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Abstract

This dissertation investigates the usage of Exploratory Data Analysis
(EDA) in the biomedical domain. EDA was developed as a complemen-
tary approach to Confirmatory Data Analysis (CDA). While CDA mainly
uses statistical analysis to confirm scientific hypotheses, EDA uses
techniques like visualization to enable the exploration of data to guide
hypothesis generation.

This is illustrated using three approaches developed and published for
this dissertation. The first approach, squarely on the medical side of
things, ICUVA, uses EDA to explore the status of the homeostatic system
of a patient in an Intensive Care Unit (ICU) scenario. This status is
described by multiple different types of ICU measurements. Usually, the
course of these measurements across time is analyzed individually and
often simple visualizations like line charts are used to explore the data.
This is not feasible for more than a few measurements, without losing
the completeness of the situation. Thus, ICUA uses time-curves, which
embed the multi-variate data into a two-dimensional space to identify
points in time when the system as changes as a whole.

To understand phenotypes such as disease phenotypes observed in
clinical practice, the organism also needs to be analyzed on a molecular
level. Various types of biomolecules are relevant for characterizing a
phenotype. These molecules stem from different levels of gene-expres-
sion. Among those are transcripts, the messenger molecules copied from
genes, proteins, the molecules that are synthesized from this informa-
tion, and metabolites, small-molecules, like hormones, often produced
with the help of enzymes. These molecules can be mapped to biological-
pathways that describe how an organism works on a molecular level.
In the second approach, VisMOP, such data of biomolecules mapped to
biological-pathways is analyzed simultaneously by performing multi-
omics clustering. These clustered pathways are visualized as a clustered,
hierarchical graph where glyphs represent pathways and their multi-
omics measurements. Ultimately, this helps to find similarly regulated
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pathways which allows deriving hypotheses on how phenotypes are
established.

The associations of proteins, as they are present in biological pathways
can also be modeled as an association-network, commonly called Protein-
Protein Interaction (PPI)-network. PPI-networks can for example be used
to explore effects of defects in altered proteins on other proteins in the
network, which can be used to generate hypotheses on disease mecha-
nisms or other phenotypes. To facilitate such exploration, we developed
ProtEGOnist, a domain agnostic approach that utilizes an ego-centric
network layout to explore small world networks focusing on nodes-of-
interest. We demonstrated this on PPI-network data.

The discussion shows how EDA applications can be used in a complex
biomedical scenario, exemplified using the three presented approaches.
Additionally, challenges when implementing EDA-applications in an
academic settings are described. Finally, this dissertation addresses how
we coped with these challenges in the presented approaches.



Zusammenfassung

Diese Dissertation erforscht die Nutzung der Exploratory Data Analysis
(EDA) im Kontext biomedizinischer Daten. EDA wurde als komplemen-
tirer Ansatz zur Confirmatory Data Analysis (CDA) entwickelt. Wahrend
CDA hauptséchlich auf statistische Analysen setzt, um wissenschaftliche
Hypothesen zu bestatigen, nutzt EDA Methoden wie Visualisierung
um die Exploration von Daten zur Entwicklung neuer Hypothesen zu
erméglichen.

Dies wird in dieser Dissertation anhand dreier Ansitze aufgezeigt, die
im Rahmen dieser Arbeit entwickelt und publiziert wurden. Der erste
Ansatz, mit dem Namen ICUVA arbeitet auf Daten die deutlich in dem
medizinischen Teil des Spektrums biomedizinische Daten zu verorten
sind. Hier wird EDA genutzt um den Zustand des homdéostatischen
Systems eines Patienten im Kontext intensivmedizinischer Behandlung
zu explorieren. Dieser Zustand wird durch eine Vielzahl an unter-
schiedlichen Messungen beschrieben. Normalerweise wird der zeitliche
Verlauf dieser Messdaten durch individuelle, meist einfache Visual-
isierungen wie Liniendiagramme veranschaulicht und mit deren Hilfe
exploriert. In diesem Ansatz ist es mit steigender Anzahl beobachteter
Messereihen allerdings schwer das Gesamtbild nicht zu verlieren. Um
dies zu ermoglichen, nutzt ICUVA time-curves in welchen die multivari-
aten Daten in einen zwei-dimensionalen Raum eingebetten werden, um
so Zeitpunkte zu finden, an welchen sich das Gesamtsystem verandert.

Um Phénotypen, wie z.B. das Auftreten und die spezifischen Auspri-
gungen von Krankheiten, die in der klinischen Praxis beobachtet
werden konnen zu verstehen, muss der Organismus auch auf einer
molekularen Ebene analysiert werden. Hier sind sind unterschiedliche
Arten von Biomolekiilen zu beriicksichtigen, die aus verschiedenen
Phasen der Genexpression stammen. Dabei sind Transkripte, die Boten-
Molekiile die von Genen transkribiert werden, Proteine, die aus diesen
synthetisiert werden, als auch Metabolite, niedermolekulare Verbindun-
gen, die hiufig mithilfe von Enzymen produziert werden, zu nennen.
Diese Typen von Biomolekiilen lassen sich auf Stoffwechselwege, die
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beschreiben wie ein Organismus auf molekularer Ebene funktioniert,
abbilden. Der zweite Ansatz der in dieser Dissertation beschrieben
wird, VisMOP, analysiert Messdaten dieser Biomolekiile im Kontext
von Stoffwechselwegen mittels multi-omics clustering. VisMOP zeigt
so geclusterte Stoffwechselwege als einen geclustertem hierarchischen
Graphen in welchem Glyphen genutzt werden, um die enthaltenen Stof-
fwechselwege und die mit ihnen assoziierten multi-omics Messungen zu
visualisieren. Dies hilft schlussendlich dabei Stoffwechselwege zu finden,
welche dhnlich reguliert sind und damit Hypothesen aufzustellen, wie
spezifische Phéanotypen auf einer molekularen Ebene entstehen.

Die Assoziationen von Proteinen untereinander, wie sie auch in Stoff-
wechselwegen vorkommen, kann ebenfalls als Assoziations-Netzwerk
modelliert werden. Diese Netzwerke werden als Protein-Protein Interac-
tion (PPI) Netzwerk bezeichnet. Diese PPI Netzwerke werden z.B. genutzt
um den Effekt defekter Proteine auf andere Proteine und deren Funktio-
nen abzuschitzen und so Hypothesen zu Krankheits-Mechanismen und
anderen Phénotypen zu erforschen. Um genau diese Funktionalitit zu
bieten wurde ProtEGOnist entwickelt. ProtEGOnist ist ein Doménen-ag-
nostischer Ansatz, welcher Ego-zentrische Netzwerk-Layouts nutzt, um
small-world Netzwerke ausgehend von einzelnen Startknoten zu explo-
rieren. Im Kontext dieser Dissertation und der enthaltenen Publikation
wurde dies auch anhand von PPI-Netzwerk Daten aufgezeigt.

Die Diskussion der Dissertation beschreibt, am Beispiel der drei entwick-
elten Anwendungen, wie EDA Anwendungen in einem komplexen
Szenario verwendet werden konnen, die sich mit der Analyse von bio-
medizinischen Daten beschiftigen. Zusitzlich werden Herausforderun-
gen diskutiert, die wihrend der Entwicklung solcher EDA Anwendun-
gen in einem universitiren Rahmen auftreten kénnen. Schlussendlich
werden auch die Wege diskutiert, die genutzt wurden um mit diesen
Herausforderungen wihrend der Entwicklung der beschriebenen An-
wendungen umzugehen.

II
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“There is nothing better than a picture for making
you think of questions you had forgotten to ask
(even mentally)”

—John W Tukey and Paul A Tukey. [273]

E xploratory Data Analysis (EDA) has been a crucial step in scientific

research for nearly 50 years [274]. EDA is the exploration of the
data at hand using tools like visualizations to gather more insights into
the data to form hypotheses. It was proposed as an additional step in ex-
perimental research, where Confirmatory Data Analysis (CDA), focused
on statistical testing, is a commonly used approach [83]. In scientific
research, many observed phenomena are yet poorly understood and
the data is complex, including its generation and analysis. When trying
to characterize these phenomena, the experiments oftentimes result in
a vast amount of data generated without a clear and easily testable
hypothesis.

As CDA emphasizes statistical hypothesis testing, the lack of a clear
hypothesis often generates the need for an additional step beforehand.
EDA can be used in such cases by providing a framework to generate hy-
potheses from complex or unknown data in the first place [83, 275]. And
here in this process, as succinctly put by Tukey & Tukey [273], nothing
is better than a visualization. Poorly understood or newly encountered
phenomena occur in all domains of scientific research. In most domains,
data is highly complex, in part fostered by the ever-increasing capacity
to record and preserve large amounts of data. Biomedicine is a domain
in which this is especially true [165]. Here, massive amounts of data are
generated [205]. This is due to breakthroughs in data acquisition, like
high-throughput sequencing combined with the increased capabilities
of computational resources, as well as the ever-expanding boundaries
of the research space [69]. Biomedical research often finds itself in a
situation where an observed phenomenon and data gathered from it are
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available but where hypotheses are hard to come by. This is due to the
complex interplay of many biological systems and components making
it difficult to postulate hypotheses that are supported by theory [188].
Some researchers then feel the need to use underdeveloped, and ill-fitting
—with respect to theory—hypotheses to perform CDA. What they could
do instead in such situations is to have a look into the data, performing
EDA. Here visualizations can help using, among other things, the pattern
recognition capabilities innate to us humans [289, 290], to develop well-
founded hypotheses that they perform hypotheses driven experiments
on.

Visualizations have been used to explore data from all domains, includ-
ing biomedical data for at least 300 years [177, 191, 214, 218, 256]. But
manually drawn visualizations, that are per definition static, require time
and effort, thus limiting their use in exploratory analysis. However, the
usage of computers and with them, interactive visualizations, increased
the speed and ease with which new visualizations can be created, conse-
quently amplifying their exploratory capacity. This development made
visualizations a core tenet of EDA and a main driver for the exploration
process [274]. In contrast to statistical tests, and CDA in general [83],
most visualizations only have minimal requirements on the data. A sta-
tistical test requires a hypothesis and specific properties, such as specific
knowledge about which groups are dependent or independent, which
distribution underlies the data, or might be limited to a specific sample
size [83]. For EDA, when such things are not known, it might be helpful
to visualize the value distribution. There is a wide array of different
established visualizations fit for value distributions. One such example
is a histogram, for which a hypothesis is not needed, and the only
meaningful requirement is that the data points are quantitative. This
makes EDA an ideal first step in data analysis to generate a hypothesis to
then apply CDA on a fresh dataset [83]. These lenient requirements also
make visualization as a whole but also specific visualization techniques,
like the just mentioned histogram, easily applicable to a wide range of
scientific domains. The domains include, but are not limited to social



2.1 « Motivation

sciences [209], geography and demographics [8], as well as biomedical
research [213].

