

HDBSCAN is applied in astronomy to identify clusters in large datasets of astronomical

objects, such as stars and galaxies. In this context, HDBSCAN is used to identify groups of stars

in a galaxy or groups of galaxies in large-scale structures like galaxy clusters and superclusters.

Practitioners utilize the algorithm to identify structures that would be difficult to detect using

other methods, such as visual inspection or traditional clustering algorithms. HDBSCAN was

able to identify additional clusters that weren’t identified by other methods, demonstrating

3Astrometric refers to the branch of astronomy that involves measuring the positions and motions of celestial

objects.
4The TGAS dataset provides a higher precision astrometric solution than Gaia’s first data release, as it

combines positional data from the Tycho-2 catalog with the astrometric data from the Gaia satellite. This is,

however, no longer true for the second and third Gaia data releases; TGAS is no longer used since Gaia DR2.
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the ability of HDBSCAN to detect previously unknown structures in astronomical datasets.

According to Hunt and Reffert [41], HDBSCAN does not detect all clusters in astronomical

datasets. HDBSCAN found approximately 85-90% of the known stellar groups in the dataset.

2.2 Algorithmic Background

A cluster of stars has over-densities in motion and position features. The Significance Mode

Analysis algorithm pipeline [61] (hereafter SigMA) is a clustering tool adjusted to astrometric

data and specifically designed to identify star clusters. It aims to locate modes or over-densities

in the data set corresponding to star clusters. A mode is an increase in density in relation to

its surrounding and, by definition, separated from other modes by a region of low, or a dip in,

density. Since statistical fluctuation can also produce random density dips in the density profile,

SigMA’s primary goal is to identify significantly deep dips, not caused by randomness. To

identify these main dips (producing the over-densities as a by-product), SigMA iterates through

the data set two times.

In the first iteration, initial clusters are formed by local gradient ascend strategies similar

to Mean Shift [23]. During this iteration, SigMA also determines the location of dips between

initial clusters (called modal regions). In a second iteration, SigMA loops through each pair

of these neighboring modal regions and evaluates a statistical test that checks if the dip size

is compatible with random fluctuations; in that case, they are merged. If the dip size cannot

be explained by randomness, the clusters are kept separate and are not merged. A schematical

depiction can be seen in Figure 2.1.

In this workflow, we have two primary hyperparameters. Experts can adjust each to tune the

clustering behavior to their respective needs. For the typical astronomer, the interpretation of

these parameters is, however, not straightforward. In practice, users are often found to be stuck

in a tedious trial-and-error loop. In the following, we discuss SigMA’s parameters and their role

in the analysis pipeline. But even when parameters are easily understood, it can be difficult

to predict the effect of changing them. This highlights the need for a systematic approach to

exploring the solution space and identifying optimal results. Eventually, we aim to provide an

overview and means to explore the parameter space spanned by the two parameters, density

level and alpha value. We discuss each of them and their effects below.

Density Estimation Level

The SigMA pipeline employs a k nearest neighbor algorithm for the density estimation outlined

in steps 2 and 3 of Figure 2.1. When we provide the level for the SigMA algorithm, we control the
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Figure 2.1: The proposed clustering process SigMA is highlighted on a 2D toy data set of

three Gaussians with variable covariance matrices and means. (1) The generated toy data set

consisting of three bivariate Gaussians is shown in white alongside 2 α confidence ellipses in

color. (2) The clustering procedure starts by estimating the density of the input data. (3) Next,

a graph-based hill climbing step is performed in which points are propagated along gradient lines

towards local peaks. (4) This gradient propagation results in a preliminary segmentation of input

samples which typically is far too fine-grained. (5) These segmented regions are iteratively

merged with a parent mode if a modality test along the ”minimum energy path” detects no

significant density dip. (6) The final segmentation retains all three clusters. Used with the

authorization of the author Ratzenböck, Großschedl, Möller, Alves, Bomze, and Meingast [61].
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Figure 2.2: Used with the authorization of the author Ratzenböck, Großschedl, Möller, Alves,

Bomze, and Meingast [61]. Increasing the level will create larger initial clusters and sacrifice

less dense groups. The hierarchical representation of incremental level change is called a scale

space, schematically represented as a tree.

number of k-nearest neighbors. The level value determines the size of the neighborhood around

each data point used to estimate the density. A lower level value means a smaller neighborhood

is used, resulting in a finer and smoother density estimate. On the other hand, a higher level

value means that a larger neighborhood is used, which results in a coarser and more lumpy

density estimate.

The choice of the level value will depend on the specific data and the desired trade-off

between smoothness and level of detail in the density estimate. A lower level value may capture

fine-grained structure in the data but may also be more susceptible to noise. On the other hand,

a higher level value may be more robust to noise but may miss fine-grained structure in the

data.

In practice, the analyst combines multiple labels into a single clustering solution using a

consensus clustering approach which can easily ignore important minute details that can get

lost by an ensemble approach. Figure 2.2 depicts the smoothing effect.

Alpha

For a given density level, each dip is assigned a p-value corresponding to the likelihood that

the dip is associated with random fluctuations in the underlying density of a single modal

distribution. If this value becomes smaller than a preselected significance threshold alpha, the

null hypothesis of unimodality is rejected, leading to a cluster splitting. As the significance level

decreases toward 0, the chance of a cluster splitting diminishes, leaving a single cluster. Thus,
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the significance value alpha, as the density level, induces a hierarchy of clusters which can be

represented by a tree in which the level represents clusters at a given constant value alpha.

If the p-value associated with the saddle point and adjacent modes pair exceeds this value,

i.e., a significant dip is found, we consider the modes separate. In step 5 of Figure 2.1, we can

see two paths, the minimum energy path (MEP) and an arbitrary path. The MEP contains

a saddle point that we compare to a given alpha value. The effect of both parameters is hard

to reason about a priori and has an indirect effect on the result. For users, it can be hard to

understand how a change in either of these parameters translates to a clustering result. We

attempt to bridge this disconnect by providing a tool to show the effects of these changes.

2.3 Data

The primary data source for this work is the already mentioned Gaia data. The Gaia mission’s

main contribution is precise measurements of the spatial position and velocity of over 1 billion

stars in our Milky Way. These features are the primary input for the clustering algorithm

SigMA.

The five dimensions used for the clustering technique consist of a three-dimensional spatial

and two-dimensional velocity space. The result is improved if we provide an additional optional

6th dimension for sampling, the radial velocity. It will help in the noise reduction step. Our

tool will therefore be able to support all six of the possible input features but will require only

five to operate.

For this work, we will feed the SigMA algorithm with a range of predetermined, typical

significance threshold values which represent a gradually more and more conservative clustering5

and a range of density levels which we take from the original publication [61]. Each increment in

the density level will introduce the smoothing factor highlighted in Figure 2.2 and provide the

initial cluster modes. With every increment in the alpha value, we introduce a different threshold

for significant dips in the mode merging step in step 5 of Figure 2.1. Each combination will

produce a unique clustering result. We can imagine each alpha value produces a complete scale

space (i.e., a hierarchy of clusters); see Figure 2.2. The configured alpha value and density level

ranges result from exploratory testing during algorithm development and are considered ranges

that produce clustering results of interest. The algorithm developer performed these tests with

Jupyter Notebooks6 on Gaia data. We designed our tool to make this solution space available

5We determined statistical significance by using a significance level (alpha) of 1/2, 1/4, 1/8, 1/16, 1/32, 1/64,

and 1/128.
6https://jupyter.org/
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for exploration.

2.3.1 Input

The dataset contains n points P = {p1, p2, . . . , pn}, where each point constitutes a star with

k measurements pi = {m1,m2, . . . ,mk}. The features of interest are position, velocity, and

brightness.

Spatial and velocity information can come in different coordinate systems. Lodestar can

handle various cluster spaces and takes care of the needs of different user groups. In addition,

the algorithm also supports clustering with an additional velocity measurement: the radial

velocity and its statistical uncertainty. The calculations with the radial velocity are optional

since radial velocity is rarely available for a star - only about 5% of stars in the Gaia data set

have this information.

Therefore, the algorithm pipeline requires three spatial input parameters and at least two

velocity inputs to pre-compute solutions for that feature space within a range of configured alpha

values and density levels. Lodestar will use a default setting of specific alpha value and density

level for the initial presentation. Afterward, researchers can change the current values within

the range and retrieve the affiliated pre-calculated cluster result.

2.3.2 Output

This tool will leverage the SigMA algorithm pipeline to cluster for each unique pair of alpha

value and density level configuration and produce a file containing a column for the label and

a column for each feature used for clustering. The label stands for the assigned cluster, and a

label of -1 represents a noise label.

The tool computes the files as soon as the user has selected the five plus one features for

clustering. Common waiting times for the precalculation steps range between one and five hours

for typical data set sizes. This is done purposely and will allow for a quick exploration of the

individual results. To support a graphical representation of the set of all level trees, we also store

a hierarchical tree for each alpha value increment. Each level in the hierarchy is an increment in

the density level range and represents a clustering result. This allows us also quickly to alternate

between density level or alpha value selection.

2.4 Validation

We can retrieve the previously mentioned label files on-demand and present groups in a 3D plot

for the spatial dimensions and a 2D plot for the velocity dimensions to validate the results.
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Users can retrieve additional data for each result to validate the correctness of the clustering.

They might choose to select a specific cluster and can request every feature that is contained in

the original file, filtered by the label of the selected cluster. Moreover, the selected feature can

be viewed as a distribution within that cluster, a histogram plot.

In the subsequent chapter, we will review the current state-of-the-art tools and discuss if

they address this specific astronomical clustering challenge adequately. To manage the amount

of data and to be able to find unexpected or significant relationships, it is necessary to pro-

vide visualization techniques to make this data more accessible to varying stakeholders in the

astronomical community.
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Chapter 3

Related Work

This chapter overviews currently available visualizations for topological and multi-variant data

and compares their advantages and disadvantages. All tools considered should permit parameter

space exploration. Even though there are many methods to approach this topic, each of them

retains some limitations. Subsequently, we discuss how our tool might improve upon currently

available solutions. To help us discuss if a tool meets the requirements of solution exploration in

astronomy clustering, we first want to discuss the requirements it should meet (see section 3.1).

Afterward, we will review the relevant literature on parameter space exploration (see section 3.2),

general clustering tools (see subsection 3.2.1), and the literature that influenced our work the

most (see subsection 3.2.2).

3.1 Requirements for Clustering in Astronomy

Star clusters can vary greatly in shape, density, and size, and the background noise is not uniform.

This poses a difficult challenge for clustering methods, as they must be able to adapt to the

complexity of the data. The vast amount of data and complex morphologies of star groups make

it difficult to find the optimal algorithm parameters. To overcome this, it is necessary to explore

the space of all solutions within a given parameter space. Each set of parameters can result in

vastly different clustering results, making the clustering process dependent on input parameters

and the results not robust. A single set of parameters may not reveal the optimal solution,

and a combination of multiple solutions may be required. To address this, we will compare

the results of different parameter sets, select specific clusters, and track their development with

changing parameters. This will allow us to study the characteristics and details of the selection

to determine if a group is relevant. In conclusion, the user needs to be able to explore the

different solutions that an algorithm can provide.
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Clustering without ground truth is often done through empirical research, relying on ob-

servation and measurement. To ensure accurate results, users must validate each outcome and

determine its relevance. To assist in this process, we must utilize visualization techniques that

are both guided and intuitive, allowing for the analysis of the solution space generated by the

clustering algorithm. These techniques should be easy to use and provide users with feedback

on how parameter changes affect the clustering outcome. Domain-specific information, such as

radial velocity histograms or HRDs, can also be used to evaluate the quality of a cluster and aid

in decision-making.

As pointed out in chapter 2, managing large quantities of data is not only an algorithmic

problem but also a visualization problem. Both can incur waiting times that are unacceptable

to the user and use up more memory than is available or sustainable. If the literature sources

discuss information on run-time and memory complexity, we will discuss potential limitations.

This is important because a visualization tool could use additional algorithms to prepare the

data for presentation, and its run-time performance could be worse than the actual clustering

algorithm. In this case, the run-time of the clustering algorithm, instead of being a limiting

factor, would become a negligible factor.