This wide applicability and usefulness also lead to the development of
the field of visualization as an independent research area. The develop-
ment of an independent research area also leads to the formalization
of many aspects. This includes how viewers perceive the world in the
first place [289, 290]. Special focus is given on how to graphically design
visualizations [271, 272]. Additionally, visualization research describes
the tasks that a visualization should support to be of analytical merit
[252] and how a user interacts with a visualization [251].

2.1 Motivation

In the biomedical domain researchers and other practitioners are often
confronted with situations in which the data stems from poorly under-
stood processes. Additionally, the analysis of such data is often a matter
of life and death, which can not wait for the development of conventional
analysis methods. Thus, biomedical data can be analyzed using EDA and,
as an integral part of it, visualization. Furthermore, biomedical research
and clinical practice go hand in hand in the current age of personalized
medicine [237]. The data generated, both in experimental settings and
in hospitals and medical practices, however, poses a challenge for data
analysis both due to increasing amount of data and its increasing com-
plexity [200, 205].

This is easily illustrated in the following highly idealized scenario. A
patient gets admitted to the hospital in critical condition, the priority
of the staff is to keep the patient alive. But while experience is valuable
and used in clinical practice to administer critical care, many complex
scenarios, like underlying rare or undiagnosed diseases, are still not
caught and treated accordingly [27]. With the increasing amounts of data
recorded bedside, EDA can be employed to thoroughly and quickly in-
spect the patient’s vitals. Combined with additional analysis techniques
and experience, this can lead to the discovery of the primary pathology.
This direction, as a first step, is one that many techniques try to tackle.

10
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Many visualization approaches in the context of EDA in the medical
domain are concerned with the visualization of so-called Electronic
Health Records (EHRs). EHRs are temporal, heterogenous—both in type
and amount of data—digitally stored records of patient-care [54]. Life-
Lines [213] and its successor EventFlow [179], for example, proved
to be very helpful tools for the exploratory analysis of EHRs. These
approaches have proven themselves so helpful, that its application
spreads beyond the scope of EHRs data analysis to topics only bordering
biomedical data [61], as well as topics outside the realm of biomedical
data, like the analysis motion capture data [24].

Usually only noticing the phenotypical abnormality in a patient’s vitals
is not sufficient to develop a treatment plan. In many cases, the pathology
might be caused by genetic abnormalities or conditions, which interfere
with the physiological metabolism of an individual. Personalized medi-
cine, thus, researches the patient’s genetic and molecular composition
using omics measurement techniques, which measure the biological core
molecules like DNA, proteins, and metabolites. These omics measure-
ments generate tremendous amounts of data, data which due to the
nature of the field, needs to be explored to generate a hypothesis for
what is the underlying cause of the patient’s disease. Many approaches
already successfully apply the concept of exploratory visualization to
the analysis of omics-data. One such approach can be seen in genomics
explorers like IGV [227], to navigate the genome of the patient, or
Xena [96], to inspect the genomes of cohorts of similar patients. They
help navigate through complex high-volume genome-sequencing data to
find and visualize, among other things, mutations in the genome, which
can be causal for genetic disease or hallmarks of specific cancers.

While some of those methods utilize de novo data, most approaches rely
on previous knowledge to relate the recorded data to. For this, years of
biological research generated a vast amount of relational information
about genes, proteins, metabolites, and their associated pathways, and
the role they play in the context of disease. For example, a protein might
be expressed in higher quantities than seen in the physiological, i.e., the
healthy, state. When this protein, however, is not known to be related

11
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to the observed pathology, a medical researcher can access databases
linking proteins to known or theorized interaction partners with more
documented information. One of the most widely used resources is the
STRING [174] database, which uses a network with weighted edges to
represent Protein-Protein Interactions (PPIs). Some of those databases,
like The Human Protein Atlas [276] also offer additional information
about the protein itself, like positioning in a metabolic pathway and
information about the tissue in which the protein is mainly expressed.
These databases contain large amounts of information in their own right,
and EDA can make the discovery of such interaction partners more
effective.

Even when these efforts are fruitful and the causal agent is found, it
still might not be known well enough for a medication to be available
that can effectively treat the disease. Analogous to biological databases,
pharmacologists generate databases of millions of potentially pharma-
cologically active molecules. Algorithms and filters exist to whittle
down the amount of potentially useful molecules for a given protein
in a process called hit-picking. The results, still in the thousands, are
oftentimes explored visually to generate a subset of laboratory-testable
drug candidates [22]. Here EDA, shows the potential to be used to high
effectiveness by allowing an exploratory workflow when performing hit-
picking, both for the initial filtering as-well as the final visual exploration.

This scenario effectively illustrates that EDA, and with it exploratory
data visualization, can be used at many entry points in the personalized
medical pipeline. It must be noted, that each of the outlined steps is
also an independent research direction in biomedical research and does
benefit tremendously from EDA.

2.2 Contribution and Outline

This work compiles the investigation into the potential of explorative
data visualization at multiple stages of biomedical research. This
research process includes bedside data acquisition, i.e., phenotypical
observations, multi-omic exploration of subject samples, exploring re-

12
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lated but already compiled knowledge about biomolecules, and even
the exploration of potential treatment options based on the interaction
with specific, oftentimes misregulated, proteins. For this, several distinct
exploratory visualization approaches and prototypes were developed.

This dissertation will first, in Chapter 3, examine the background of
the main application domain, visualization research. The chapter details
the history, design, and usage of visualization as a medium to convey
scientific data while special emphasis is put on how visualization is used
in the context of EDA.

With biomedical data-visualization, this work joins two related but dis-
tinct overarching topics: medicine and biology. Thus, the two domains
and the developed approaches are described in two separate chapters
(Chapter 4 & Chapter 5). These each contain the previously published
work and required background to put the approaches into context.

The first of these chapters will deal with medicinal data in the form of
EHR. For this, the approach ICUVA will be described (Section 4.2). ICUVA
is a visualization approach assisting medical researchers and, potentially,
clinicians to analyze complex patient states from highly multivariate
Intensive Care Unit (ICU) data [36, 37]. At its core is the idea that a
summarization of a set of vital parameters can be shown as a curve indi-
cating the general status of a patient. Changes in this curve then indicate
changes in the underlying status of the patient and might require action
from the care personnel. It was tested with on EHR data acquired by a
team of domain scientists in the experimental surgery department of the
University of Tiibingen.

The next stage in the outlined biomedical research pipeline—squarely
in the domain of biological data—is presented in the subsequent chap-
ter. This step is the inspection of the phenotype based on molecular
biological methods. Here, multi-omics data, consisting of transcriptomic,
proteomic, and metabolomic data act as the basis for the exploratory
visualization. Utilizing this, we developed an approach allowing the
integrative analysis of multiple omic measurements from experimental
data in the context of metabolic pathways, VisMOP [35] (Section 5.2).
As all biomolecule types in question can be mapped to those pathways,
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we then generated an interactive visualization, in which different detail
levels of metabolic pathways can be compared based on their biomole-
cule makeup.

Afterwards, we focussed on a specific type of biomolecule, as we
designed a visualization approach aimed at investigating PPI networks
from a target perspective [34] (Section 5.3). This means that instead of
viewing the PPI network from a global perspective using general net-
work metrics, we chose ego-centric exploration based on specific target
proteins. During the development of this approach, we made sure that
the resulting visualization offers general applicability to other domains
featuring small-world networks, such as social or transport networks.
These two approaches are then briefly discussed together.

Finally, Chapter 6 revisits the scenario presented in this introduction
in context with the described approaches and discusses the broader
influence of exploratory visualization on biomedical data analysis. This
includes both insights gained from the approaches developed during this
dissertation, and from other published work. Additionally, possible av-
enues for future research and development in the presented approaches
are outlined.
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VISUALIZATION

An Introduction



3.1 - Why Visualize?

isualization, as mentioned in Chapter 2, is the central technology

that enabled EDA in the first place. And at its core, visualization is
the non-written and non-verbal way of conveying information. Thus, it
does not only apply to scientific data in the way it is discussed in the
context of this dissertation, but to everyday life scenarios as well.

An intuitive example of information in need of visualization is given by
Tufte—who taught alongside Tukey [272]—in his book Envisioning Infor-
mation [271]. In a chapter aptly named escaping flatland, he describes
how data visualization can be used with two-dimensional display-media,
such as print or screen to communicate insights into multivariate data.
He illustrates this, among other examples, with a table of acts of crime
committed by prosecution witnesses in a mafia case. While normally the
defense attorneys would need to list all those in a lengthy monologue, the
joint display succinctly conveys the intended information: the witnesses
are criminals, and thus, not credible. He achieves this is using the simplest
form of data visualization, discounting the simple printing of values in
a list, a table. Using more sophisticated visualizations would allow for a
more nuanced way of conveying information.

However, abstracting multivariate data into two-dimensions is only one
challenge in the process of generating a visualization to convey complex
data. Owing to this, this chapter will discuss visualization as a discipline.
This means revisiting why data is visualized and then detailing the prin-
ciples and technologies that are used when designing and implementing
visualizations. In that way, this chapter will act as a primer for visual-
ization as a discipline For this, this chapter will draw upon the seminal
works of Tufte [270-272], Munzner [184] and Ware [289, 290]

While stated that the conveying of information is the main objective of
visualization, the question remains Why visualize? Because, as described
by Munzner[184], surely there are scenarios in which information can be
conveyed clearly using text (or speech) alone. The result of a statistical
test or from machine learning for example can be conveyed using a single
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number or a simple sentence. Oftentimes, however, especially when
there is no clear avenue to apply simple tests or algorithms it becomes
imperative to visualize. This is also the case when an initial question
concerning the data is missing, thus the importance of visualization for
EDA.

But even if we already have such an initial question, visualization also
can still be helpful, for example, by uncovering differences in seemingly
similar data. Here many visualization researchers, including Munzner
and Tufte show the poignant example of Anscombe’s quartet [11]. Here
Anscombe presents four two-dimensional datasets with identical descrip-
tive statistics, means, variances, correlation and identical regression
lines. The non-visualization, that is the “hard statistics” shows the iden-
tity between the datasets, by applying a simple visualization, a scatter
plot, Anscombe shows the different nature of the datasets. These exam-
ples were extended later on to produce arbitrary shapes with a higher
number of datapoints, for example one of a dinosaur [167]. While other
statistical descriptors allow for disambiguation, like testing the dataset
for fit to specific distributions, it is not always clear which descriptors
would be adequate when encountering data for the first time, harking
back to the initial problem of unclear analysis avenues.