While evaluating a clustering result, the spatial and velocity features provide important

visual feedback for judging the quality of a clustering result. Astronomers tend to visualize space

in a 3D plot. This allows domain experts to identify structures hidden by other, possibly larger

structures. Zooming and panning will additionally support the search for hidden structures.

Based on these facts, we identify a need for a 3D representation of the space properties – aided

by actions such as zooming and panning to confirm the correctness of a clustering result.

Any tool or visualization used for clustering in astronomy must be able to handle noise

effectively, as the GAIA data sets often contain a significant number of field stars that do not

contribute meaningful information to the clustering process. These stars are not members of

any cluster and are considered noise. Furthermore, it can result in the identification of many

small stellar groups, and the number of groups is not fixed. Therefore, the tool must be able to

scale to handle tens and even hundreds of clusters, not only from a computational perspective

but also from a visual one. This large amount of data can lead to many visual objects, which

can cause cluttering, performance issues, and information overload. It’s important to keep this

in mind when designing the tool.

In the following sections, we aim to review the literature on visual parameter space analysis

tools. We want to highlight a research gap in large-scale, complex clustering challenges. Because

every domain has its challenges, we are looking at the following visualization tools from the
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perspective of an astronomy data scientist. A comprehensive tool is needed to effectively analyze

the multi-variate solution space in astronomy, including features such as HRD, velocity, and 3D

scatter plots. An effective visualization should enable efficient navigation of the parameter

space by highlighting regions of interest and providing interactive tools for further exploration.

Additionally, the visualization should be able to handle large datasets, potentially ranging from

500,000 to 10 million data points, while maintaining a runtime performance of less than O(n2).

3.2 Parameter Space Exploration

Research on multidimensional data and multiple inputs, such as Vismon by Booshehrian, Möller,

Peterman, and Munzner [8], has inspired research on parameter space exploration and optimiza-

tion guided by expert assessment. The challenge of parameter space exploration is an ongoing

topic. A subdomain of this research is computational steering addressed by Bruckner and Möller

[12] and with the tool World-Lines by Waser, Fuchs, Ribičič, Schindler, Blöschl, and Gröller [74].

World-Lines allows making optimizations to an ongoing simulation while it is running. This re-

search on parameter space exploration has advanced, as exemplified by the development of tools

such as FluidExplorer by Bruckner and Möller [12]. FluidExplorer is a work that focuses on

simulation output optimization based on temporal behavior. In Tuner by T. Torsney-Weir, A.

Saad, T. Moller, H.C. Hege, B. Weber, J.M. Verbavatz, and S. Bergner [69], the goal was

parameter-finding in image segmentation. This tool is designated to aid developers in finding

optimal parameters for a wide array of algorithms. Tuner uses a ground truth for algorithm

optimization. The work by Brochu, Brochu, and Freitas [9] requires no ground truth or objec-

tive function. It proposes a new method for procedurally designing animations using a Bayesian

interactive optimization approach for researchers and practitioners in computer graphics and

animation. Paramorama by Pretorius, Bray, Carpenter, and Ruddle [58] does not require any

ground truth as well and lets users define areas of interest and provides tools, such as tagging, to

refine and validate their results. It is based on the layout algorithm and focuses on image analysis

algorithms. ParaGlide by Bergner, Sedlmair, Möller, Abdolyousefi, and Saad [6] provides visual

aids to assist users in making decisions by dividing large multidimensional data sets, such as

those with eight dimensions, into smaller, more manageable groups. This allows researchers to

partition the parameter space and more easily explore individual subspaces, leading to a deeper

understanding of the data and improved decision-making.
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3.2.1 General Clustering Approaches

The work discussed by Chen and Liu [20] provides a visual framework named VISTA, devel-

oped with the understanding that human interaction is an important factor in clustering. It is

designed with the concept in mind that clustering is not finished without human interaction,

understanding of the result, and acceptance of the pattern applied. The researchers discuss how

visual representations can help to detect trends, spot outliers, and visualize detected clusters

and additionally emphasize the importance of run-time performance. Further, it is implied that

human-computer interaction usually takes more time than automated algorithms but that the

interaction enables users to produce improved results and higher confidence in these results.

Their work provides a visual framework developed to work with a body of different cluster-

ing algorithms. It presents the processed data in a way that is independent of the underlying

algorithm, but users can still contribute to the clustering result and refine it. The visual frame-

work can work with the results of different algorithms and attempts to help the domain users

to interact with the results and refine them.

The downside of this approach is that the visualization is disjoint from the applied algorithm,

and the only way to reason about the algorithm is to interact with its clustering result. Each

adjustment incurs a restart of the complete clustering process. This produces some effort to

perform exploration of the solution space and makes it hard to compare the two results. We

also find that in their work, there is no mention of how this tool can identify or handle noise.

While the flexibility such a generic tool offers is very helpful in comparing the capabilities and

run-time performances of different algorithms, it might restrict domain users from understanding

or following the inner workings of a specific algorithm and critically questioning their outcomes.

Such generic frameworks often lack domain-specific knowledge and do not serve domain-specific

needs. These are crucial components in steering, monitoring, and refining the results. In addition

to these concerns, it is also unclear how the tool performs with data sets larger than 50.000 items,

such tests have not been mentioned nor demonstrated.

Similar to that, Clustervision by Kwon, Eysenbach, Verma, Ng, Filippi, Stewart, and Perer

[48] is a visual analytics tool that helps sample the space of possible solutions by considering

multiple different clustering techniques and various input parameters to provide means to explore

these solutions. Its goal is to provide a domain-independent comparison of clustering results

using quality criteria for ranking. The tool ranks different clustering results by sorting according

to five statistical quality metrics, Calinski-Harabaz index [15], Silhouette Coefficient [65], Davies-

Bouldin index [25], the SDbw Validity index [39], and Gap Statistic [72]. It selects the top 3

highest-ranking results in each metric ranking and presents the user with the top 15 items. This
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tool allows the user to compare different results by exploring them with multiple visual tools,

such as comparing different clustering results and inspection of clusters. Techniques that help to

reflect on the clustering result and should help to improve the overall clustering outcome. This

work uses meta clustering, an approach where the algorithms perform many different clustering

runs. Users can compare these results based on their specific requirement [17]. We think that

the investigation of the solution space is well supported but lacks visual aids to reason about the

results from a domain-specific point of view. Since there is a higher emphasis on quality ranking

and less emphasis on the solution space exploration itself, we believe that our work is different

in this case. Their work does not demonstrate that it can work on large data sets, and due to

its domain independence, the visualization does not support domain-specific information.

DICON [16] is a tool designed to interpret, evaluate, and compare multidimensional data sets

to visualize and reason about the quality of clusters. It offers a treemap-like icon representation

of the multidimensional cluster, allowing for easy evaluation and comparison by looking at

the embedded statistical information within the icon’s shape. Additionally, DICON allows

for clustering results to be refined via user interactions by manipulating the icon’s shape and

influencing the clustering result. However, this tool does not allow for comparing different

clustering results and lacks domain-specific visualizations for validation. This work did not

perform tests on data sets commonly used in astronomy. Furthermore, no information is provided

on how the tool deals with noise.

Cluster Sculptor [13] is interactive, designed to help users apply their domain-specific knowl-

edge by iteratively updating the cluster labels of a data set in a semi-automatic way. It does

so by employing a semi-automatic update mechanism for the cluster labels. A user manually

selects a few representative data items, also referred to as seeds, used to refine the overall clus-

ters. This technique is employed to minimize manual user input in cluster refinement. Both the

updates on the labels and the representation of the clustering results are done on a 2D projection

of the multidimensional data by employing the t-Distributed Stochastic Neighbor Embedding

technique [54].

While the feature of semi-automatic cluster refinement could help refine clustering results

in astronomy, like VISTA, Cluster Sculptor is disjoint from the actual clustering algorithm. It

offers user interactions simply on the provided labels. This introduces the same issues that we

identified within VISTA. The exploration of different results with varying input parameters is

currently not supported, and we did not identify visual aids to judge the quality of clusters. In

addition, Cluster Sculptor has a runtime complexity of O(n2).

The work of Cavallo and Demiralp [18] builds upon the research conducted by Demiralp [26]
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by introducing Clustrophile, an interactive tool for guided exploratory cluster analysis. This

tool addresses a variety of tasks, including the ability to show variation within clusters, allowing

for quick iteration over parameters, promoting multiscale exploration, compactly represent-

ing clustering instances, facilitating interpretable naming, supporting reasoning about clusters

and clustering instances, guiding users in clustering analysis, supporting the analysis of large

datasets, and promoting reproducibility. Clustrophile utilizes multiple validation metrics to per-

form quantitative validation and allows for visual exploration of the clustering space through the

use of an undirected decision graph. It also incorporates user feedback and preferences in ranking

the cluster results. The tool focuses on user-guided exploration, providing textual information

and links to external resources for additional information. Additionally, the tool offers auto-

mated suggestions based on the current dataset, user preferences, and previous computations,

such as recommending similar results to the user based on the total number of likes. To handle

large-scale data sets, Clustrophile employs techniques such as caching and precomputations in

the computation phase and uses panning, zooming, and visual grouping with the help of convex

hulls to combat visual clutter and enable users to handle large-scale data sets. The tool also

allows for the logging of user interactions and the ability to undo or redo them, enabling users

to continue a session at any time and reproduce complex interactions. Many features directly

influenced our tool, especially the approach and focus of a user-guided tour through the solution

space are central to our work.

Despite its advantages, the authors did not test the tool on data sets with data entries up

to several thousand or several hundred thousand members, and the visual layout presented in

Figure 3.1 shows that the space left for cluster visualization can quickly become cluttered while

analyzing large data sets. The tool does not offer different perspectives on the clustering result,

for example, an array of 2D scatter plots or a 3D plot, to leverage spatial information and

detect groups covered by other, larger clusters. Though the underlying DBSCAN algorithm

supports the concept of noise, it is not addressed in the visualization. The option to remove

noise, for example, would be a necessity in astronomical data. In this sense, the tool is missing

domain-specific hints and language. It is harder to get started and apply it to domain-specific

problems.

In addition, we have drawn from the work of Gerber, Bremer, Pascucci, and Whitaker [33]

and Gortler, Schulz, Weiskopf, and Deussen [37] for inspiration on clustering and how to visualize

it.
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Figure 3.1: Main screen of Clustrophile [18]

3.2.2 Specialized Approaches

Connecting related heterogeneous datasets has become a priority in astronomy as data volume

and diversity increase rapidly. There is a growing open-source and collaborative environment in

astronomy. An example of this is Glue [64], a platform that hosts a large variety of data and

numerous open-source modular software. The Glue environment, by Beaumont, Goodman, and

Greenfield [4], allows users to load multiple datasets and ”glue” the related attributes together

from different data types.

TOPCAT1 [71] supported by STILTS [70] is a flexible and highly configurable graphical

interface for tabular data. It combines many of the advantages of a general-purpose tool and

a specialized tool. Since it is predominantly used in astronomy, has many astronomy-specific

features, and focuses on tabular data, it can serve many of the astronomy domain-specific

validation techniques. It does support exploring the cluster-specific distribution of selected

features, exploring clusters in a 3D or 2D plot with selectable columns and can provide quick

response times for large volumes of data. Unfortunately, this tool cannot perform clustering

or labeling by itself and has no means to explore a multivariate solution space. But we highly

appreciate this tool as a validation tool of its own to improve the development of our work and

to cross-validate results from a different perspective. Because our tool supports the download

of a selected result and the ease with which you can upload that file in TOPCAT, we think it is

a great tool to be used in combination with Lodestar.

1TOPCAT: Tool for Operations on Catalogues And Tables http://www.star.bris.ac.uk/~mbt/topcat/
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During our review process, we identified a lack of appropriate visualization tools that meet

all criteria. Consequently, we propose our solution to tackle these problems.

21



Chapter 4

Methodology

The iterative design process, schematically illustrated in Figure 4.1, follows a task analysis (see

section 4.2), an initial brainstorming and low-fidelity prototyping phase using the Five Design

Sheet Methodology (FDSM, see section 4.4), a high-fidelity prototyping and feedback step (see

section 4.5), and a final implementation phase with a usability questionnaire (see section 4.6).

The main focus of this thesis was to create a visualization tool tailored to the needs of the

astronomy community, with which domain experts can interpret and explore the results of a

novel algorithm pipeline - SigMA [61].

To design an effective tool, we began by defining its main tasks. Well-stated tasks are an

essential part of a data visualization tool’s design and implementation. They provide clarity

and direction, which reduces ambiguity and enhances accountability for the work that needs to

be done. These tasks were created in a collaborative effort involving the stakeholders, such as

the author of SigMA, experts from the astronomy department, and a visual design expert.

First, we focused on identifying user’s goals to determine what they needed to achieve with

the tool. We then addressed tasks related to data integration and management, including how

to handle data import and manage data types and formats. Next, we defined operations for data

transformation, such as filtering, sorting, and aggregating data. This was followed by designing

data representation, allowing users to select the type of graph or chart, colors and labels.

We also defined tasks related to user interaction, such as zooming, panning, and selecting.

Furthermore, we discussed operations such as annotating visualizations and creating exports of

the clustered data.

In terms of scalability and performance, we ensured that our tasks don’t prohibit our tool

to perform well with large datasets. To allow for customization, we made sure that users could

interact with the visualization according to astronomers needs.

Usability and user experience were also paramount, so we sought to enhance these aspects
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Figure 4.1: Depicted is the overall methodology broken down into distinct steps. One performed

after another. Each step in itself contained several sub-steps. The depiction includes the most

important.
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through verbal verification 1 of the tasks. Finally, we planned for maintaining and updating

the tool as our stakeholders needs evolved. These tasks were clearly stated, prioritized, and

communicated.

As a result, we have defined the tasks discussed in more detail in section 4.3. Afterwards,

we applied the five-design sheet methodology to bring them to life. We worked closely with

domain experts, a visualization expert, and the creator of the SigMA algorithm to ensure that

our low-fidelity prototype accurately reflected their needs and expectations. After presenting the

prototype for review, we met with the expert group to gather their feedback and used it to refine

the design. We then created a high-fidelity prototype, which served as the basis for individual

user interviews. By carefully considering the comments and suggestions of each participant,

we were able to identify the most pressing requests and use them to improve the tool further.

Throughout the process, we remained dedicated to collaborating with experts and incorporating

their insights to create a product that meets the needs of our target audience.

In each step shown in Figure 4.1, we worked closely with domain experts. As seen in the

schematic overview, we consulted experts to verify that each step was complete and that we

aligned with their expectations. In the high-fidelity phase, we used an iterative refinement cycle,

after which the domain experts served as quality gatekeepers. Their feedback served directly

as input for the next cycle. Therefore, we constantly exchanged with the target audience and

the SigMA creator. This domain-oriented and iterative approach ensured that our design was

flexible and could adapt to changing circumstances. As soon as the design or implementation

diverged from expectations or the expectations changed, we were able to react immediately. In

the early stages of this work, the algorithm pipeline was still in development, and our tool had to

evolve with it. In the later stages, we used valuable interview feedback to introduce unexpected

features and make changes to the visualization.

4.1 Test User Group and Domain Experts

During this work, we collaborated closely with a selected group of astronomers. They not

only provided important feedback during the five design sheet methodology but also during

the development of the tool. For the low-fidelity tests, the group consisted of six people, four

women, and two men. During the high-fidelity tests, the group consisted of eight members, four

men, and four women, all of whom were students or research personnel at the Department of

Astrophysics at the University of Vienna. One member of this group was the developer of the

algorithm described in chapter 2 and was constantly involved. It was a group of academics at

1In this method, we spoke out loud our thought process as we performed a task.
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different stages in their academic career. Notably, one member had a color vision deficiency

which provided valuable insights for the design of the tool and for further discussion, and we

derived helpful lessons from that fact. Due to their domain know-how, they served as domain

experts and represented the target audience.

The SigMA creator is an expert in physical data analysis and visualization. The visualization

expert has a background in Visualization, Computer Graphics, Image Processing, and Data

Science.

4.2 Task Analysis

Analyzing user needs is the most challenging part of creating a proper visualization tool. It helps

to understand our target audience and is required since users can have vastly different expecta-

tions depending on their profession and educational background. Therefore it is paramount to

properly study the user’s needs and tasks before starting the first concrete drafts. The book by

Munzner [56] provided great insight into the topic of task analysis and guided us to help answer

the following questions:

• Who is the target audience? Who will either consume or produce data?

• Why are we creating this tool? Which questions does it answer?

• What choices or switches will the tool offer a user to influence the outcome?

• Which actions should be allowed? What will be their results?

4.2.1 Who?

Defining a target audience was very helpful. It provided the necessary direction for decisions.

We should base our decisions on the person that will use our tool and drive design choices.

Therefore a proper definition of a target audience was necessary for a thorough task analysis.

It helped to observe the target audience in action, to understand how they perform their tasks

and achieve their goals.

Our target audience was the astronomy department at the University of Vienna. This tool

provides an entry point to explore and understand the algorithm discussed in Chapter 2, and our

users explore the solution space this algorithm produces. In collaboration with domain experts,

we defined several necessary views for the user to perform their tasks.

It turned out that two overarching tasks will drive the development of the application and

should be supported. Firstly, a potential user should be able to get familiar with the purpose
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of the algorithm. Secondly, the user should be able to change these parameters in the tool to

explore the potential solution space. We discussed these parameters in depth in section 2.2.

The changes users make should propagate through all the controls and views with which the

user interacts. Since we worked with stellar data, the application should handle large amounts

of data and thousands of stars and still perform well. To validate if the clustering solutions are

satisfying, an astronomer would like to receive feedback immediately, so run-time performance

was a high priority. Furthermore, astronomers wanted to explore the distribution of different

features and how the clustering looks in space, velocity, or on an Hertzsprung-Russell diagram.

Because they often use the results for further processing in other tools, they also wanted to

export the clustering result into a file and download it.

Further, the users do not have a complete understanding of the algorithm. The tool must

communicate the presented data well, with additional text information, an introductory presen-

tation, or a tutorial.

4.2.2 Why?

If your tool cannot provide value to users, then why should it even exist? Therefore it was

necessary to outline the purpose of our tool and which problem it solves.

We have summarized the purpose as such:

Provide astronomers with a tool to explore and find new stellar clusters within the clustering

results of a novel clustering algorithm.

Because we are dealing with a recently published algorithm pipeline, new visualization meth-

ods might be necessary. Therefore, a careful and abstract analysis of the tasks was mandatory.

Guided by that, we identified the abstract tasks listed in Section 4.3.

4.2.3 What?

When it was clear why and for whom we wanted to create a tool and which tasks it should be

able to perform, it was necessary to outline what kind of choices and actions were required. The

recommendation is to do this analysis on three different levels:

1. How is our tool used to analyze? Is data consumed or additional data created?

2. What kind of search is involved?

3. What kind of query?
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Level 1: How is the tool used to analyze? Is data consumed or additional data

created?

To answer this, we needed to address if users only consume data or if they produce data during

a user session. Given a parameter configuration, astronomers will primarily use the tool to read

the algorithm output - a label allocated to each star representing the assigned cluster. The only

exception to this is the customization of the cluster name. Because it can be hard to track them

solely by their numerical ID, users wanted to be able to assign an alphanumerical name. Our

tool adds additional columns to the original data for the assigned labels and user customization.

The modified file is available for download in the application.

Level 2: What kind of search is involved?

We designed the tool to introduce a novel algorithm and allow users to get familiar with this

algorithm by exploring the different solutions created. No search is required, but we intended

to provide enough information to help the users search for what they need. We wanted to

accomplish this by immediately showing the effects of changing one of the two parameters and

displaying these results from multiple angles.

Level 3: What kind of query?

Astronomers have criteria by which they would like to judge a clustering. It turned out that they

would like to view the complete clustering at once, pick out a specific cluster and look at the

cluster’s detailed information, such as the Hertzsprung-Russell diagram, velocity histograms,

and the clustering in a space and a velocity plot. In addition, the domain users wanted to

explore the relationship of features in a scatter plot. Each axis needed to be configurable to

compare different features. To support the exploratory nature of this tool, we also intended to

plot the development of a cluster with changing parameters. We used development graphs for

that purpose (see chapter 5).

4.2.4 Which Actions?

As discussed in section 2.3, we can have different variations of possible input data for the

algorithm, meaning that there is no predefined name or positional information about the required

features within the tabular data set. Users wanted to choose them on demand from the available

columns in the data set. Additionally, they also wanted to explore clusters and their information

in isolation. Therefore we also support inspecting a selected stellar group or a subset of all groups.

For that reason, we allow the users to disable a range of clusters. Finally, we have also learned
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that astronomers want to judge a clustering in the context of the overall data set - including

noise. Therefore, we added the action of toggling the visibility of the surrounding noise on or

off.

4.3 Tasks

Following the methodology outlined in section 4.2, we met with the algorithm developer and

visualization experts to discuss the application’s workflow, schematically depicted in Figure 4.2,

and derived abstract tasks that addressed the needs of the target group and provided solu-

tions for algorithm introduction, solution space exploration, and cluster validation. We then

consulted with representatives from the astronomy department and added sub-tasks to provide

more detailed descriptions of the requirements for each task. The definition of sub-tasks helped

to clarify the goals of each task and eliminate confusion. Some tasks were modified or adapted

during the course of this work; these changes and their rationale will be discussed in detail in

chapter 7.

Figure 4.2: Schematical depiction of the primary workflow of Lodestar.
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Task 1 : Provide an introductory part showcasing the algorithm and examples of the parameter

influence on the output. Due to the complexity of the algorithm, novice users should get

an initial impression and ”feel” of the inputs and outputs of the algorithm. This should

curb the initial steep learning curve.

Task 2 : Provide an overview and allow for quick iteration over parameters: A user should be

able to quickly get an overview of the clustering solution space and be able to navigate it

efficiently.

1. Provide an overview of different runs (different parameter sets).

2. Guide users through possible solution ”groups”2 of the algorithm. Provide means of

summarizing and navigating through the clustering solution space.

Task 3 : Study the clustering output of the algorithm and provide multi-scale exploration: The

resulting clusters constitute a hierarchy from coarse to fine structures. The user should be

able to explore this hierarchy at multiple levels.

1. Explore the created clusters.

2. Study the cluster sizes (referring to the number of members in the cluster). The

sizes provide an overview for details on demand. These clusters can then be visually

validated.

3. Find clusters contained within other clusters.

(a) Zoom in and out into regions of interest.

4. Compare the results of two different values for the parameter alpha.

5. Identify significant clusters.

(a) The algorithm may mark a cluster or extreme value as significant.

(b) Highlighted significant clusters or extremes will be marked as such.

(c) The marked cluster will remain highlighted until the significance attribute dis-

appears. This might happen if the result of the algorithm changes due to user

interaction.

Task 4 : Extract stellar cluster from surrounding noise.

1. Highlight the extracted cluster in position, velocity, and Hertzsprung–Russell diagram

for validation.

2A solution group refers to multiple related solutions. Solutions can be grouped by alpha or density value.
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4.4 Low-Fidelity Prototyping

This work attempted to approach working solutions by using the Five Design-Sheet methodolo-

gies, introduced by Roberts, Headleand, and Ritsos [63]. We selected this method because it

provides a formalized and structured approach to low-fidelity prototyping, a means of finding

solutions with stakeholders with low financial or resource impact. It allowed us to explore, filter,

and refine ideas before answering technical questions. Thus, we developed ideas without any

technical restrictions.

Based on the results from the task abstraction, we started to work on a low-fidelity prototype.

Because we wanted to find solutions for a novel algorithm and to approach a prototype in

iterations, we decided to use pen and paper [51]. Only for a few, rather involved, workflows,

we used Adobe XD 3. It allowed us to experiment with different 3D visual encodings. This tool

also proved valuable in working and testing navigation workflows. To brainstorm about specific

tasks, we researched currently available solutions for similar problems. As Munzner [56, p.12]

stated:

First, there is the space for all possible solutions, including potential solutions that

nobody has ever thought of before. Next, there is the set of possibilities that are

known to you, the vis designer. Of course, this set might be small if you are a novice

designer who is not aware of the full array of methods that have been proposed in

the past. If you’re in that situation, one of the goals of this book is to enlarge the

set of methods that you know about.