In addition to the general question on “why visualize?” Munzner [184]
also defines the role of the human and the computer in the loop of
visualization, asking Why visualize with a human/computer in the loop?
This is especially important for EDA as the interplay between computer
and human in the visualization loop allows for interactive visualization.
Here the computer and human can split analysis tasks, depending on
their suitability for the strengths of the respective analyst. Humans can
utilize their previous knowledge and their powerful pattern recognition
and reasoning skills while offloading tedious or—with the scale of data
in the “modern” age—impossible jobs like filtering or calculations to the
computer. It then becomes imperative to briefly discuss the basics of
perception, i.e., what makes humans good or bad in certain tasks.
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Human perception encompasses multiple modalities, vision, audition and
tactition, among ones that are less commonly used to describe data, like
olfaction and gustation. It is quite obvious that the primary modality that
is used for visualizations is human vision. Visualization can be combined
with other modalities like acoustic signals, called sonification [76], or
with tactition by using haptics or by actually generating an object via
physicalization [124, 199, 201]. The other modalities like olfaction and
gustation are harder to integrate with visualization, as among other
things there is only limited and highly specialized hardware to convey
them [258]. This is in contrast to haptic force-feedback hardware found
in every smartphone or the ease of access to 3D-printers for physical-
ization.

A primary challenge in vision in general is the amount of visual data
available at all times. This amount is large, in part, due to excellent visual
perception capabilities of humans in many aspects, even compared to
many other animals[46, 92]. Aspects of this are the high spatial resolu-
tion and the high amount of perceivable colors of human vision. And
while humans have a rather narrow field of view, stereoscopic vision
adds complexity through stereopsis, improving depth-perception [222].

To overcome this flood of information, Ware [289] argues that instead of
retaining information of our surroundings in detail in our brain, humans
evolved to rather rescan information when it becomes relevant for a
given situation. But rescanning the overwhelming amount of information
alone does not reduce the load on the brain. For this, Ware mentions
a second mechanism: pattern recognition. By being good at analyzing
patterns, humans are able to assess which part of the information pre-
sented, in this case the huge amount of visual stimuli, is relevant to a
given situation.

Combining this pattern finding, with the rescan on-demand, humans
thus only need to place comparatively little information into their work-
ing memoryreducing the load on the brain allowing for the processing of
complex scenarios. For vision this leads to the notion of visual thinking
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which C. Ware [289] describes as “..a series of acts of attention, driving
eye movements and tuning our pattern-finding circuits”.

By being aware of visual thinking, visualization designers can leverage
the mechanisms of perception to create more effective visualizations. For
an in-depth description see the book Visual Thinking for Design [289].
Munzner uses the concept of visual thinking in her book Visualization
Analysis and Design [184] to provide a structured approach for designing
visualizations, which will be described in the following sections.

One way to design in a structured manner is the application of typologies
and taxonomies. They can, for example, categorize the data, the purpose
and the means of visualizations, to allow the (re-)application of estab-
lished concepts. Visualization Analysis and Design [184] builds on such a
typology introduced in the work of Brehmer and Munzner [33].

The typology is based on the three questions of What?, Why? and How?
With the first of those questions they devise describe What kind of data
is visualized. Why it is visualized, i.e., to which end. And of course How
the visualization is built and interacted with.

The first thing that is analyzed is the type of data present, the What?
For this description Munzner introduces three concepts, data, datasets
and attributes [184]. The data can take the form of several types like
items or links. A biomedical example would be proteins as items, or
interactions between those proteins as links. This type of data then
influences the type of the dataset, like tables, when items, for example
measured proteins, are simply listed, or networks, if the items are
connected in a mathematical graph. Finally, oftentimes the items are
associated with attributes, like protein mass in dalton. These attributes
are themselves further categorized based on their type, which is categor-
ical or ordered. Many attributes, often referred to as numerical data, are
ordered and quantitative. Continuing with the biomedical examples, one
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such attribute would be the molecular weight of proteins. Meaning that
a 10 Da, 1 kDa and 1 MDa protein can be brought into an order and
that the distance between them is proportional. Other attributes can be
ordered but do not have a proportional distance between them. A Likert
scale, common in usability-testing or surveys—disagree, neutral, agree
—comes to mind. And finally unorderable data, for example classes of
proteins enyzmes, Transcription Factor and Transmembrane Proteins, that
can be clearly differentiated, but that do not have any order associated
with them.

To illustrate how the What? then influences the choice or design of a vi-
sualization we choose two of the previous examples concerning proteins.
It would be very feasible to use a histogram to display the distribution of
proteins, for example the total set of proteins expressed in an organism,
by molecular weight. Trying to use the protein classes instead of mole-
cular weight as a histogram would be impossible, as histograms require
quantitative data. Yet, using a pie chart for the protein classes would be
a better choice for categorical data.

The next question asked when analyzing or designing visualizations
using the framework proposed by Munzner is the question, which tasks
does—or should—the visualization support [184].

For this systematic ways of describing tasks are used. In visualization
research there are a wide variety of task taxonomies and typologies of
varying degrees of detail. The typology used by Munzner is a general
purpose typology applicable to almost any visualization. In general
this typology utilizes Action-Target pairs to split the tasks into. Actions
describe what act is performed in the task, while target refers to a
data characteristic to be acted-upon. In the previous example a possible
Action-Target pair would be Discover Extremes, when having a look at a
histogram of protein molecular weights.

This kind of very general and low-level task typology—the same holding
true for taxonomies—often becomes less useful in domain-specific visu-
alizations where the described tasks are commonly higher-level tasks.
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There are for example task taxonomies for network visualizations [152],
or even for biological pathways [185], and genomic visualizations [196].
Framing tasks and analyzing visualization in such a structured manner
can help find aspects of a visualization, for example specific interactions,
that make the required tasks easier to perform.

As discussed here and in more detail by Munzner, the What and the Why
fundamentally influence How a visualization is displayed [184]. In order
to communicate how things are visualized, Munzner utilized several
categories.

The most important one is the fundamental graphical primitives the
marks [184]. Marks are zero-, one-, two- or three-dimensional objects
like points, lines areas or volumes. Here it is imperative to use the correct
mark for the data present. For example, a visualization designer should
be careful not to use marks that visualize more attributes than the dataset
actually contains. A common pitfall would be using an area mark where a
point would suffice, as in area marks the area usually implies meaning. In
order to style the marks, different channels are used. The used channels
are fundamental aspects of the visualization like positioning or color
of a mark, among others. Channels can be grouped in two categories,
magnitude and identity, which should be used on ordered or categorical
data respectively.

Channels are not created equal, meaning the members of both types
of channels have different abilities to convey information. Here, two
additional concepts are introduced by Munzner, the expressiveness and
the effectiveness principles [184]. Expressiveness means that data must
express what is present in the data and must not express what is not
there. Here a straightforward example is the usage of a line graph for a
set of categorical variables, where the line implies continuity between
neighboring categories that is not there by definition. Effectiveness on the
other hand means that the data variables, which should be emphasized
the most, should be awarded the best channels.
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But what means best in this case? Munzner ranks different channels
by their effectiveness, i.e., how good information can be conveyed by
a given channel [184]. The primary indicator, for magnitude channels,
is the accuracy, ie., how linearly changes in perception are tied to
changes of the input stimuli. This ranking is influenced by psychophysics
theory [261] and other empirical studies [52, 111].

For example, for ordered data, Munzner ranks positions on scales, as
used in scatter plots, the highest, along with other common channels like
length—think bar charts or box plots [184]. A lower-ranked channel is
angle, for example found in pie charts. Other channels especially color,
luminance and saturation, rank among the worst, paired with curvature
and volume. These differences can be traced back to basic perception
psychology. Here volume is a particularly low-ranking, as the human
ability to gauge volumes, and differences in volumes is known to be
rather poor, that is, non-linear [87].

Besides the accuracy, the three other aspects Munzner fields are:
separability, discriminability, and the ability of a channel to cause pop-
out [184]. Separability applies to both magnitude and identity channels
and depends on the interaction of channels, i.e., how well can one
read the information conveyed by a channel in the presence of another
channel. For example, trying to encode values on both the saturation and
the luminance will typically lead to interference, making it difficult to
read any of the encoded values.

Discriminability is a self-interference measure, i.e., how easy it is to dis-
cern different marks using the same channel. That means poor discrim-
inability requires more intense binning when using magnitude channels
or, when using an identity channel, the need to reduce the amount of
visualized categories. Here a well known-example is the usage of color
hues encoding categories, were ideally less than 12 different hues should
be used [109, 184]. Sometimes, however, it is possible to mitigate some
discriminability problems by utilizing an additional channel. An example
is the use of jitter, which is the introduction of positional variance in a
previous unused direction. It is often used in categorical scatterplots (see
Figure 1) to avoid overplotting in regions of high mark-density.
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Figure 1: Encoding data ® with marks and channels reveals properties of the data
®. Using horizontal jitter, overplotting can be reduced to interpret the data ®.
Using aggregation, data in dense regions can be summarized without loosing much
information @.

Finally, the ability to pop-out can be an indicator of a channel’s effec-
tiveness [184]. This factor mainly applies to identity channels and can
be considered an immediate and drastic form of discriminability. Here
a channel is used to allow viewers of a visualization to quickly select
a single item from a group of items. It should be noted, that similar to
discriminability, the combination of channels can decrease the ability
of a channel to cause the desired pop-out. These aspects are especially
important when we consider that, depending on the type of visualization,
the chosen marks are usually shown in large quantities.
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Sometimes, however, encoding data onto a single mark-channel combi-
nation is not representative enough of the process. That is, the data is
too complex to encode it with a single type of mark without causing
interference or occlusion. To alleviate this Munzner describes two
basic approaches [184]. Faceting, which includes related techniques like
superimposition, linked views and small-multiples and Reducing, which
combines aggregation and filtering.

The basic goal of reduction [184] is to reduce the amount of elements
shown as to not clutter the visualization, confusing the viewer. When
talking reducing, the easiest approach is naturally to just not show spe-
cific data, for example by filtering. For that, however, the visualization
designer needs to have some insight into what is shown or what regions
of the visualization are of interest.

So to minimize data loss it might be a good idea to instead aggregate
data [184]. Aggregating means, that a new datum is derived from
multiple elements. A straightforward example is the box-plot. One can
easily visualize several hundred data points in a scatter-plot, but this
will cause considerable cluttering. By aggregating the data into a single
glyph, that is a complex mark containing several basic marks, we can
reduce this clutter while stile retaining much of the original information.
In this example (see Figure 1) by showing a box indicating quantiles, with
whiskers indicating the distribution and single marks showing outliers.