We created the first drafts of the low-fidelity prototype with pen and paper. We applied

the five design sheet methodologies for each task defined in chapter 4. This approach allowed

for rapid prototyping. For each, we created the brainstorming sheet to quickly collect ideas,

filter them and remove duplication, categorize the sketches, and identify groups or patterns. We

combined those ideas and created solutions or workflows for the application overall.

We selected multiple solutions from the brainstorming sheets with the help of the algorithm

developer, a visualization expert, and three domain representatives. Afterward, we created initial

designs with the initial design sheets. We discussed each and improved them until we narrowed

the possible solutions down to a single combined solution. For this solution, we created the last

sheet, the realization design. The final solution was presented to two visualization experts and

refined into the final pen-and-paper design–the basis for the high-fidelity prototype.

The final version before refinement is illustrated in Figure Figure 4.3, and the final version

3Adobe XD is a UI/UX design & collaboration tool https://www.adobe.com/products/xd.html
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after the last refinement in Figure Figure 4.4.

With the final version of our pen and paper prototype, we confronted our test user group

with multiple workflows. We stepped through each workflow supported by the designs and

explained which action we would perform or what function we would provide. We documented

the feedback we received and used it for creating the high-fidelity prototype, which we will

discuss in detail in section 4.5.

The final paper design in Figure 4.4 shows strategies for tackling predefined tasks. It allows

for an introduction section where users can step through the features. It includes a clustering

view with a scale space tree that encodes the solutions space for a specific alpha value. The

design provides an option to modify that alpha value and subsequently change the tree. It is

also possible to choose another density level within that tree. Both changes affect the overall

clustering. Changing either will produce a unique pair of alpha and density levels and result in a

unique clustering. A user can inspect details by clicking on that specific cluster. In addition, the

design also includes the option to disable multiple stellar groups in bulk by creating a rectangle

exclusion around the nodes in the level-set tree view. All clusters within that rectangle are

excluded from the plots in all other views.

4.5 High-Fidelity Prototyping

During the design, the implementation, and the user test phase of this tool, we pursued im-

provement in incremental steps [52] and presented each increment to either a domain expert

or the algorithm developer himself. This approach allowed us to react quickly to changing cir-

cumstances. During the user test phase, between each interview, we collected feedback from

the users, both from the feedback form (see subsection 4.5.3) and the interviews (see subsec-

tion 4.5.2). We created a priority list in consultation with domain and visualization experts

and implemented key feature requests and feedback between interview sessions. This method

allowed us to apply the changes that mattered to the users and to focus on high-priority parts

of the tool. There are two reasons for this decision:

• If we consider the Pareto Principle in software development [36], [34], [75], then around

20% of the changes will account for 80% of the effect

• To spend our time intelligently and potentially even reduce it, the domain and visualization

experts should be deeply involved in this final stretch to focus on only the changes that

matter.
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Figure 4.3: The pen and paper design solution before the final solution review

Figure 4.4: The final pen and paper design after the review. This version provides more details

about cluster inspection and introduces a strategy to modify the alpha value. Herein we removed

the noise extraction view and replaced it with velocity histograms and HRD in the cluster details.

32



In subsection 8.1.3, we will also reflect on this approach and discuss if it yielded any advan-

tages.

Before creating the high-fidelity prototype, we conducted further research on effective visual-

ization strategies, particularly for features such as color coding (see subsection 5.1.7) for various

elements. We wanted to demonstrate how altering our two main parameters impacts the overall

clustering process, including how changes in density affect cluster creation or elimination and

how changes in the alpha value impact the clustering.

4.5.1 Prototypical Implementation

The high-fidelity prototype helped see the pen and paper designs in action and gather informa-

tion from the users while they used the tool. We implemented it according to the task analysis

performed in section 4.2 and based on the final version of the low fidelity prototype, created

during the low fidelity phase section 4.4. The expert test user group used this prototype to

perform previously defined mini-tasks. To verify its usability, we decided to use the System

Usability Scale [10], hereafter SUS, questionnaire. To derive topics for future research, we also

asked our participants to fill out a feedback form. To gain additional insights into their behavior

and motivations, we decided to run each interview session in person.

4.5.2 Personal Interviews

Personal interviews allow the interviewer to make observations on the behavior of the particular

interviewee. Significantly, judged in this case by the interviewer, behaviors or remarks were

transcribed and then digitized - directly after the interview occurred. While the interview

occurred, the interviewer aimed to make notes on the following criteria:

• Did they experience any problems while using the tool?

• Did they need to ask specific questions to continue?

• Were they able to navigate with ease?

• Was information missing?

• Did they provide additional feedback that wasn’t within the feedback form?

• Did they experience bugs or performance issues due to their behavior?
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4.5.3 Feedback

This work also included a feedback form to evaluate potential improvements for the tool. The

users completed it after our test user group finished the SUS questionnaire. The feedback form

consisted of the following questions:

• Can you add a new resource to the resource pool?

• Are you able to traverse the solution space, all solutions between different alpha and delta

settings?

• Were you able to extract or identify a cluster from that solution space?

• Was it easy to identify areas of interest in the solution space?

• Was it possible to inspect the details of a specific cluster and change its name?

• Did you find it easy to export the result of your interaction with the tool?

• Are you satisfied with the result?

• What would you improve?

• What can be improved to traverse the possible options?

• What can be improved to compare a cluster to other clusters?

• Do you find the user interface intuitive?

• What could help you to explore the parameter space more efficiently?

• What functionality is missing?

We designed those questions to not only include specific inquiries related to this tool but

asked for general feedback.

4.6 System Usability Scale Questionnaire

To assess the usability of our implementation, we administered the SUS [11] questionnaire to

participants. The SUS is a widely-used, industry-standard tool known for its brevity and ability

to elicit meaningful responses quickly. In line with the findings of Galesic and Bosnjak [31],

we believe using a shorter questionnaire can improve response quality. To interpret the results,

we followed the percentile ranking method proposed by Bangor, Kortum, and Miller [3] and
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converted the scores to a letter grade system for ease of presentation and interpretation. Addi-

tionally, we used an adjective-based rating scale to provide a complementary perspective on the

scores. We hope to gain a more nuanced understanding of the results and communicate them

effectively using both evaluation techniques.

To gather accurate feedback, we asked each domain expert in our test user group to complete

the questionnaire immediately after using the tool. This allowed us to capture their impressions

and reactions while they were still fresh.
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Chapter 5

Design

In this chapter, we will discuss the interface of Lodestar (see section 5.1), and we will conclude

with the design rationales (see section 5.2).

5.1 Interface

Due to the nature and scale of GAIA data, there are many possible cluster solutions, each

depending on a specific parameter configuration. Density-based clustering, in particular, is

known to be highly sensitive to the input parameters and can result in a vast range of different

cluster shapes and densities, as highlighted, for example, in a study by C. Boquan, E. D´Onghia,

J. Alves, and A. Adamo [14], which have searched for star clusters in the Orion complex. Our

goal is to simplify the process of exploring these solutions by providing an easy-to-use tool that

allows for efficient exploration of the parameter configuration space.

To accomplish this, we adhere to the Schneiderman Mantra, which emphasizes the impor-

tance of providing an overview first, allowing users to zoom and filter, and providing details on

demand. Our tool provides an interpretable overview of all possible clustering results, enabling

users to focus on regions of interest and exclude irrelevant data quickly. Users can filter the data

to gain a deeper understanding of specific clusters and acquire additional information, such as

the relationship between the luminosity of each star and its classification.

The ability to zoom in on specific regions and access details on demand allows for quick

validation of the overall results. The ultimate aim of our tool is to facilitate a comprehensive

exploration of the solution space and make it easy for users to understand the full extent of the

data, hone in on specific areas of interest, and validate their findings with detailed information.

Our interface consists of multiple screens (see Figure 5.1) to help users resolve the predefined

tasks from section 4.3. We will discuss the features of our tool while stepping through the main
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workflow and relate each to a task, where appropriate.

When a user reaches the web interface of our tool, it responds with the input form for

the clustering algorithm (see Figure 5.1 (1)). We present a call to action, allowing a user to

start with the clustering promptly, and we consider this as the pre-clustering step. After the

algorithm finishes, we enter the post-clustering phase. Aside from that, a user has the option

to switch to another main navigation page, complementing its primary function with a tutorial

section (see Figure 5.3a (b)) and a resource management (see Figure 5.3a (c)) page. The tutorial

addresses Task 1, and it aims to answer specific questions and helps to understand how the main

parameters or the individual views work. The resource manager offers an input field wherein a

user can provide a link to upload an external resource by clicking on the ”Add resource” button.

The input form asks a user to select a source file containing a region the user wants to study

the cluster behavior in and the features used for clustering (see Figure 5.1 (2)). To run SigMA,

a user clicks the run button and, when the clustering is complete, is forwarded to the clustering

summary (see Figure 5.1 (3)) to explore the available solution space. The tool supports exploring

that space with three modes of operation, each providing a different perspective on the available

data.

The first mode, hereafter referred to as ”Solution Space Mode” (see Figure 5.1 (3)), provides

the user with the means to explore the solution space by a change in either density level or

alpha value in the available parameter space. This view contains a cluster development tree

for each parameter (see Figure 5.6 and Figure 5.7) and provides action buttons to change the

current selection that subsequently causes a change in either tree. Since we have a much higher

variance in cluster solutions in the density level tree, we have reserved a larger space for it as

for the alpha tree. These trees, the parameter heat map, and the stability view are different

perspectives on the parameters space and help to address Task 2 and Task 3. A change in either

view will lead to a change in the presented clustering, reflected in each validation view (depicted

in Figure 5.11. We will talk more about views in subsection 5.2.1). The validation views contain

a position, velocity, and Hertzsprung–Russell scatter plot and aid a user in verifying a clustering

result. These views help a user to address Task 4.

To access details on demand, a user triggers the forward button to activate the ”Alpha Mode”

(see Figure 5.1 (4)). While switching, the current alpha value is stored and remains constant

in this mode, allowing the user to focus on changes in the density level. When activated, the

”Alpha Value Tree,” ”Steering Wheel,” and ”Stability” views are hidden to give users more

space to explore the density level tree and validate results with the top views. Both modes

provide actions to inspect and validate individual clusters in the ”Cluster Validation Mode” (see
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Figure 5.1 (5)). At any time, a user may download the current clustering (see Figure 5.1 (6)).

We will discuss these modes in subsection 5.1.2.

The ”Modes of Operation” philosophy emphasizes the importance of providing a quick

overview of the solution space while simplifying the data analysis process by dividing the tool

into different modes of operation. This includes providing a high-level overview of the data,

such as the clustering dashboard and the parameter trees, as well as modes for more in-depth

exploration, such as filtering and drilling down into specific subsets of the data. We follow this

philosophy not only by providing multiple modes but follow the same approach to structure each

mode individually (see Figure 5.2). Additionally, we designed the tool to reduce complexity by

providing a clear and concise explanation and context for the data and the analysis methods

used. The tool’s layout remains consistent across all modes to minimize cognitive load and

increase efficiency. By maintaining a familiar structure, users can focus their mental energy on

the task at hand rather than navigating the interface. The goal of this philosophy is to allow

users to quickly understand the scope of the solution space, help navigate it, understand the

effect a change in density level and alpha value has on the outcome, and provide insights and

findings of the results while also providing the flexibility to explore the data in more depth if

desired.

5.1.1 Navigation

Our tool incorporates navigation with few elements (see Figure 5.3). Users should reach their

goals by interacting with the visual encodings and can drill down on demand. Therefore only

the most high-level concepts are available in the navigation. A user that navigates to our web

interface arrives at the default page seen in Figure 5.3a, which is solely concerned with the

algorithm execution.

Although the solution space exploration takes place on a single page, we have two steps

separating the pre-clustering and the post-clustering step. In pre-clustering, we choose the data

source and the features for clustering. After the algorithm is finished, the post-clustering step

(see Figure 5.4a) will open, and we may interact with the algorithm output. By interacting with

the visualization, we view the data from different modes of operation (see subsection 5.1.2).

5.1.2 Modes of Operation

Figure 5.4a, Figure 5.4b and Figure 5.4c showcase the three modes the tool supports. We

developed those modes to allow the user to drill down and focus on different levels of complexity.

At first, the tool introduces the user to the solution space. It presents the clustering for the
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Figure 5.1: (1) Source file selection. (2) Clustering feature selection. (3) Solution Space Mode.

(4) Alpha Mode. (5) Validation Mode. (6) Result file export.
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Figure 5.2: As an example of the drill-down principle within a mode, this depiction shows the

”Solution Space Mode” to highlight the hierarchical nature of each mode.
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(a) (1) Clicking this element will open (a), and a user will either see an already

active session or has the option to start a new clustering session. By clicking

(2) a user will see (b) and by clicking (3) a user will be directed to (c).

(b) A tutorial about the visual encodings of the tool and parameters of the

algorithm.

(c) Data source management. The sources will be available

during algorithm execution.

Figure 5.3
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lower bound of predefined ranges of alpha values and density levels, the ”Solution Space Mode.”

We have obtained these ranges from the work of Ratzenböck, Großschedl, Möller, Alves, Bomze,

and Meingast [61]. The tool allows users to pick different values among the ranges to explore

different results or pick the current alpha value selection and explore that clustering selection in

more detail by adjusting only density levels in the ”Alpha Mode.” In both modes, a user may

proceed to the Validation Mode and look at individual clusters and their specific properties to

validate single clusters for their goodness.

5.1.3 Scale Space and Alpha Tree

The ”Scale Space Tree” (also referred to as the density level tree) addresses Task 2 and Task 3.

This view provides an overview of the solution space in the density level variable. It visualizes

the change of the clustering solution by varying the density filter coarseness. The outcome is

a tree with numbered rows where each row is an entry in our density level range, i.e., a row

represents one clustering solution. Each node in the tree is a cluster, and the edges represent

merge paths between the nodes. Node/cluster identity in both the ”Alpha Tree” and ”Scale

Space Tree” and validation scatter plots is consistently encoded via color throughout respective

views. Colors appearing most frequently across all rows are considered the most stable.

This view allows users to select a specific row number for an entry in the density level range.

Doing so will change the active clustering solution and update the clustering validation views

(see subsection 5.1.6), ”Alpha Tree,” ”Steering Wheel” (see subsection 5.1.4), and the ”Stability”

view (subsection 5.1.5).

Additionally, users can interact with the nodes in the tree. Hovering allows users to see a

summary, a mouse click will highlight the cluster in all other views, and a double-click will open

the ”Validation Mode,” thus enabling users to drill into various aspects of a stellar group. Due

to the large range of density levels, we introduce additional actions like zooming and scrolling

to navigate the density tree and zoom into areas of interest. Figure 5.6 illustrates the density

tree.

Similarly to the ”Scale Space Tree” view, we use the ”Alpha Tree” view to explore the

development of clusters for the current density level selection, see Figure 5.7. If a change to the

alpha value occurs by selecting another row, then all other views will reflect that change. By

clicking on the numbered row in the left-hand column, a user can explore the alpha value and

analyze what effect that change has on the current clustering selection. Similar to the ”Scale

Space Tree,” it addresses Task 2 and Task 3. In combination, they represent our parameter

range. Consequently, changing one tree will also alter the other, resulting in a linked relationship
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(a)

(b)

(c)

Figure 5.4: (a) State of the tool when the algorithm is finished. By using the navigation button

(a)(1), the tool will switch to mode (b). Clicking on either (a)(2) or (b)(1) will highlight that

cluster. Double-clicking on (a)(2) or (b)(1) leads to (c). The tree depicted in (c)(1) is filtered

to show only the development of the current cluster. (c)(2) changes the current cluster’s name.

Either (c)(3) or (b)(2) will lead to the previous mode. Either (a)(3) or (b)(3) will export the

current clustering to a file. (a)(4) or (b)(4) or (c)(4) will start a new session.

43



(a)

(b)

Figure 5.5: (a) Landing page of the tool. In (a)(1) a resource is selected. This resource will be

used by the algorithm. After the resource is selected (b) will appear and the seven parameters

used by the algorithm are selected. The possible options are collected from the selected resource

and represent the column headers. With (b)(1) the algorithm is executed with the current

selection. With either (a)(2) or (b)(2) a user opens the tutorial section of the tool. With either

(a)(3) or (b)(3) a user switches to resource management to upload additional resources.

44



(a)

(b)

(c)

Figure 5.6: (a) Initial state of the tree view with an active tooltip indicating a panning and

zooming option in (a)(1). (a)(2) shows stable clusters and their development as a sub-tree in

(a)(3). (b) shows the same view - the trees moved up because of the panning action. Interacting

with this view will make the tooltip disappear. (b)(1) highlights the currently selected density

level. When a user clicks the row, the level is active, as seen in (c)(1). Clusters allow interaction

with one click or double-click on (c)(2). A click will highlight this cluster in every view, and a

double click will navigate the user to the cluster details Figure 5.4c.
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Figure 5.7: (a) Yellow is the current alpha selection. (b) If you click on any other row, you

change the alpha value and update all other views automatically. (c) The lines between the

circles indicate merge paths. When the value transitions from α3 to α4, the red and blue

clusters will merge with the green cluster.

between the trees. This interdependence creates a linked tree scenario where any modification

in one tree will inevitably affect the layout of the other. These interlinked trees reflect the

interconnected nature of the parameters, highlighting the complex interplay between the two

that determines the outcome. Combining the trees creates a more complex structure, a collection

of trees that intersect each other. We refer to it as an intersecting tree collection. The overall

structure shows the relationship between the parameters. The resulting nodes are an intersection

of both selections.

Thus, a user can track the clustering solution with varying density levels and alpha values.

Both views showcase stable clusters as constant colored nodes that persist for a long time. This

view enables the user to gain an overview of the entire solution space in both variables, make

preliminary decisions on clustering solutions, and see changes in the clustering by changing either

variable. This arrangement enables users to reason about the solution space before looking into

individual clusters and validating them. This a priori reasoning capability makes identifying

good solutions more efficient and speeds up the decision-making process. Both views offer

actions to drill into specific solutions or clusters on demand.

5.1.4 Steering Wheel

Tree views offer a useful way for users to assess the relevance of cluster solutions quickly. The

views, however, only depict limited portions of the parameter space, and a full representation
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of the intersecting tree collection is not practical at this level of detail. To address this, the goal

of this view is to provide a comprehensive summary of the entire parameter space, highlighting

the stability of regions in the feature space, which is crucial to a successful solution.

The ”Steering Wheel” view (shown in Figure 5.9) serves as the central control for quickly

navigating between alpha value and density selections, addressing Task 2. It presents a heat map

with sampled alpha values listed on the vertical axis and sampled density levels on the horizontal

axis. By clicking on a rectangular cell within the heat map, the user simultaneously changes the

current selection of alpha value and density level. Such a change updates the current density

level and alpha value and therefore causes an update in all other views. The color intensity of

each cell is determined by the solution stability, which is computed by calculating the mean of

the symmetric differences between the current cell and its horizontal and vertical neighbors, as

represented by the following mathematical notation:

1

4

(
|Cup − C| + |Cdown − C| + |Cleft − C| + |Cright − C|

)
C refers to a cluster solution (i.e., a given alpha value and density level), while Cup, Cdown,

Cleft and Cright refer to the neighboring cells, see Figure 5.8. The symmetric difference between

two cells is defined as the difference in their respective cluster label sets.

Figure 5.8: Neighboring cells in the ”Steering Wheel” heatmap.

Additionally, we use a similar approach to calculate the bar charts on the top and right-hand

sides of the heat map. Each bar on the top represents the variation within the column, and each

bar on the right chart the variation within the row representing the total variation in clusters

across a given density level and alpha value, respectively.

By combining the stability encoding of the heatmap and the bar charts, we provide visual

clues to separate volatile from stable areas, thus helping in making decisions on good clusters

based on stability. This view is beneficial in listing and quickly exploring all possible clustering

solutions and in filtering those solutions based on the stability feedback provided by the heat

map and the two histograms on the top and right-hand sides.
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Figure 5.9: A heat map depicting the stability range with changing alpha and density values.

(a) White indicates an unstable selection - a high rate of change compared to the neighbors.

(b) Dark blue indicates a stable selection - a low rate of change compared to the neighbors.

(c) Yellow highlights the currently selected density and alpha value. (d) Light red is used for

representing the bars of a histogram. Each bar’s height is derived from the overall change within

that column or row.

5.1.5 Stability View

The ”Stability” view (shown in Figure 5.10) is similar to the ”Steering Wheel” view, which helps

find stable solutions in the entire solution space. When a user operates in the ”Solution Space

Mode,” this view is in the lower right corner of the screen. It is a read-only scatter plot that

highlights the currently active clustering solution. The solutions are grouped by alpha value,

and in each alpha section, the density level is increasing. This view allows users to observe the

dispersion of solutions within an alpha value and changing density level and shows how many

clusters this solution produces.

This view addresses Task 2 and provides a bird’s-eye view of all solutions, highlighting the

change in the number of clusters with changing parameter tuples. In contrast to the density

tree visualization (discussed in subsection 5.1.3), this view allows for easy detection of stable

areas across the entire solution space (instead of focusing on slices in the tree views), enabling

the user to make informed decisions when choosing the appropriate parameters.

Stability around a parameter tuple is often a good indicator of a desirable outcome. We

assign each parameter tuple an index and map it along the x-axis, while the y-axis ranges

from 0 to the maximum number of clusters for any combination. Therefore, in contrast to the

”Steering Wheel,” this view focuses solely on the total amount of distinct clusters in that result.

Furthermore, points are grouped by constant alpha values and arranged in each alpha group by

increasing density level. Plateaus or steep regions in each subgroup highlight either stable or

volatile alpha selections, respectively. This added level of detail can help users identify not only

the number of clusters but also the stability of the resulting clusters as the parameters vary.

48



Figure 5.10: (a) Yellow is the current alpha value, density level pair. (b) The stroked line

separates changes in alpha value while (c) the blue dots represent individual pairs.

5.1.6 Clustering Validation

Users can explore and evaluate clustering solutions in various ways using the cluster evaluation

views seen in Figure 5.11. These views, which include a 3D space, 2D velocity, HRD, and

configurable 2D scatter plot, allow for studying different properties, shapes, and distributions

within clusters. In the ”Cluster Validation Mode”, we provide velocity histograms for further

analysis. Together, they address Task 4 by presenting the clustering solution in space, velocity,

HRD, and other feature pairs the user selects. The colors of each star in the plots represent the

assigned cluster. Clicking on a node in the tree visualizations, mentioned in subsection 5.1.3,

highlights the current cluster (as seen in Figure 5.12). By toggling the noise button (seen in

Figure 5.13), a user can view the entire data set, including stars classified as noise. Users can

pan and zoom in on each evaluation view and optionally download a picture of the current state.

These interactions enable experts to validate the quality of the clustering solution by exam-

ining the proximity and shapes of stellar groups in spatial and velocity dimensions, supported

by an HRD and velocity histogram.

5.1.7 The Use of Color

A well-designed color palette is essential for the efficient and intuitive use of a visualization tool.

It is important to maintain consistent color assignments and meanings across all tool views.

To ensure that the astronomy community easily understands our tool, we draw inspiration

from existing solutions that are based on commonly used techniques such as color consistency

across views, separating system colors from colors for data entities, and using colors with a high

perceptional difference [24]. The color palette shown in Figure 5.14 is generated using a color
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Figure 5.11: Figure depicts how clusters from a selected clustering solution group in either 3D

space (a), velocity (b), amongst an Hertzsprung-Russell diagram (c) and in the fourth view (d),

any two dimensions the user selects (e).

Figure 5.12: Evaluation views with the highlighted cluster.

Figure 5.13: Evaluation views with noise activated.

scale tool1 to maximize perceptional differences. We used the generator to ensure that the colors

in the palette are easily distinguishable from one another.