The other way to reduce clutter, if the space needed for the visualization
allows it, is faceting [184]. Here multiple visualizations are designed to
visualize different aspects of the data simultaneously. With these, view-
ers of the visualization can utilize their pattern recognition to quickly
switch between the visualizations depending on what aspect of the data
they’re interested in. Using the box-plot example, a designer could just
as well generate one simple visualization for one aspect, e.g. the mean or
the median of the items with a bar-chart, and another one, a histogram
for each bar to describe the value distribution (see Figure 2).
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@ @

Figure 2: Showing the mean of two distributions as a bar-chart @, while juxtaposing
the values of those items as a histogram of the same distributions ®@.

If a visualization is not cluttered superimposition can be used [184]. This
means that another visualization—or combination of marks and channels
—is overlaid on top of the first one. A straightforward example would be
the superimposition of a regression line on top of a scatter-plot.

Up until now the rules described mainly are concerned with what we
would call plots that are—and were—commonly found in print or other
static content. However, especially the techniques to accommodate more
data, as described above, requires the designer to make considerable
decisions concerning the message conveyed when applying them in a
static context.

To shift this choice from the visualization designer to the viewer, which
in this case would be the analyst in the scenario of exploratory data
analysis, it is better to employ such visualizations in the context of
interactive visualization systems. At the core of such systems is the
interaction between the user and the visualization, which can be one or
more coordinated views.

Let’s consider the example from before (Figure 2). When using a bar-
chart visualization, with a somewhat large number of bars, to display
means of some dataset, showing a distribution for each bar requires
either a lot of space, when faceting, or causes clutter, when superimpos-
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ing the distributions on top of each other. If we rethink this example
as an interactive visualization, it would be easy to just construct two
linked views, faceted plots that react to changes caused by interaction.
Here the bar-chart can act as a selector chart to switch between different
histograms showing the distribution of the respective datasets. This
principle can then be, of course, applied to many of the aspects discussed
earlier, like filtering or aggregation. Even changing the fundamental
building blocks of a visualization, the marks and channels, is a possibility
to enhance the analysis capabilities.

The most powerful use of interaction is, however, when they are
combined into multi-level exploratory visualization. Here, the Visual
Information-Seeking Mantra described by Ben Shneiderman becomes
very important. It states: “Overview first, zoom and filter, details on
demand” [252].

But what does that mean from a visualization design perspective? It is
applicable to very common scenarios, such as browsing and zooming a
digital-interactive map, where integrating concepts of the Visual Infor-
mation-Seeking Mantra [252] is straightforward, and the benefits are
obvious. However, it is also very useful when being confronted with a
scenario in which its integration is not as straightforward. One scenario
is high-dimensional biological data, where it is not always clear what
constitutes the overview, how to zoom, and which attributes should be
used for the details on demand.

The first part, the overview, should contain all data but not in their raw
form but rather in an aggregate or summarized fashion. This allows to
detect a region of interest, which does not have to be an actual spatial
region, in the larger dataset. In a next step, viewers of such a visualization
will want to investigate this region of interest in more detail. Here zoom
and filter makes its appearance. Zoom should not always be taken in a
classical graphical sense, that is magnifying a specific part of the visual-
ization to increase detail. Although, such a literal zoom is sometimes
used, it is used more often in a metaphorical sense, for example by
(partially) undoing aggregation operations. To avoid the inevitable visual
clutter, less-interesting parts of the data can be filtered out. As a last step,
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even more detail can be shown for the aggregated data. This can be the
full extent of the original data point, summarizing statistics, related data
points or the like. The type of displayed information is, just as the other
two stages highly dependent on the domain and the aim of the analysis.

From a practical point of view, there are several options to present such
a multi-level visualization. In situations like the digital map mentioned
above, using one view with interactive zooming to visualize the overview
and the zoomed version can be useful to maintain the viewers’ mental
model, a space in which the viewer changes distance to the object of
interest. In other cases, where the connection between the overview
and the zoomed-in version are more abstract, it can be better to used
faceted linked views. Similarly, the desired details can either be shown
as additions to the zoomed in view, think hinting connections to other
objects in a graph or as context menus and tooltips. Alternatively, they
can be shown in a separate coordinated view, like a dynamic table.

Without discounting the reasons on why to visualize, one should not
discount the possibility of visualizations failing and resulting in worse
results than if other means of conveying information were used. For
example, it has been shown recently [169], that visualization can cause
a false sense of security when evaluating risk scenarios. Sometimes,
visualizations are not created convincingly enough, which can sabotage
important messaging and have real-life consequences. Tufte presents
such a case, the infamous Challenger disaster, in which ineptly created
visualizations hindered communications of research-engineers and deci-
sion makers, ultimately ending in tragedy [270].

Additionally, Tufte introduces two other concepts, one of the data-to-
ink ratio and the related chart junk [272]. In essence by avoiding ink
—in the current age more likely non-background pixel color—that is not
based on data we, at the least, avoid bothering the viewer with non-
data, and at best, avoid the viewer reading into this chart junk. Chart
Jjunk is the addition of elements to the visualization that do not add any
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additional information [272]. An often seen example of chart junk is the
(unjustified) usage of 3D elements in infographics [184]. At the forefront
of this non-pattern is the infamous, 3D-piechart. Here the added volumes
to the pie do not add any new information and even worse, causes people
to perform bad when trying to decipher the shown proportions [253]
—or as people are not particularly good at using pie charts in the first
place [254], worse than bad.

Alot of pitfalls are covered by rules of thumbs, such as the ones presented
by Munzner, stated by the visualization community over many years and
projects [184]. Many of those pitfalls can be avoided by not violating
rules outlined on How to visualize. By adhering to principles of good
expressiveness and effectiveness visualization can avoid readers missing
an important message because a subpar channel was used, or drawing
unwarranted conclusions because of a channel mismatch to the data.

Of course, these “mistakes” can be performed deliberately to misguide
viewers [272]. This technique even leaves open the avenue of plausible
deniability. Thus, it is all the much more important for people to stick to
good visualization practice, which is easier using (somewhat) formalized
frameworks, to make such intentional failures more obvious.

While theoretical considerations are an important aspect of how to visu-
alize, practical aspects are oftentimes equally important. The following
section details why the works described in detail in this thesis, i.e.,
ICUVA (Section 4.2), VisMOP (Section 5.2) and ProtEGOnist (Section 5.3),
are realized as interactive web visualizations.

Web technologies like Hypertext Markup Language (HTML) and
JavaScript (JS), as well as other key standards defined by the World
Wide Web Consortium (W3C), and the ubiquitous availability of those
technologies on devices, allow interactive visualization to be available
to large number of people, which made interactive visualization a main-
stream phenomenon. In this regard, web technologies makes it easier
to make research prototypes available along with their publication.
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One example of this can be seen in the TueVIS server (https://tuevis.cs.
uni-tuebingen.de), which hosts several research prototypes of multiple
research groups at the University of Tiibingen, like ProtEGOnist, which is
part of this work.

An especially important development was the introduction of Scalable
Vector Graphics (SVG). At their core, SVGs are instructions to draw
shapes. Thus, their main benefit to raster graphics is, that they scale to
the desired display resolution. And while this increases the fidelity of
visualizations on the web it does not make its creation easier, thus not per
se helping the dissemination of visualization to the masses. What does
make the creation of visualizations easier, the encapsulation of common
marks into higher-level instructions. So instead of drawing a rectangle
as a series of four lines, the higher-level instruction of a rect can directly
be drawn with a position and vertical and horizontal dimensions.

Combining this way of rendering items and the programmatic access
to the Document Object Model (DOM) and with it parameters of an
SVG allows programmers to generate SVG elements from data. This
fact spawned the development of the JS library d3.js [29]. d3.js used the
concept of encapsulation in higher-level by supplying functions directly
binding data to DOM-elements. This allows for interactive visualization
by providing transitions when the data changes. Additionally, d3.js also
supplies a wide variety of even higher-level instructions for shapes or
axes and even layout algorithms among many other things.

And while rudimentary control elements can be created using d3.js it was
not explicitly designed for the generation of User Interface (UI)-elements.
However, in order to supply interactive and ideally exploratory potent
visualizations, it is imperative that they are designed in a way such
that users can easily interact with it, i.e., good Ul/User Experience (UX)-
design. And as Ul-design is a whole discipline in of itself it is not really
feasible for visualizers to design each Ul element themselves. Thus, the
obvious thing is to draw upon tested components, similar to delegating
rendering to the browser via SVG.

Such tested components are found in so-called front-end frameworks.
Among the most tried of these frameworks are Vue [1] and React [78],
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which were used in this work, both featuring large ecosystems. Integra-
tion with those frameworks goes far beyond simple Ul design and indeed

concerns with almost all aspects of the visualization design for web-
browsers.
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4.1 Fundamentals of Medical Data

Medical data is data that describes patients or population health. As there
are many facets of what constitutes health and just as many methods to
assay it the resulting data are very heterogeneous. For example blood
might be analyzed to check for nutrient deficiencies or ultrasound may
be performed to check for gallstones, resulting in numerical or image
data, respectively.

This data is often compiled digitally in Electronic Health Records (EHRs)
to give a comprehensive insight into a patients state. Amongst others,
EHR includes two important subgroups of longitudinal data: Event-type
data and vital-type data [285]. An example for event-type data is a visit
to a doctor’s office with a diagnosis—an event that then can be recorded.
This doctor might then refer the patient to a specialist, like a cardiologist,
for further treatment. Consequently, the specialist visit is also recorded.

During the cardiologist appointment vital-type data, for example pa-
tients Electrocardiogramm (ECG) might be recorded. An ECG records
the currents used to innervate the heart—in its function as a muscle
pump [45]—and thus can be used to draw conclusions about coronary
health. This, longitudinal, vital-type data is added to the EHR to give
quantitative information about the patient. Additional examples of this
vital-type data are common blood tests to determine inflammation values
or signs of infection, or basic parameters like lung function, heart rate,
and blood pressure.

It is apparent that this type of vital-type data varies in complexity.
Some parameters can be understood and analyzed without any further
processing like heart rate and blood pressure. Other types of vital-
type data, however, need either very specific equipment or substantial
processing of the data to be of any analytical value. This includes things
like the already mentioned blood test values, which are not performed by
laypersons or even doctors but by laboratory personnel. To make sense
of the data recorded by the laboratory personnel, doctors then need to
interpret this data to gauge the relevance and impact on the patients’
health.
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An additional aspect that has to be considered when interpreting medical
data is the quality of the data. While the data in research settings is
oftentimes of high quality, this cannot be said from day-to-day clinical
work. One aspect of data-quality is the amount and completeness of
data recorded. For example, in an experimental medical setup, the
experimental design requires the data to be as complete and consistent
as possible, often requiring replicates to allow for statistical evaluation.
While in clinical reality data amount and data completeness collected in
an ICU scenario are of little concern, as the main objective is ensuring
the patient’s wellbeing via ad-hoc-monitoring and not for post-hoc-
analysis to further medical research. Also, experimental procedures are
oftentimes performed on animal surrogate models [141], which do not
need the same adjuvant treatment, altering the recording of the vitals,
which would be the reality of actual, real-life, clinical data recording.
So any post-hoc-analysis approach, like an EDA approach, would need
to accommodate for different realities concerning data availability and
quality. Additionally, data is not recorded with the same frequency, e.g.,
heart rate is recorded continuously while blood-gas-analysis is only pre-
formed every few hours, at best. This makes many analysis techniques
more difficult, as not every point in time has the same amounts of data
available.

In general, solutions exist to address the data quality and availability
issues [23]. The techniques, however, must also be appropriate for
the medical-field, where wrong assumptions can have negative conse-
quences. For example, in many sciences, interpolation is used to fill short
holes in the data or predict trends if data is only recorded for a smaller
segment. Interpolation, however, always uses assumptions to create data
that was not actually recorded. Thus, in the medical field it can be
better to utilize simple methods like the last recorded value, or using the
closest-value, or not using interpolation at all while being aware that this
introduces some degree of bias [21, 23].

While medical research can have multiple objectives, oftentimes corre-
lating patient outcome with EHR and/or vital-type data is at least part
of the story. For example, both types of data can be utilized to compare
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the patients with each other or groups of patients to characterize a
patient’s condition. This was the focus of a scoping review performed in
conjunction the Hochschule Mannheim [239]. Even though we primarily
focused on vital type-data in the ICUVA publications [36, 37], there were
a host of synergistic effects concerning knowledge acquired during the
development of ICUVA as well as new perspectives gained from the
scoping review for future work in the ICUVA-project.

34




Chapter 4 « MedVis

Visual analysis and comparison of multiple subjects

96 h Recording at
Subjects in Intensive Care Unit 0.0003-2 Hz Visualization of overall state progression and details for single subjects

Figure 3: Our visual analytics application for multivariate medical data applied to
data obtained during an experiment with porcine subjects attached to multiple
medical devices in an intensive care unit. The overall state progression over the
set of measurements per animal is shown as time-curve-inspired plots. A line
plot showing a selected measurement and small multiples composed of selection-
dependent line plots allow for state comparison and in-depth analysis. For an
ensemble of multiple subjects, a time curve boxplot allows to compare subjects.

4.2 ICUVA - Visual Analytics of Multivariate Inten-
sive Care Time Series Data

This Section contains previously published text

The following text, figures, and tables were published as [36] N.
Brich, C. Schulz, J. Peter, W. Klingert, M. Schenk, D. Weiskopf,
and M. Krone. 2022. Visual Analytics of Multivariate Intensive
Care Time Series Data. Computer Graphics Forum 41, 6 (September
2022), 273-286. https://doi.org/10.1111/cgf.14498. Minor changes
were made. These are the removal of the abstract, the funding infor-
mation as well as the inclusion of the material previously placed in
the supplementary material.

\ J

In a modern clinical setting, patients in an ICU are closely monitored
by multiple medical devices. This multitude of measurements has to
be communicated for interpretation, either to medical personnel for
progressive analysis (monitoring), or—as in our context—to medical re-
searchers for post-hoc analysis (experiments). Humans have difficulties
aggregating more than three quantities, especially under the presence
of uncertainty [99]. However, multiple parameters are often needed to
provide an overall impression of the condition of a patient. Only consid-
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ering a combination of changes in multiple parameters will hint toward
important transitions of the whole homeostatic system. For instance, in-
dividual parameters might seem uncritical if considered independently,
but in conjunction, can indicate an imminent circulatory shock. Ideally,
an illustration of the patient state would be based on the entirety of
time-varying interacting variables, without having to rely on a set of
specific, pre-defined parameters. Moreover, such an approach would
reveal high-dimensional processes clearly without being overly specific
and still provide fine-grained details on demand. In practice, one of the
primary problems with multivariate time-varying data is the conceptual
and physical limitation of straightforward visualization techniques: most
established approaches, such as scatter plot matrices, do not scale well
enough to support the assessment of more than a few variables due to
visual clutter and required mental effort to draw the right conclusions.
In response to this observation, many expert users resort to univariate
visualization techniques and (over-)simplifying derived characteristic
quantities that take little advantage of the human visual system. In this
work, which is an extension of an earlier workshop paper [37], we pro-
pose a visualization approach that facilitates the exploration and analysis
of multi-dimensional, time-dependent ICU data based on time curves [15,
74], small multiples [272], and comparative views for an ensemble of
subjects. We showcase our approach using real-world data obtained
from an experimental surgery study performed on a porcine surrogate
model (Figure 3). To compute our time curves, we have analyzed various
projection techniques regarding their suitability for our application.
Additionally, an unsupervised machine learning model—a Convolutional
Variational Autoencoder (CVAE)—was implemented to better account
for non-linearity and uncertainty in time curves. To disambiguate self-
shadowing and resolve occlusion of the time curve, we implemented a
linked 3D visualization in which the time curve is visualized in a space-
time cube. Different coloring modes for the time curve facilitate tracking
single variables and connecting trends in the overall patient status with
these variables. To compare patient states and drill down into details,
our application allows the user to select multiple data points in time
that, together with a user-defined temporal context, are then shown
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using small multiples. To quantify the similarity of changes of a specific
variable at different time points, the point-to-point Pearson correlation
can be shown. The contributions within our web-based visualization
application can be summarized as follows: the visual analysis approach
to high-dimensional and time-varying ICU data, the adaption of various
visualization techniques using z-score and data-depth-based statistics to
ease outlier analysis, a domain-driven generative data model to evaluate
the applicability of various Dimensionality Reduction (DR) algorithms to
ICU measurements, and a discussion containing expert feedback as well
as an outlook for clinical surveillance.

4.2.1 Related Work

Although the visualization of high-dimensional and time-varying data
has been investigated intensively and has been reviewed in many
extensive surveys [4, 136, 157], it is still an active area of research.
Classical multivariate visualizations such as parallel coordinate plots and
scatter plot matrices are either a poor fit for visualizing multivariate
time series, or only suitable for specific tasks like finding correlations
between single variables. Thus, tailored task-driven visualization meth-
ods are needed [184] to facilitate an effective visual analysis of complex
multivariate time-varying data. Since we are dealing with a number of
time-varying input dimensions exceeding the capabilities of classical
multivariate visualization, we briefly review suitable approaches.

Dimensionality Reduction

DR methods compute a low-dimensional representation from high-
dimensional data, which are often easier to visualize and interpret than
high-dimensional data. A typical example of this is Principal Component
Analysis (PCA)[120, 206], which computes a linear projection based on
variance. Another widespread technique is Multi-Dimensional Scaling
(MDS)[28], which optimizes for representing high-dimensional distances
in a low-dimensional space. Generally, there is neither a perfect solution
nor a uniquely defined global optimum for globally preserving distances.
Thus, many techniques that use neighborhood information instead of
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distance have been developed. A popular example is the computationally
expensive t-Distributed Stochastic neighbor Embedding (t-SNE) [164],
which optimizes using entropy, generally leading to a misrepresentation
of global distances in the embedding. However, t-SNE and other non-
linear techniques excel at separating clusters. A more recent approach
is Uniform Manifold Approximation and Projection (UMAP)[172], which
aims at reducing this misrepresentation of distant data points by using
a Riemann manifold. Vernier et al. [281] investigated a wide variety
of drs regarding their feasibility towards multivariate temporal data.
Our application guides the data-driven choice of DR technique, based
on approaches from research on quantification and visualization of
projection error [114, 245, 286]. To gain a better understanding of the
overall suitability of the DR techniques for our application, we use
a domain-specific generative data model for evaluation purposes [241]
(Subsection 4.2.4, Subsubsection Dimensionality Reduction). Vernier et
al. found evidence that variational autoencoders [139] are a suitable
choice for DR of multivariate temporal data. Since it depends on the data
and the research question which of these approaches is most suitable,
our application offers the choice between linear (focusing on temporal
change) and non-linear techniques (focusing on clusters).

Visualization of Multivariate Time Series

Our medical visual analysis application was inspired by several tech-
niques to visualize multivariate time series that leverage DR: Jaeckle et
al. [122] use temporal MDS to project non-temporal dimensions into a
single dimension while retaining one display dimension for the mapping
of the time component. This results in an optimal depiction of the
progressing time, but impedes the distinction of different states, since
they are plotted on only one axis. As we want to provide an intuitive
overview of differences in patient states, the utilization of the two major
axes for non-temporal components seems like a better choice. Bach et
al. [15] concurred with this assessment and developed the time curve
concept. They used metric MDS to project the high-dimensional data in
two dimensions while illustrating the temporal succession by connecting
consecutive points using a Bézier curve. A similar approach was previ-
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ously presented by Bernard et al. [25], who used PCA. Concurrently
to Bach et al,, van den Elzen et al. [74] developed a similar technique
to visualize the temporal evolution of graphs. These techniques can
be classified as connected scatter plots, which follow the same idea of
connecting temporally consecutive data points, but do not use DR and
date back to 1790 [108]. An example is the work of S. Grottel, J. Heinrich,
D. Weiskopf, and S. Gumhold. [100], who map time to line density in
traditional scatter plots and parallel coordinates. Recently, time curves
have been used by Hinterreiter et al. [117] to analyze solutions in prob-
lem-solving tasks. We adopt the concept of time curves and integrate
it into our exploratory data analysis application. Due to the oscillating
nature of the ICU data, we extend the original concept of time curves
with filtering. We use this filtering step to declutter the data—and,
consequently, the resulting visualization—and to remove outliers. Our
application can handle not only single data sets but also multiple ones to
compare the ensemble members. For the analysis of multiple data sets,
we extend the time curve visualization with the notion of data depth
and curve boxplots [178]. Data depth acts as a measurement to describe
how central a single data point is within the whole data set: the higher a
data depth, the more central a given data point is [58]. While data depth
was already successfully applied to time series [162, 163], we explore the
application of this concept to time curves.