The tool assigns these colors, from left to right, to a set of clusters sorted by their stability.

In this context, stability refers to the number of levels in the scale space tree where a particular

cluster appears. Once the pool of available colors is exhausted, they are assigned black. This

means that the most stable groups are significant enough to carry color. By clicking on a

cluster, a user activates the highlight feature, and its color changes to the highlight color (see

Figure 5.14 right highlight color). The markers for the selected cluster change from circles to

crosses Figure 5.15. Therefore the user identifies and focuses on the stellar group and tracks it

through all views.

1https://mokole.com/palette.html
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Figure 5.14: Colour palette, ordered by significance and assigned to clusters that are ordered by

significance. The image also shows the selection for highlighting colors and the color used for

the two stability plots.

(a) Default marker for a star within a clus-

ter.

(b) Default marker for a star within a

highlighted cluster.

Figure 5.15: Both symbols are symbols from the plotly symbol list2.

5.1.8 Noise Toggle

Multiple test users requested a means by which noise can be enabled or disabled. In the default

setting, all plots will only draw the points of labeled clusters - noise is ignored. When a user

enables the noise toggle, our tool adjoins the noise points to each plot. Colored in grey, they are

distinctly different from the other points and can be visually separated.

5.1.9 Result File Export

The result file download feature in our interface allows users to download the results of their

analysis for further processing in other tools such as TOPCAT. This feature is designed to be

easily accessible within the visual interface and provides users with a convenient way to export

their results for further analysis or visualization. The interface displays the download option in

every mode as a button on the top right corner, allowing users to initiate the download process

with a single click. Upon completion, the result file is saved to the user’s local system and ready

for use in other tools. This feature enables users to take full advantage of the results of their

analysis and use them in other tools for even more in-depth analysis and visualization.
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5.1.10 Source File Upload

The resource file upload feature allows users to upload new data sets to the system. This enables

users to easily add new data sets to the application, which can then be processed, analyzed,

and visualized. The resource file upload feature is designed to be user-friendly and intuitive by

providing a text field to enter a URL to an online data source and informing the user about

the upload process via status feedback. This allows users to quickly and easily upload new data

sets and incorporate them into their analysis. The visual interface provides confirmation when

the upload is complete, allowing users to continue their work with the newly added data sets

quickly.

5.2 Rationale

In this chapter, we will discuss the reasons and motivations behind the design decisions and

visual encodings we have chosen.

5.2.1 Tile-Based Interface

We have opted for a tile-based interface to flexibly add or remove tiles based on design decisions

that may arise in the future and to fit multiple visual encodings into a single dashboard. Further-

more, we wanted to scale each tile according to the available screen space and the neighboring

tiles. We have removed the borders of the tiles at a later stage due to feedback from our visual

experts. While doing that, we removed the action buttons from each tile. These buttons are

now global and reside in an action bar at the top of the dashboard. This change has helped us

save space and communicates that each action affects the entire data. To reduce cognitive load

[19], we wanted to offer a single dashboard - all the related views are composed and prepared to

serve a single task, exploring the solution space. When users decide they want more information

on a specific result, they can drill down by inspecting a cluster.

The tile-based solution helped separate parts of the data into distinct plots. Each of these

tiles is interconnected, and a change in one will affect the others.

5.2.2 Graph-Based View for Algorithm Hyper-Parameters

Graph-based visualizations are ideal for representing relationships between entities hierarchically

and for scalable and dynamic data [5]. They allowed us to introduce hierarchy in both horizontal

and vertical directions. In our case, especially the development of the entities along the vertical

axis helped to highlight the changes an increment of a parameter introduces. We have chosen
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to use this encoding to convey how changing one parameter will affect the cluster solution. The

graphs served to observe the evolution of the clustering result with increasing or decreasing

parameter values. Users can select either by clicking on a level or a specific cluster. The graph-

based overview helps to immediately identify which stellar groups are eliminated or created and

which merge. We could have also encoded the same information as a treemap which is also

used to visualize hierarchies. Treemaps have the downside in that information is encoded as

areas which is a worse representation than length. It’s also not straightforward how to encode

information such as stability into the areas of the treemap. Instead of stability, the cluster size

could also be encoded in the rectangle size. But sometimes, two subclusters are larger than

their parent, which results in problems with visual encoding. Another interesting quantity and

candidate for showing in a tree map is cluster stability. But again, it is not straightforward to

encode the stability of a cluster in a treemap. Whereas it can more easily be interpreted in a

tree. In a tree, the stability can be visualized with the number of levels the cluster exists in.

A treemap could leverage color (e.g., saturation) to encode stability. But using color to

encode both stability and containment could be confusing. Moreover, colors are again not as

effective as length. We were looking for a more dynamic visualization focused on highlighting the

evolution of the clustering. Separating the parameters in separate graphs also helped to reduce

cognitive load and directly communicated the effect of a change. Both views will immediately

affect the other—representing the connectedness between the parameters.

5.2.3 Scatterplots for Features, Velocity, Space, and HRD

Scatterplots appear throughout clustering visualization tools [71], [48], [26], [18] and are a typical

chart type for visualizing clustering results, that effectively highlights groups and memberships.

We have chosen the scatter plot for visualizing clustering in space, velocity, and for any two user-

configured features. For space, we used a three-dimensional scatter plot due to user feedback

in the low-fidelity prototyping phase. 3D visualizations can present several challenges, such as

increased complexity and difficulty in interpretation, limitations in the human visual system’s

ability to perceive 3D information, the potential for clutter and occlusion, and difficulty in

interaction and explorations [56]. But the domain experts were very familiar with this kind of

representation, especially because they used tools like TOPCAT, which supports a 3D rendering

of the data set and according to the feedback we received, it is part of an astronomer’s decision-

making to evaluate clusters. To mitigate some of the shortcomings, we have added several

interactions to the plot, like panning, zooming, rotation, and highlighting. Panning, zooming,

and rotating allow users to modify a chart and see the data from multiple perspectives. Through
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this, we overcame some of the problems cluttering and occlusion can introduce. With the

highlighting action and the tooltip, we added additional information on demand to reduce visual

complexity and help users track specific clusters.

5.2.4 Heatmap to Hint at Areas of Interest

Heatmaps are especially useful in uncovering relationships within multidimensional data [38]

and provide an excellent overview of bi-variate data. They allow for the comparison of multiple

data points in a single image, using color to indicate the relative value of a data point. Making

it easy to identify patterns and trends in the data. One of the main advantages of heatmaps is

that they can display large amounts of data in a small space, making it easy to compare data

points and identify patterns.

This visual encoding was added to detect stable subspaces in the overall parameter space

and is ideal for quickly traversing that space. While each graph-based scale space tree provides

a compact overview of the clustering effect by adjusting one parameter, the heatmap gives us a

useful summary of the whole parameter space. The work of Healy [40] provided us with many

alternative visual encodings that we will shortly discuss.

Other visual encodings, such as contour plots, density plots, and choropleth maps, also use

color to indicate the value of a data point. However, they are not as well suited for displaying

data in a 2-dimensional grid format as heatmaps are. Contour plots are better for displaying

data on a continuous surface, density plots are good for showing the distribution of data points

and their concentration, and choropleth maps display data on a map.

5.2.5 Number of Clusters for an Alpha Value and Density Level Combination

The ”Stability” view was added late in the high-fidelity prototyping phase and contains a scatter

plot. In this scatter plot, the horizontal axis comprises different combinations of alpha value

and density level. For each parameter tuple, we show the number of clusters created along the

vertical axis. Like the heatmap, we have added this view to support a user in finding areas of

interest. Located next to the heatmap, it will help users to navigate large solution spaces.

5.2.6 Using Histograms for Distribution of Features

When a user selects a cluster for closer inspection, we use histograms to encode the distribution

of a cluster feature. They provide an overview of the frequency distribution [43] and aid in visual

cluster validation. As we previously highlighted, stellar groups share similar spatial and velocity

properties. Therefore the distribution of an (e.g., velocity) feature can provide information
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about the goodness of a clustering solution. We have added this feature due to feedback from

the astronomy user group in the low-fidelity prototype.
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Chapter 6

Implementation

The main concern of good software design is the separation of concerns. Therefore we

have separated our software solutions into two parts. The front-end application is written in

Typescript and contained within the Vue.js framework. The back-end is developed with the

Flask framework and written in Python. We divided both parts again into smaller modules, or

areas of concern, independent modules in the front-end and back-end applications.

6.1 Rapid Setup and Startup

This work has benefited from a rapid tool installment and startup. We achieved this by first

setting up the infrastructure and creating the whole setup by containerizing the back-end and

front-end into isolated environments. We have used Docker1 for that purpose. All startup

instructions were attached in a Dockerfile and executed by a bash script to allow the user to

start and stop the complete application with simple single-line commands.

6.2 Separation of Concerns

Because we had two concerns in our application, the management of data (loading of data,

preparation, and sanitizing) and the visualization, we opted to separate them into two stan-

dalone applications. In consideration of our rapid startup principle section 6.1, we selected the

Vue.js2 framework for the visualization part and the Flask3 framework for the data management

part. Both frameworks provide simple servers that either react to change automatically or al-

low graceful shutdown and quick startup. Both frameworks use simple and readable scripting

1https://www.docker.com/
2https://vuejs.org/
3Flask web framework https://flask.palletsprojects.com/en/2.1.x/
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Figure 6.1: Basic depiction of the layer’s pattern applied to our tool in the back-end

languages. We achieved communication between those two applications via RESTful 4 commu-

nication.

6.3 The Pattern of Layers

Working in increments requires the software to stay flexible. To acquire this flexibility, this work

used the layer’s pattern [2], as demonstrated in Figure 6.1. We applied the layer’s pattern to

separate different levels of abstraction or responsibilities in individual layers, with an obvious

control flow. Higher levels of abstraction only call for lower levels of abstraction or access services

within the same level of abstraction. We separated these layers by clearly defined interfaces.

This separation makes the software more structured and allows components or entire layers to be

exchanged or modified. We enforced this pattern in the back-end and the front-end application.

Since we knew the algorithm pipeline before implementation, the back-end application was less

prone to change. The presentation side of the data was in a more prototypical state and much

more predisposed to spontaneous changes. Due to the separation of concerns, see section 6.2,

this didn’t prove to be a problem. We treat the data management part and visualization parts

differently.

4https://en.wikipedia.org/wiki/Representational_state_transfer
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6.3.1 The Publish-Subscribe Pattern

Due to a similar need for flexibility in the front-end and back-end, we added the publish-subscribe

pattern [2] to our front-end. The intention behind this pattern was that there should be a single

place in the tool responsible for storing the current state of the data. We have a set of consumers,

our views, which depend on this data. With every change we introduce to this central store, we

want each consumer to know about this change. Each will decide if they propagate this change

and convert it into a modification in the visualization. During the design phase, see section 4.4,

this pattern proved to help treat each view separately. Both the type and the number of views

overall could change during the course of the implementation. It also became clear that a change

in data would need to update potentially multiple consumers at once. For that reason and to

reduce duplication, we introduced the publish-subscribe pattern.

6.4 The Single Responsibility Principle

We developed each view and service, in the back-end and front-end, with the single respon-

sibility principle in mind. Like the patterns before, this served us to enhance the flexibility

of the software and to react quickly to changing user demands or changes in the tool due to

other unexpected circumstances. It states that every service or class should only have a single

responsibility within the software.

6.5 Architecture

Figure 6.2 depicts the basic architecture of the application. The complete solution is running

in two docker containers. We start both containers with a simple docker-compose5 file. The

docker-compose file contains configuration to access the container specifications of the back-end

and front-end applications and create separate containers for them. We control actions in the

docker-compose file by simple bash scripts. The scripts help us install all the prerequisites for

the tool and the start, shutdown, and purging of the docker containers. Initially, we created this

setup to support quick feedback loops and short development iterations. In Figure 6.3, you can

see the folder structure of the complete solution. The complete solution is publicly available6.

In the following two sections, see section 6.6 and section 6.7, we will go into more detail

about the visualization, the front-end, and the data management implementation, the back-end.