Medical visualization

Ordonez et al. [198] explored the usage of star charts for visualizing ICU
data. While this works reasonably well for a small number of variables,
visual scalability is limited. In the course of the increasing digitalization,
the visualization of electronic health records (EHR) has gained much
attention. Zhang et al. [304] proposed a visual analytics framework that
unifies EHR information for use in emergency rooms. While it also shows
time-varying multidimensional data, their approach is not scalable and
assumes discrete patient states and transitions, not numerical measure-
ments. Similarly, Rind et al. [225] presented a tool for the visual analysis
of long-term medical records of patients with chronic diseases. Their
application case is different from ours since the data is more sparsely
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sampled over much longer periods of time. Ten Caat et al. [42] introduced
the concept of tiled parallel coordinates for multichannel EEG data.
While their data is more similar to ours, they just have multiple sensors
of the same type that all measure at the same frequency. They also use
aggregation over the whole measurement time, which is not suitable in
our case.

4.2.2 Medical Background

In this section, we summarize the experiment we used to evaluate our
approach and the required clinical background knowledge [141, 211,
212]. Preliminary research showed insufficient knowledge regarding
the assessment of the volume state in clinical practice for hospitalized
patients. The Volume-Need-Analysis“ (VNA) study was conducted to
answer research questions regarding the reliable assessment of volume
states in a clinical context. One such question is whether it is possible
to predict states and potential problems by observing measurable quan-
tities of the organism so that doctors can proactively intervene, instead
of being forced to react. To this end, a set of ICU devices commonly
found in a clinical context was used to obtain the measurements.
However, the setup was far more comprehensive than a regular setup
in a hospital, providing almost complete knowledge about the volume
state of subjects. The VNA study was conducted using 10 fully anaes-
thetized pig surrogates in accordance with ethical guidelines. In total,
the experimental setup measured roughly 250 parameters (all of which
are vital-type data as described in Section 4.1) over roughly 4 days each,
with two experiments being ended prematurely. Recorded parameters
include a variety of cardiovascular parameters such as blood pressure
and heart rate, blood gas analysis results such as ion and carbohydrate
concentrations, as well as general parameters like weight and diuresis
volume. Initially, the animals were given defined amounts of fluid using
intravenous infusions to reach an increased fluid state. Then, fluid
supply was stopped, and the body fluid was reduced through diuretics.
The fluid state was assessed at defined states by performing a variety
of tests. All measurements were collected from a set of nine devices
via manufacturer interfaces or wiretapping. While some devices sample
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adaptively, the average sampling rate varies between 1/3599 Hz(blood gas
analysis) and 1-2 Hz (bedside monitors). All devices are synchronized to
an accuracy of approximately one second.

4.2.3 Requirements

The measurement data already defined the quantity structure (see Sub-
section 4.2.2) therefore, we can focus the requirement analysis on the
functionality. The high-level goal of our collaboration is to provide an
orthogonal approach to visual analysis of individual measurements. In line
with our experts, we argue that a loss of information to gain insights
into high-dimensional processes is justifiable: as our primary use case
is the post-hoc analysis of ICU data, our system cannot cause harm to
the subjects. Thus, the following goals and requirements were defined
iteratively during multiple design sessions and on-site meetings together
with our medical domain experts:

R1 The main objective is to be able to tell whether the patient is in
a stable state or not. Since a patient does not necessarily have to
be within the ideal parameter ranges, communication of change
rates and state comparison is more important than absolute
values.

R2 Both the aggregate of change and individual changes can be of
interest. Therefore, the visualization application should allow
for both a top-down and a bottom-up exploration of the data.

R3 Robust statistical methods should be used to guide the search
for interesting patterns and relevant behavior—some parameters
are heavy-tailed distributed and oscillating.

R4 Medical researchers have high expectations regarding sanity-
checking and explanation of phenomena due to the nature of
the medical domain—easy interpretation without a strong math-
ematical background is of major interest.

R5 It should be possible to put individual patients in the context
of an ensemble to assess if a patient is representative or excep-
tional.
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4.2.4 Visualization of ICU Data

Our goal was to combine several visualization approaches in one appli-
cation tailored to medical experts. In this section, we describe the
techniques we use as components and their adaption to our specific
application. In accordance with the visualization pipeline [181], this in-
cludes data cleansing, an evaluation of DR algorithms, and a description
of the visual mappings, which consist of filtered time curves and small
multiples composed of line plots for in-depth analysis and comparison
of patient states, as well as time curve boxplots for ensemble analysis
(Figure 3).

Data Cleansing and Preprocessing

We cleanse the data beforehand to remove measurement errors. We
remove erroneous samples using a list of user-defined error codes, filter
inaccurate samples, and remove categorical time series and those that
have a constant value. To identify and remove outliers, we have explored
various techniques, such as the Savizky-Golay filter [238] that approx-
imates a variable using a polynomial. While this filter removes severe
outliers, it also introduces artificial values and thus conflicts with R4. We
opted for a z-score-based filter that classifies values as outliers that are
not contained in the hull spanned by the moving average and standard
deviation. All considered DR techniques require a uniform sampling, i.e.,
all components of a high-dimensional point have to be defined. Due to
the high variance in sampling rates, a simple downsampling approach
would lead to massive loss of data. In line with recommendations from
our medical experts, we do not use interpolation to fill in missing
values since this would introduce a possibly invalid assumption about
the measured quantities. Therefore, we unify sampling rates across all
time series. Given a user-specified sampling rate, we down-sample time
series with a higher sampling rate than the chosen one and up-sample
time series with a lower sampling rate, respectively. Missing values are
filled via forward-filling (i.e. the last valid value is used until the next
valid value is reached). Our medical experts approved of this strategy. If
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a measurement starts at a later point in time, we apply backward-filling,
as there are no earlier samples available.

Dimensionality Reduction

Time curves project a time-varying high-dimensional space into a two-
dimensional space, where time is not part of the DR, ie., (¢,R")
(t,R?). Time is added again after the DR by connecting the points in
chronological order using lines. Therefore, we had to choose a suitable
DR technique. To evaluate the DR, we use a generative data model [241],
since the data from the VNA experiment contains unknown trends and
patterns. Our data generator emulates the properties of the expected
real-world multivariate time series using a combination of sinusoidal
functions and piecewise linear ones. To justify the validity of our gen-
erator, we refer to the parameter range of the devices used during the
experiment, as well as expert feedback. Thus, the resulting time series are
representative of experimental measurements, as they contain variables
with repeating patterns of varying frequency and amplitude (e.g., pulse,
respiration) in conjunction with aperiodic, linearly changing quantities
(e.g., temperature, weight). This approach allows us to establish a link
between the parameters of the generative model and the output of the
DR algorithm. This link is established through an evaluation metric: for
PCA, it is the length of the first two components; for MDS, it is stress.
For non-linear techniques, interpretation of the resulting dimensions is
inappropriate. This form of sensitivity analysis would not be possible
using only a few data sets with unknown properties. Moreover, the
generative data model helps us to do sanity checking and allows users
to familiarize themselves with the application using easy-to-understand
data (R4). For evaluation, we generated six synthetic time series. To
model physiological processes, which often exhibit oscillating behavior,
the synthetic data sets are sinusoidal curve ensembles with varying
frequency, amplitude and phase. Generally, we found that MDS using
Euclidean distances represents long distances better than short ones,
causing the beginning and end to be slightly deformed. Note that we
used metric MDS with the SMACOF algorithm [153], which—in contrast
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to classical MDS [267]—differs from PCA. Moreover, MDS tends to
introduce loops that are not present in the data, which might be caused
by non-optimal flipping and rotation while iterating (unfavorable local
optima). PCA, on the other hand, shows the oscillating behavior of the
data while separating dissimilar clusters of time series. We investigated
the influence of varying frequency, amplitude, and phase (model parame-
ters). We found that amplitude and phase had little impact on projection
quality, while varying frequencies quickly degraded projection quality
(Figure 4).

While both metric MDS and PCA are linear techniques, we suspect that
suboptimal preconditioning leads to favoring PCA. Considering both
aspects, we rate PCA as the suitable default and more defensive choice
for DR in our application (R3). This is in line with van den Elzen
et al. [74], who used PCA to facilitate interpretation of the resulting
dimensions, and t-SNE for the analysis of clusters. When a more cluster-
oriented approach is desired, we offer UMAP as a non-linear DR method.
It yields comparable results to t-SNE while exhibiting a more desirable
performance profile.

CVAEs are an unsupervised machine learning method utilizing an
encoder-decoder architecture, each consisting of several layers, and a
variational constraint connecting the encoder and decoder. Our data
preparation and layer design is inspired by Ali et al. [5] and the Keras
documentation [47]. Similarly to Ali et al., we partition the multivariate
data set into snapshots, i.e., fixed time intervals with a stride of one. The
encoder component reduces the snapshot with each succeeding layer
of nodes until a bottleneck is reached, which forms the latent space
of the representation. Symmetrically to the encoder, the decoder takes
input from the latent space and, with succeeding layers, reconstitutes
the original amount of dimensions. The reconstituted snapshot is then
compared with the original snapshot using the mean square error (MSE).
The quality of the training is expressed by the reconstruction loss (i.e.,
MSE) and the entropy loss (here, the Kullback-Leibler divergence). Mini-
mizing those losses using a gradient descent allows the autoencoder to
learn the multidimensional structure of the data set, encoding it in the
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Figure 4: Extract from the measurements of our dimension reduction evaluation.
(@) The plot shows the influence of variation of model parameters with increasing
amounts of standard deviation (SD) on the x-axis for MDS and PCA. Visually
speaking, SD is the degree of deviation around an ensemble of randomly chosen
centroids. The y-axis shows the percentage of maximum remaining variance not
embodied by PC1 and PC2 for PCA, and the percentage of maximum stress induced
by MDS. Varying frequency is the decisive factor for projection quality with both
Afethods. The frequency histograms at SD 0.1 (b) and SD 0.9 (c) over t/5 are shown
for reference.
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Figure 5: Schematic of the normalization and PCA projection for multiple subjects.
@ Subjects are normalized individually using a z-transformation. @ The data frames
are concatenated and ® PCA is subsequently performed on this concatenated data
frame ensuring identical loadings allowing comparison of individual subjects.

latent space. Due to the layer architecture, an autoencoder can represent
non-linear structures, which contrasts it to PCA. Training means fitting
the entire data set in this context. Accordingly, the resulting latent
space represents the entire data set as a set of variables that contain
a notion of compressed and simplified (dis-)similarity of the original
data points. Since our bottleneck is variational, our latent space models
Gaussian distributions, i.e., mean and standard deviation. This allows
compensating for a certain amount of fuzziness, making the training
process more robust. To obtain a visualization from this latent space, we
employ PCA. Note that adding a CVAE does not improve results per se:
convolution is a great tool for analysing oscillating signals but has to be
taken with a grain of salt when applied to variables without meaningful
spatial relationship [281]—even though there can be correlation. Thus,
we apply the convolution only on the temporal axis. In summary, our
application offers three different DR methods to allow for three different
analysis paths: PCA maintaining global distances and relations, CVAE in
combination with PCA to leverage its non-linearity to accommodate for
highly complex regions in the time curve, and UMAP for cluster analysis.
The ensemble analysis (R5) requires a collective DR of multiple subjects.
Here, we apply z-transform individually to each subject prior to DR. The
DR is then performed for all subjects at once, allowing for comparisons
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Figure 6: Time curves for subject VNAOO4 with constant width and color-coded
density (left), and with data point density in proximity encoded as width (right). The
curves are color-coded according to the time since the start of the measurement.
Both curves are filtered using the average of a moving window. The background is
colored by point density (I | high to low).

of subjects (Figure 5). Consequently, and for a meaningful comparison,
the same set of dimensions must be used for each subject.

Time Curve visualization

Filtering The DR algorithms embed each multi-dimensional data point
of the data set into a two-dimensional space. To obtain a time curve,
these 2D data points are connected in chronological order. Since all DR
algorithms emit rather cluttered time curves for real-world as well as
generated data, it became clear that we had to reduce the complexity of
the curves to cope with visual clutter. Therefore, we smooth the emitted
data using a Bartlett-window moving average. The width of the moving
window determines the degree of smoothing, which can be adjusted
by the user. Obviously, filtering introduces a loss of information (R4).
Hence, we devised different ways to compensate for this loss of infor-
mation. One option is to encode the density of data for a given region
before smoothing with color (Figure 6 left). We use a Gaussian kernel
in conjunction with kernel density estimation to generate a smoother
density visualization. This map allows assessing how many time points
lie in the proximity of a time curve segment and, thus, enables the viewer
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Figure 7: Left: Expected value coloring shown on systolic blood pressure. User-
supplied expected value ranges for the variables are used for coloring. Right:
Change point coloring shown on heart rate. color change (m/ ) illustrates that
the preceding and succeeding intervals are substantially different for the chosen
variable.

to draw conclusions about the velocity of changes in the system. The
other option is a mapping of variables onto the width of time curve itself
(Figure 6 right).

Space-Time Cube Time curves often self-intersect, which can make it
difficult to follow the course of the curve. To remedy this problem, we
also render the time curve in a space-time cube. Space-time cubes are a
common representation in geospatial visualization to show the temporal
progression of a path on a map by using the third dimension to display
time. However, while the space-time cube helps to alleviate this specific
issue, it also has inherent problems [14]. Thus, we only use the space-
time cube as an auxiliary view alongside the planar time curve to support
getting a more complete understanding of the state progression through
the 3D visualization (see Figure 11). To improve spatial perception, we
render the curve in the space-time cube as a shaded tube and add a grid
as well as a shadow of the curve on the bottom plane. Temporally evenly
spaced perpendiculars originating at the curve further add to the spatial
perception.

Color Mapping We use the color channel to map additional data values
in both planar and 3D time curve representation. Two ways of mapping
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the elapsed time to the curve were implemented: one showing the
time using a sequential color scale, and one using a discrete quantized
scale. Two further color modes map derived values to the time curves
that enhance the analysis (see Figure 7). In the first mode, the user can
supply a value range per variable (R2), which represents the expected
—or desired—value range for a healthy subject. The time curve can be
colored per variable, with upward and downward deviations displayed in
discrete percentage increments. Alternatively, a combined mode for all
variables is available that colors each time point according to the variable
that exhibits the strongest deviation. The second additional color mode is
a change-point-based coloring. At change points, the trend of a variable
becomes different from earlier time segments. This allows for a direct
comparison of the overall patient state and whether an observed change
in overall patient state coincides with a change point in a given variable
(R1, R2). The change points of each variable are calculated using the
Ruptures package [269].

Time Curve Boxplots and Scarf Boxplots

When plotting multiple time curves in a single visualization, the result
is often dominated by visual clutter even for relatively low numbers
of curves. Especially the overlapping curves are challenging to assess,
rendering it difficult to see which one of the curves is representative.
Therefore, we extract a representative hull that encloses a centrally-
outward ordered share of curves. To establish this order, we resort to a
class of order-statistical metrics called data depth [58] that describe how
central an element is within an ensemble. In this context, centrality can
be understood as representativeness. We use a metric called functional
band depth [163], which builds on functional bands. A functional band
B, consist of k > 2 functions f,,.(t € I') with restriction interval I:

Ji
By, ( f = {(t,y) ite Lrghigc] fir®) <y < Jnax fir(t)} L
A function lies between other functional bands if it is enclosed by
the respective minimum and maximum values, as shown in Figure 8.
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Figure 8: Schematic of functional band depth. The band ( ), indicating the

most representative functions (bounding functions, ). The blue (M) function is
included, i.e., belonging to the group of most representative function, whereas the
red (M) one is not included, and thus is less representative for the ensemble of
functions.

Formally, we can count this condition using an indicator function x with
true = 1 and false - 0 to define band depth D,, ;..
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This formula first counts how often a function f; is contained in bands

B

J=2

of length I. The number of actual inclusions is then put in relation to the
possible ones. The process is repeated from bands of length 2 to up to
bands of length k. A smaller k is more sensitive to variation, whereas a
larger k is the more resilient to small fluctuation. Note that Equation 1
can also be expressed as a convex combination, which emphasizes the
enclosing nature of the isosurfaces that can be defined on this metric,
i.e., our enclosing hull. While data depth has been used to reduce visual
clutter and design boxplots for quite some time [178, 264], it has not been
applied to dimension-reduced curves yet. In this application, the calcula-
tion of the functional band depth is performed on the high-dimensional,
z-transformed data. The enclosing hulls are then generated, according
to the order established by data depth, from smoothed time curves after
DR. Figure 9 shows our time curve boxplot that covers the 50% and 80%
quantile of most representative time curves, allowing the omission of all
time curves included in this quantile. Consequently, recognizing which
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Figure 9: Visual metaphor of the boxplot as applied to time curves. The cluttered
view of eight time curves is simplified by representing curves as areas correspond-
ing to different quantiles: The 50% quantile (M) corresponds to the box of the
boxplot, while the 80% quantile ( ) corresponds to the whiskers. The orange (m
) time curve is the most representative one (by functional data depth), and thus
corresponds to the median line in the boxplot.

curves are outliers and which ones are representative for the whole
ensemble is easily possible. Figure 9 shows this concept applied to an
ensemble of eight curves. By showing the two quantiles (50% and 80%)
and the most representative curve (which corresponds to the median),
we follow the well-known design of a standard boxplot.

As the containment of a curve in the box area not only depends on
being at the correct position, but on being at the correct position at a
specific point in time, it becomes difficult to judge when a given curve is
not included in the curve box area. Hence, we provide an accompanying
scarf boxplot (Figure 10) that depicts box inclusion over time, with dark
grey and light grey markers indicating the inclusion in the respective
quantile. Since the scarfs are temporally aligned, it is easy to judge when
a curve is representative and or not in comparison to other curves.

Details Using Small Multiples

The purpose of the time curve visualization is to give an overview of
the progression of patient state (R1). While it allows for identifying
potentially interesting points in time, it is not intended for a detailed
analysis of individual parameters (R2). Given the unavoidable projection
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vna004
vna001
I vna007
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Figure 10: Scarf boxplot illustrating representativeness over time from left to right
for each subject that is not included in the inner quantile box plot area. colors and
labels correspond to the ones in the main time curve boxplot, while the dark grey
(m) and light grey (m) markers indicate inclusion in the respective boxplot area.

Figure 11: Overview of the single-subject mode (right) and expandable menu (left).
The time curve shows patient state progression (top left; 2D time curve plot ® and
space-time cube ®@). An auxiliary line plot shows a single time series, with time in
hours ®. Three samples are selected (l, M, and M) to showcase linking. Dark grey
lines and markers with custom lables are used to annotate intereresting point in
time (e.g. peaks in specific measurement variables). The small line plots ® shows
superimposed time intervals (in seconds) based on selected points, for one selected
variable each; the width of the bar in the auxiliary line plot corresponds to the,
identically colored, time segment in the small line plots. The shown variables can
be selected freely from the variables used for projection. The correlation table ®
compares two points in time that are indicated as red markers in the auxiliary view
and the 2D time curve.

error, loss of information, and the sanity checking requirements (R4),
we show details on demand in small multiples of unprotected data
dimensions. Thus, an auxiliary line plot that depicts values over time and
several small line plots allows for easy superimposition of small time-
spans. For each line plot, the user can select a different data variable in
a drop-down menu. Users can select between 1 to IV points on the time
curve or auxiliary plot. Each selected point corresponds to an identically
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colored polyline in each of the small line plots. Respective time series are
centered to the selected time point, showing backward and forward tem-
poral development of the data (Figure 11). The user can select the time
delta that is used for the abscissa. The temporal interval is also drawn
as a semi-transparent window in the auxiliary line plot (Figure 11). This
allows the user to get an impression of temporal change in individual
dimensions by comparing the values at different points in time. It also
allows for comparing the progression of different data dimensions and,
consequently, to infer interdependency and correlation. The line plots
relate to requirement R2, since they facilitate the individual inspection of
each line plot while the small multiples view also allows for investigating
localized trends and patterns.

4.2.5 Description of the visualization System

We implemented our visualizations described in Subsection 4.2.4 as a
client-server web-based application. Costly calculations are performed
server-side while the presentation of the results is facilitated client-
side. This enables access from different terminal devices—a scenario
commonly found in a hospital setting. The server was implemented
using Python. The Flask framework [229] was used to communicate
with the HTMLS5 client page. For data filtering and sampling, we use
Pandas data frames [173]. Keras [47] and Tensorflow [2] were utilized
for the CVAE, while scikit-learn [207] was used for PCA. The client-side
visualization and UI was built with the Vue.js framework, and the D3
library [29]. For the WebGL-based rendering of the 3D space-time cube,
Three.js was used. The system features two distinct views: the first view
is meant for analysing a single subject and offers features for an in-depth
post-hoc analysis. The second view offers comparative visualizations
for an ensemble of multiple subjects Figure 11 shows the single-subject
mode. The collapsible menu to the left is used to select a data set and
configure most of the visualization pipeline including data selection,
processing, and choice of DR technique. This mode features a patient
state progression visualized as a filtered time curve and space-time cube
visualization, a large auxiliary line plot, and four small selection-relative
line plots. A drop-down menu above the time curve visualization allows
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for the selection of a variable that is encoded onto the width of the
time curve. Alternatively, constant width and spatial point density can
be chosen. A second drop-down allows the user to choose between the
color modes explained in Subsubsection Time Curve visualization. The
filled circle (o) indicates the starting point of the curve, the dotted circle
(®) the endpoint. To scrutinize the progression of individual variables,
a large auxiliary line plot is shown below the filtered time curve. The
visualized variable can be chosen in the drop-down menu above the plot.
Right of the time curve visualizations, small selection-centric line plots
are shown. All plots are linked views that support hovering and selection
as well as annotating time points with labels. Selecting points on either
the time curve or in the auxiliary line plot will determine the point
in time that is shown in the small selection-relative line plots. These
plots show the temporal surroundings of the selected time points over
the chosen variables. In addition to the four small multiple line plots, a
second way to compare segments of the curve was implemented: a pair of

time points on the curve can be selected (red markers ® in Figure 11). The
Pearson correlation coefficients are calculated for each variable of the
two selected points over an equally-sized window (R3). The coefficients
are listed in a table, which can be sorted by correlation or significance.