5https://docs.docker.com/compose/
6Online tool repository https://github.com/ratzenboe/topoclust
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Figure 6.2: Layout of the overall architecture

Figure 6.3: The folder structure of the application
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6.6 Front-End

This work used Vue.js as the front-end framework and Typescript7 as the scripting language.

We leveraged the VueX store8 to store current states and to propagate changes to all the views

that subscribed to this data. To design each dashboard view, we made use of two graphing

libraries, D3.js9 and plotly.js10. We manage the dependencies with and build the application by

using yarn11.

This setup allowed for rapid prototyping because Vue.js offers a lot of standard compo-

nents that can be reused and changed. While prototyping, it is advantageous that the HTML,

Javascript, and CSS code is structured within the same file. By introducing back-end mocks in

the early stages of development, we have eliminated long waiting times, either by the algorithm

itself or by some back-end calculations. This further decreased iteration duration and allowed

for quick changes. We removed those mocks later to integrate the front-end with the back-end

application successfully. The back-end server mocks supported us in creating the initial layout

and views.

6.6.1 Update Views

We introduced the publish-subscriber pattern to notify each view about significant changes to

the data. Each is, in essence, of the same generic type View, and each is a publisher and a

possible subscriber to data. Because not every view is interested in view updates, or updates in

the central data store, we selectively subscribe to a narrow slice of the overall data. This proved

to be beneficial to the overall performance of the application.

The responsibility of the front-end application is to host our set of visualization techniques

and views. It will be responsible for requesting data from the back-end application via REST

and communicating updates to all other views related to the changes. It will also hold additional

data unrelated to the algorithm clustering to support visualization features.

6.7 Back-End

The main concern of the back-end application is the hosting of scientific data. It will be re-

sponsible for making that data available via a defined REST interface and is ignorant of specific

implementations of the clients. It will host a variety of REST endpoints to request additional

7https://developer.mozilla.org/en-US/docs/Web/JavaScript
8VueX store https://vuex.vuejs.org/guide/
9D3.js - Data-Driven Documents https://d3js.org/

10Plotly Graphing Libraries https://plotly.com/javascript/
11https://yarnpkg.com/
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transformations of the provided data, and the back-end will also perform precalculations for

data that is static for a specific data set and the provided repository.

In this context, a repository is a directory containing multiple files. Each file will adhere to

the .csv file format and contains multivariate data in a row-column relationship. The back end

is implemented with Python12 and leverages the Flask web framework to create a web server

that operates on these repositories.

6.7.1 Features Provided by the REST API

The back-end web server supports multiple REST endpoints to receive specific data slices cal-

culated and stored. To have a good overview of the currently supported endpoints, we used

the apispec13, flask-apispec14 and apispec-webframeworks15 libraries to document the currently

available endpoints via swagger-ui16. The result of this documentation can be seen in Figure 6.4,

and the endpoints are grouped by domain. Each endpoint is versioned, so they remain flexible

in the future and support different versions of the same endpoint. When the application runs,

you can access this information by navigating to the subdomain /swagger-ui/.

6.8 Performance and Preprocessing

The application utilizes a strategy to enhance the runtime performance of solution space ex-

ploration by storing the clustering results for a given alpha value and density level range in

temporary files. By storing the clustering results in temporary files (see Figure 6.5), the appli-

cation can quickly access and utilize the results for future solution space explorations without

having to perform the calculations again. This approach improves the exploration performance

but results in a longer initial algorithm runtime. However, this is not a significant issue for

astronomers. During the prototyping phase, we determined that they prefer longer initial cal-

culations and fast solution exploration over the reverse.

Subsequently, to further improve runtime performance, the application also stores the current

modifications and selections in session files. This means we can separate the initial run on some

data from the actual inspection and modification of that data. Since our tool keeps track of

changes in session files, the application can quickly access and resume the current session without

repeating the previous steps. Overall, caching the level files, sessions, and density trees greatly

12Python programming language https://www.python.org/
13https://pypi.org/project/apispec/
14https://pypi.org/project/flask-apispec/
15https://pypi.org/project/apispec-webframeworks/
16https://swagger.io/tools/swagger-ui/
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Figure 6.4: Endpoints supported by the back-end Python server used by the front-end to generate

the graphics and features.

62



improves performance.

In summary, the application uses a combination of temporary file storage, session files, and

caching to enhance the runtime performance of solution space exploration while accepting a long

initial calculation step.
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(a) Before the algorithm has run (b) After the algorithm has run

Figure 6.5: (a)(1) Is the export folder containing any downloaded labeled clustering files. (a)(2)

is the import folder containing all available resource files. If a new one is uploaded, it will be

stored there. (b)(1) is a folder for a specific alpha value. (b)(2) is the folder that contains the

calculations for each density level at the current alpha value. Currently, 18 density levels. (b)(3)

is the sessions folder containing the level files the user has interacted with. Only the columns

that can be changed are stored within. (b)(4) is the cached density tree for the current alpha

value containing all density levels as a network. (b)(5) are the folders for the remaining alpha

values, configured within the back-end and dynamically generated, the same structure as (b)(1).
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Chapter 7

Evaluation

In this chapter, we present the results of our evaluation of the proposed system. The evalua-

tion is divided into two main parts: a formative evaluation and a summative evaluation. The

formative evaluation was conducted to gather feedback and improve the system during the de-

velopment process. In contrast, the summative evaluation was conducted to assess the overall

performance of the final system. The formative evaluation section describes the methods for

gathering feedback, such as user interviews, surveys, and usability testing. The results of the

formative evaluation are presented and discussed in terms of the changes and improvements

made to the system based on the feedback received.

In the summative evaluation section, we discuss the results of the SUS questionnaire regard-

ing the system’s effectiveness, efficiency, usability, and satisfaction.

Overall, this chapter provides a comprehensive evaluation of the proposed system, highlight-

ing its strengths, and we will use the results of this evaluation to guide future work and improve

the system.

7.1 Formative Evaluation

Throughout the design process, we have followed a structured approach of task analysis, low-

fidelity prototyping, and high-fidelity prototyping. During the low-fidelity prototyping phase,

we regularly met with two visualization experts and the algorithm pipeline developer to create

the first version of a pen-and-paper low-fidelity prototype. This step was accompanied by

interactive wireframes (AdobeXD) to experiment with navigation alternatives and novel 3D

representations. The prototype was presented to three female astronomy researchers, one Ph.D.

student, and two Master’s students. The collected feedback was the basis for a second version

of the low-fidelity prototype, presented approximately two weeks after the first session. The
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same group of astronomers and an additional male Ph.D. challenged this prototype as well. The

combined feedback eventually led to a high-fidelity prototype.

During the high-fidelity prototyping phase, eight members of the astronomy community

gave feedback, four men and four women. Four have already provided feedback during the low-

fidelity prototyping phase, and another three have joined during the high-fidelity prototyping.

The eighth person was the algorithm developer. We conducted personal interviews with each

participant. Each session concluded with a SUS questionnaire and feedback form. During the

interview, we also made notes on user behavior and on issues and questions that arose during

the meeting. We collected these notes with pen and paper and digitized them afterwards. The

results of the SUS questionnaire can be seen in section 7.2. We have used the interval to perform

iterative improvement of the overall system. The feedback form served as a source to create

items for improvement. After we prioritized them, we implemented high-priority entries between

interview sessions.

Overall we have received very positive feedback, and participants were looking forward to

using the system. The feedback form and personal feedback provided great insights into the

behaviors and needs of the test users. We have used this information to improve the system.

In the following subsections, we will go through the results of the low fidelity user tests

subsection 7.1.1, feedback forms subsection 7.1.2 and the results of the personal interviews

subsection 7.1.3 and how these results influenced our design decisions.

7.1.1 Low-Fidelity User Test Results

The low-fidelity prototype user tests provided valuable feedback. We discovered issues that

otherwise would likely have surfaced during implementation. By receiving this feedback early,

we could address them before high-fidelity prototyping. Not only did this save resources, but

improved development speed. The list of all improvements is long, so we decided to list represen-

tative examples in the subsequent paragraphs. While we presented the pen-and-paper prototype

to the test group, we received multiple feature requests. Three out of eight participants who

tested our validation mode requested additional velocity histograms to study the respective dis-

tributions in that cluster. Four participants wanted an HRD plot to support cluster validation.

Additionally, due to changes in the algorithm pipeline, the noise slider encoding (see Figure 7.1a

and Figure 7.1b) became obsolete. Subsequently, we removed the noise slider in Figure 7.1c,

the high-fidelity prototype, and added a Hertzsprung-Russel diagram instead. The evolution of

the cluster details can be seen in Figure 7.1. We applied a similar change to the exploration

mode, adding an HDR and a configurable feature scatterplot for an entire clustering solution.
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Its evolution is depicted in Figure 7.2.

Since we can distinguish only a small range of colors comfortably, we realized that our original

color palette would not suffice. Our prototype would assign one of these colors from the color

palette to a sub-tree in the solution space. In case there are too many, we run out of colors. In

a collaborative effort, we found a solution, discussed in more detail in subsection 5.1.7, and we

can see an example of the current color assignment in Figure 7.2c.

For subsequent processing and evaluation in other tools, it is beneficial to name clusters with

alphanumeric sequences instead of numbers. Two users pointed this out during our version two

prototype review. The final implementation is depicted in Figure 7.3. When a user exports a

result file, the tool will display that name in the affected rows (seen in Figure 7.1b).

Most notably, during the prototyping phase, we identified the topics we should address in a

tutorial section. In the conversations, we observed that some views and the input parameters

were unclear and needed more introduction.

7.1.2 High-Fidelity Prototyping: Feedback Form Results

The feedback form provided valuable insights into specific issues of the tool. It included feedback

on topics we didn’t discuss during personal interviews and vice versa. From the test user group,

the most requested addition was a zoom function in the evaluation views, which was promptly

implemented. Two users asked for an improved explanation of density level and alpha value,

leading to an expanded tutorial section for better understanding. Additionally, we enhanced

the tool by displaying cluster information when hovering over a cluster, as per two requests

received. Another user suggested improving color coding as colors were not distinct enough,

which influenced the color coding implementation we applied in subsection 5.1.7. To continue

an active cluster exploration session, one person requested to keep the session active unless the

tab or browser is closed, which was added to the tool’s functionality. A stability view was also

added in response to a comment from one user to address the non-linearity of parameter changes

and make it easier to understand their effect.

While we addressed most requests, there were also change requests to inspire future work.

Two participants wanted the ability to plot and compare the clustering results of two unique

pairs of alpha value and density level. One participant wanted to exclude some clusters from the

clustering results. Another participant suggested adding expressions to one axis to plot multiple

columns on one axis. Lastly, we received a suggestion to differentiate between more clusters by

using an encoding that combines colors with signs, allowing for a large set of unique identifiers.
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(a) Validation mode for low-fidelity prototype

version 1

(b) Validation mode for low-fidelity prototype

version 2

(c) Validation mode for high-fidelity prototype

Figure 7.1: Evolution of the ”Validation Mode” interface design in prototyping.
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(a) Exploration mode for low-fidelity prototype

version 1

(b) Exploration mode for low-fidelity prototype

version 2

(c) Exploration mode for high-fidelity prototype

Figure 7.2: Evolution of the ”Exploration Mode” interface design in prototyping.
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(a) Cluster validation mode allows naming a cluster.

(b) This name is stored and will appear in the exploration mode.

(c) When the file export is executed, the name is added to the affected rows.

Figure 7.3: Workflow of the cluster naming feature.
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(a)

(b)

Figure 7.4: (a) The view before we got the feedback. Grey and green can easily be confused

with each other. (b) Usage of colors that can easily be distinguished.

7.1.3 High-Fidelity Prototyping: Personal Interviews Results

We have gained valuable insights from the feedback forms, SUS questionnaires, and private

participant interviews. One important lesson we learned was the importance of accessibility for

color-blind users. Our tool’s heat map, which encoded stability as a range between white and

dark green and used gray bars in histograms, was confusing for a participant who was partly

color-blind. We modified the heat map to accommodate color-blind users better, as seen in the

Figure 7.4b.

Personal conversations can provide valuable insights when combined with objective measure-

ments such as the SUS. Between user test sessions, we noticed that we introduced more features

in this period than in previous development periods. Additionally, the number of improvements

between each interview decreased in subsequent periods. By comparing the feedback for each

user test, we found that implementing those features correlated with less feedback, suggesting

that our incremental approach led us to focus on the right problem areas, resulting in fewer

feature requests and an increase in overall verbalized satisfaction with the tool. The SUS scores,

however, remained stable.
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Question x σ

I think I would like to use this system frequently 4 0.58

I found the system unnecessarily complex 1.71 0.49

I thought the system was easy to use 4.29 0.49

I think that I would need the support of a technical person to be able to use

this system

2.14 1.07

I found the various functions in this system were well integrated 4.29 0.76

I thought there was too much inconsistency in this system 1.57 0.79

I would imagine that most people would learn to use this system very quickly 4 0.82

I found the system very cumbersome to use 1.71 0.58

I felt very confident using the system 3.71 0.49

I needed to learn a lot of things before I could get going with this system 2.43 0.53

Table 7.1: SUS questionnaire with the mean and standard deviation result per question. The

three results that deviate most from an optimal rating are highlighted in orange.

7.2 Summative Evaluation

With a final score of 76.79 and a standard deviation of 7.60, we consider the tool as ”Good.”

Equivalently it would receive a B grade. To interpret the score, we have used the work of Bangor,

Kortum, and Miller [3]. It explains the letter grading interpretations and a table to assign a

human-readable version to the score.

Interestingly, two test users gave the tool a rating of 87.5, which would refer to the adjective

”Excellent,” while the ratings of all other users were well within the range of a ”Good” rating.

We will look at the average rating of each question to reason about their meaning in chapter 9.

Table 7.1 is a table with all the questions listed and their average value. The most noteworthy

three questions and their average results are highlighted in orange. In this context, noteworthy

refers to the questions that deviated the most from an optimal rating. We only focus on these

three of the ten questions to find effective ways to improve the overall rating in possible future

work.
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Chapter 8

Lessons Learned and Future Work

In this chapter, we will discuss the lessons learned in section 8.1. In section 8.2 we look at key

takeaways and outline potential areas for future work.

8.1 Lessons Learned

In this section, we want to highlight the key lessons learned from the research such as the

importance of user feedback, the benefits of an iterative development process, and the need to

consider performance when developing a system.

8.1.1 Personal Collaboration over Standardized Questionnaires

Especially during the low-fidelity prototyping phase, we found that personal interaction is more

valuable to get good feedback than standardized tests. While standardized tests have the ad-

vantage of being standardized, comparable, and structured, the unstructured and spontaneous

nature of a personal interview provides creative or unintended feedback. These interviews devel-

oped into much more of a workshop where solutions were discussed and found together. All the

individual behaviors were registered and noted to record any information that a questionnaire

might not capture. For the final user tests and future work in general, we decided on a mixture

of personal interviews and standardized feedback questionnaires.

8.1.2 User Test Group in Iterations

Because we used each iteration to address the user feedback, we initially hoped to see a positive

trend with every subsequent SUS result. But plotted on a bar chart (see Figure 8.1), the scores

don’t improve over time. But even if the results showed a positive trend, it would not qualify

as proof that the tool’s usability actually increased. After an iteration ended, we performed a
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SUS questionnaire with a single user instead of a user group. This poses two problems. First,

scoring preferences, expectations, experience, age, gender, or impairments, among other reasons,

can affect a person’s score. Therefore, one would normally look for large user test groups to

reduce the effects of outliers. But we were limited by the low number of potential users we had

access to. Second, knowing the former, we should have asked the same person in subsequent

iterations to identify a positive trend, which could cause other problems. Better yet, we should

have concluded each iteration with a SUS questionnaire targeted at a new test user group, with

the same size and composition but composed of people that did not use the tool before.

Figure 8.1: SUS scores, ordered by date.

8.1.3 Incremental Development

Especially towards the end, during the user test phase, this approach proved to be productive.

Most bugs, but especially noteworthy, most improvements were made before the next interview.

The written feedback proved especially valuable in combination with the notes we made in the

personal interviews.

8.1.4 Performance

As the tool was being implemented, it became evident that strategies were required to address

its inefficiency and improve its slow execution time. Several bottlenecks greatly affected the
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runtime of the overall tool. D3.js proved to be a bottleneck while rendering the results from the

algorithm, particularly when we used <svg> DOM elements to render our results. Switching

from <svg> to <canvas> elements and slightly changing the rendering code, we improved the

situation considerably. Another improvement in the performance was possible by switching from

D3.js to plotly.js. Plotly proved to be a scalable and fast library for simple scatter plots. And

it provides many additional useful features out of the box.

We could have prevented this issue since the performance was a known challenge working

with astronomy data. We conjecture that the work would have progressed faster if we had defined

non-functional requirements [35] and by making them part of the methodology. In future work,

we proactively want to add non-functional requirements to the literature review. Thus, having

the information to identify threats to the non-functional requirements much earlier.

8.2 Future Work

In this section, we will reflect on the challenges faced during the research and discuss how these

experiences have informed our understanding of the problem at hand and how these challenges

could be addressed in future work.

Table 7.1 can help us understand which aspects of the tool could still be improved. We have

highlighted the three noteworthy scores in orange. The question ”I think that I would need the

support of a technical person to be able to use this system” and its rating suggests that users

could still benefit from an onboarding section or that the tutorial page still needs improvement.

The same could be true for ”I felt very confident using the system” and might suggest that

the views in the tool are not clear enough and could benefit from additional labeling or helpful

tooltips. In combination with the third question, ”I needed to learn a lot of things before I could

get going with this system,” we suspect that the tool’s functions are not clear enough and should

be improved. This could improve by combining a tutorial run, introducing the most important

steps, with clear labels for each view, and clearly stating the intention at the beginning of the

page.

In the following, we have defined concrete areas of improvement.

8.2.1 Session Concept

This strategy will also allow for extending the tool with a user session feature in the future.

The generated files, and the produced session files, could be stored long-term and be linked to a

specific user. This feature would enable users to resume a session even if the browser or tab was

previously closed, and it would provide the capability to handle multiple algorithm executions
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Figure 8.2: Example of a density bandwidth exploration tree. Each sub-tree is ordered from

most stable to least. A slider is located at the bottom, controlling the excluded clusters.

concurrently. A single run is time-intensive, and allowing users to store and revisit them at a

point in the future would increase usability and user satisfaction.

8.2.2 Sorted Graph

In the following, we discuss possible avenues to improve the graph-based cluster development

view, as the current design can result in overlapping merge paths and does not provide means

to filter short-lived sub-trees. The sub-trees could be sorted by their stability value, leading to

a graph where the most stable clusters are on the left-hand side and the least on the right-hand

side. By introducing a range slider, users could clip the sub-trees and decide which sub-trees to

ignore. We believe this change would help users to explore the solution space more effectively

and rapidly remove clusters from the solution space. A schematic example is seen in Figure 8.2.

8.2.3 Open Source Libraries

Our findings suggest that the clustering community would highly benefit from a framework

that supports generic approaches and domain-specific approaches by aggregating those generic

modules into a domain-specific application.
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One way to tackle an issue like that could be an online artifact repository managed by an

open-source clustering community with libraries of generic back-end and front-end modules. In

this scenario, all modules must satisfy a globally defined interface pattern and can be registered

and unregistered in the back-end and the front-end application via publish-subscribe. We could

imagine something like that as a toolbox or an open-ended box of Lego pieces. We would use

those to build specific structures to tackle complex domains, such as the astronomy domain. That

way, we could combine the advantages of building generic clustering algorithms and visualization

strategies and enable developers to leverage those generic algorithms and visualization tools and

combine them into a domain-specific clustering visualization. How to approach this exactly

would be a topic for further research.

8.2.4 Two Parameter Tuples Side-By-Side Comparison

As the work of Kwon, Eysenbach, Verma, Ng, Filippi, Stewart, and Perer [48] already suggests,

allowing domain users to explore the effects of parameter changes on the clustering result and

comparing the different results can lead to a better understanding of the results. Considering

that, we assume that a domain-specific visualization and in-depth exploration of the solution

space could aid potential users in understanding the effects of the input parameters on the

clustering outcome and help them to make informed interactions with the result. By making

manual adjustments, users should be able to improve clustering results and aid them in exploring

the solution space of a specific clustering algorithm.

77



Chapter 9

Conclusion

With Lodestar, we have proposed a novel approach for understanding and identifying stellar

groups in hard clustering scenarios. Our approach includes general guidelines for understanding

the algorithm and model parameters and an intuitive navigation system to aid in exploring the

extensive solution space of the SigMA algorithm pipeline [61]. By working closely with domain

experts, we leveraged their expertise to design a visualization system focused on astronomers.

One of the primary benefits of our tool is that it enables the provision of a solution space that

is easy to comprehend and analyze beforehand. This tree-based solution space summary provides

a natural ordering and connections between individual solutions. Supported by an overview of

solution stability across the entire solution space, we offer a visually assisted approach to find

areas of interest, making the solution space accessible and interpretable before drilling into

individual clustering results.

With the density level and alpha scale space trees, we provide a novel approach to reveal the

effect of a single parameter change on the clustering solution while simultaneously exposing the

overall solution space. The tree-based design allows for a simple representation that conceptually

maps the cluster evolution to nodes and edges of a tree, showing which clusters will merge with

the parameter change.

By providing domain-specific validation views, such as a 3D spatial, 2D velocity, HRD, and

a configurable feature scatter plot. In addition to the 2D velocity scatter plot, our solution also

has histograms for each of the velocity features. That also includes the radial velocity. In total

that amounts to three velocity histograms. These views support users in assessing the goodness

of a clustering solution and building confidence in the outcome.

We implemented our tool to have a generic and reusable back-end, reusable for other front-

end projects. We created the front-end application like a central store that communicates

updates to multiple independent views. We integrated both into a docker setup, making it
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faster to set up and simplifying for us to introduce change. This allowed us to react quickly to

requests after the interviews and to tackle these requests in iterations. Additionally, our solution

can handle large data sets with near-immediate response times, using extensive pre-calculation

and caching techniques.

In individual interview sessions, we have tasked eight domain experts to perform five use

cases. We observed that without much intervention, they efficiently traversed the solution space

and validated clusters. We complemented each interview with a SUS questionnaire and feedback

form to collect scores and improvement suggestions. With a final score of 76.79 and very positive

feedback, we see great potential in helping astronomers detect novel clusters.

In summary, this work has contributed to the field of Astronomy and Data Visualization by

providing a new approach that facilitates identifying stellar groups in hard clustering scenarios.

The proposed method is effective and efficient and has the potential to be applied to various

real-world scenarios. We hope that our research will inspire further studies and improvements

in the field.
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Anderson, A. H. Andrei, E. Anglada Varela, E. Antiche, T. Antoja, S. Antón, B. Arcay,
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owski, T. Sagristà Sellés, J. Sahlmann, J. Salgado, E. Salguero, M. Sarasso, H. Savietto,

M. Schultheis, E. Sciacca, M. Segol, J. C. Segovia, D. Segransan, I.-C. Shih, R. Smareglia,

R. L. Smart, E. Solano, F. Solitro, R. Sordo, S. Soria Nieto, J. Souchay, A. Spagna, F.

Spoto, U. Stampa, I. A. Steele, H. Steidelmüller, C. A. Stephenson, H. Stoev, F. F. Suess,
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G. Gracia-Abril, G. Comoretto, M. Garcia-Reinaldos, T. Lock, E. Mercier, M. Altmann,

R. Andrae, T. L. Astraatmadja, I. Bellas-Velidis, K. Benson, J. Berthier, R. Blomme, G.

Busso, B. Carry, A. Cellino, G. Clementini, S. Cowell, O. Creevey, J. Cuypers, M. David-

son, J. De Ridder, A. de Torres, L. Delchambre, A. Dell´Oro, C. Ducourant, Y. Frémat,
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E. Livanou, A. Lobel, W. Löffler, M. López, A. Lopez-Lozano, D. Lorenz, T. Loureiro,
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Barache, U. Becciani, S. Bertone, L. Bianchi, S. Bouquillon, G. Bourda, T. Brüsemeister,
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