The multi-subject mode has an analogous menu for data loading and
selection, with additional inputs for the quantiles of the time curve
boxplot computation. The main view is a time curve plot showing an
ensemble of (filtered) time curves as well as the time curve boxplot. It
supports toggling the visibility of individual ensemble members and the
enclosing curve boxplots (Subsubsection Time Curve Boxplots and Scarf
Boxplots). To further inspect a specific subject, the user can switch to the
single-subject view of this subject by selecting it in the legend. Since the
superimposed time curves depict the similarity of the samples instead
of a temporal alignment, we added a scarf plot below the time curves
to illustrate box inclusion over time. It only shows subjects that are not
included in the inner quantile range. Thus, representativeness can be
analyzed both in terms of values and time.
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Figure 12: Juxtaposition of the time curve and the net-weight of the subject over
the whole 94 h @ and shortened to the last 62 h ® and their respective auxiliary
time-series line-charts (® and ®). Time curves smoothed were with a window size
of 150 (Figure 6 shows the same curve with a windows size of 50).

4.2.6 Results and Discussion

In this section, we detail several examples and investigations that show-
case that our presented visual analysis approach is a promising tool
for medical research concerned with ICU data. We also highlight how
these use cases relate to the user requirements. For the single-subject
mode, a set of 82 parameters from the data described in Subsection 4.2.2
was used. For the multi-subject mode, we present the results for nine
animal subjects (one animal was omitted due to short experiment dura-
tion) using a set of nine relevant parameters each. We also evaluated
the applicability of our approach to other ICU data sets using publicly
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available data from PhysioNet [95]: MIMIC-III-Waveform [125, 180] and
MGH/MF-Waveform [292]. We also investigated the potential of our
visual analysis approach by gathering feedback from our domain experts
during development and by conducting structured feedback interviews
with independent medical professionals.

Single-Subject Mode

Figure 12 shows the filtered time curve of subject VNA004. The most
prominent feature is the significant and rapid change in status during
the first 20 hours, indicated by the comparatively small temporal change
as shown by the small change in color and the large difference in
state (patient stability: R1). While it is difficult to pinpoint, our medical
experts have identified this segment of the curve as the onset of anaes-
thetics and the implantation of measuring devices that put a strain on
the homeostatic system of the animal. Using the auxiliary plot and the
small multiples (R2), we could identify several variables (e.g., heart rate,
glucose, and blood pressure) that might explain this rapid change in
the time curve. The dense region at the end of the time curve signifies
that the patient state does not change as drastically anymore but only
fluctuates slightly around a stable state.

During the VNA study, all subjects were infused with high amounts of
liquids over an interval to be then depraved of liquids. This change can
be seen in the continuous weight monitoring. The points at which the
administration of liquids is either started or stopped leads to noticeable
bends in the time curve. As shown in Figure 12, three of the five admin-
istration changes are in a hairball-like region, roughly between hour 32
and 94. In these 62 hours, the observed subject reaches a stable state,
indicating that the variables do not change considerably. This stabiliza-
tion can also be seen in several variables (e.g., heart rate, glucose, and
blood pressure).

To disambiguate the hairball, the time curve was restricted to this
temporal window of 62 hours (see Figure 12, right). The aforementioned
bends in the time curve can be narrowed down to the fact that the
amount of liquids excreted from or added to the organism are substan-
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Figure 13: Artificial oscillations induced in 8 (top left) and 16 (top right) of the 82
variables of VNA0O4 lead to loop-like patterns in the resulting time curve, while
the rest of the curve changes only marginally. This test shows that time curves are
a robust and intuitive approach for the analysis of time-varying multivariate data.

tial (2.7kg and 8.3kg), straining the organism. Thus, it is expected
that the state as a whole—represented by the time curve—will show a
noticeable reaction (R2). To test our approach more systematically, we
enriched the VNA data set with patterns corresponding to—exaggerated
—scenarios encountered in real life. One such scenario is the sudden
and repeated change of a few variables, e.g., a rapid increase in heart
rate. A sudden change in some variables should lead to deviations of
considerable magnitude at the corresponding positions. This is simulated
by enriching an interval in a subset of values with sinusoidal functions
(Figure 13, bottom). These should produce periodically similar patient
states resulting in periodically similar positions in the time curve (i.e.,
loop-like structures). The peaks induced by the oscillations should
indicate a substantially altered overall state, leading to noticeable devi-
ations from the original time curve trajectory. This effect can be seen
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Figure 14: VNAOO4 data set repeated five times. While the 2D time curve exhibits
heavy self-occlusion leading to a loss of information, the space-time cube clearly
shows the temporal progression of the five identical parts of the concatenated data.

in the marked segments in Figure 13, which also shows that the effect
is amplified when increasing the number of variables that are simulta-
neously enhanced with sinusoidal patterns. Another scenario concerns
repetitions in patient state, e.g., large-scale cyclic behavior. To simulate
such behavior, a data set was replicated and concatenated, so that it
contained multiple identical copies of itself. DR was performed as usual.
As expected, identical patient states are plotted at identical position, and
thus the expected time curve exhibits cyclic patterns (Figure 14).

To demonstrate the applicability of our approach to other ICU data with
different, more general characteristics, we applied the single patient
analysis to data from PhysioNet [95]: the MIMIC-III waveform data
set [180] and the MGH/MF waveform data set [292], which are openly
available measurements of typical parameters recorded in daily clinical
routine. While the MIMIC-III data set spans longer time-frames (long-
term intensive care), the MGH data set spans only shorter time-frames.
This displays the ability of our presented application to handle different
types of data, especially with regard to varying length of the time series.
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Figure 15: Analysis of a patient record from the MIMIC-III data set using our application (patient: p042075, 15 variables). The
time curve exhibits a strong peak (1) caused by a peak in two out of three ECG recordings (one is shown below). After these
two variables are excluded, the bifurcated structure is revealed more clearly (), which is at least partially caused by the oxygen
saturation, as the bifurcation becomes less prominent after removing the SpO2 variable. Lastly, two loop structures are visible
(m,m). While one (M) can be removed by excluding two variables containing blood pressure data, the last one ( B ) seems to

be induced by multiple variables, warranting further inspection.
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Figure 16: Time curves for VNAOO4 created using UMAP (left) and our CVAE model
coupled to PCA (right). See Figure 6 for PCA.

Figure 15 showcases an exemplary analysis of a ~150 h patient record
from the MIMIC-III waveform data set using our presented application.
When all 15 variables are included in the projection, a prominent peak
can be seen (Figure 15, ). Using the auxiliary plots, we explored the
variables and found possible reasons in two ECG records. After these
records were removed, this peak is no longer present, supporting the
hypothesis that these two were the reason for the peak. Several other
features now become more prominent: a bi-partition of the whole
structure, and a deflection of the time curve (H and M respectively).
We analyzed these features in the same way as the first peak, revealing
oxygen saturation (SpO2) and blood pressure as the main candidates for
these features. Removing the oxygen saturation led to a less pronounced
partition of the curve, while removing the blood pressure removes the
loop. Afterwards, a last prominent loop-like feature can be seen (M),
which, however, can not easily be related to a single variable but instead
traced back to a combination of multiple variables. This could indicate a
medically significant, complex process, warranting further exploration.

We also compared time curves generated using only PCA (Figure 6)
to ones using CVAE coupled to PCA and UMAP (Figure 16). The most
notable feature is the change in the representation of larger distances.
While PCA correctly identifies the first few hours as a phase of drastic
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change, it does not show the smaller changes in the later phase partic-
ularly well. CVAE as well as UMAP also correctly identify this early
trend, however, due to their non-linearity, scale it down. This allows for
a higher resolution of the more fine-grained changes in the later stage.
While this leads to a more pronounced visualization of smaller changes
when using the CVAE, the linearity of PCA might make it easier to
judge global similarities. UMAP typically generates more pronounced
local clusters along the time curve compared to CVAE. Hence, the users
can choose between the methods in our application, based on their
preference.

Multi-Subject Mode

As shown in Figure 9, the time curve box plot allows the user to
assess the representativeness of the subjects (R5). Figure 17 shows the
multi-subject view, where each time curve represents one of the nine
animal subjects. Six of these nine subjects (Figure 17b) were part of a
temperature control experiment [212]: B and [ had no active temper-
ature control management, l and M had their temperature adjusted
manually by ICU staff using a hot air blanket, Bl and B were subject to
automated temperature control using a hot air blanket. As subject # had
areduced experiment duration of 57 hours [212]—compared to 69 hours
for the remaining subjects—the analysis is also restricted to this 57-hour
window. The group for which the temperature was not actively adjusted
(M and ) exhibits rather different progressions of their respective time
curves (Figure 17c). The time curves of the manually adjusted group (
B and W) show a more similar trend (Figure 17d). The progression
of the subjects with automatically adjusted temperature (M and M) is
the most similar (Figure 17e). Although temperature is only one of the
nine included variables, it seems that the subjects can be grouped by
the applied temperature adjustment. Actively adjusting the temperature
may improve homeostasis management, which is in turn visible in the
time curve representing the organism’s state.

The feasibility of the multi-subject mode was also tested on a subset of
the MGH/MF waveform data set [292] consisting of 16 patients (mgh002-
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(a) (b) (c)

(d) (e)

Figure 17: (a) An ensemble of nine animal subjects shown as filtered time curves.
(b) The six subjects that were part of the temperature control experiment. (c) Sub-
jects B and m: no active temperature control. (d) B and B: manual temperature
control. (e) M@ and m:automated temperature control. Each time curve results from
the same nine parameters of each subject.

mgh021, with mgh012, mgh014, mgh017, and mgh018 being omitted due
to missing variables). As the data contained events assumed to be appli-
cation and removal of the measurement devices, heavily skewing the
projection, the tool’s functionality to restrict the time series was used
to cut off the beginning and end of the time series. When displaying
the complete time curve ensemble, cluttering is prohibiting any analysis
(Figure 18, left). Our proposed time curve boxplot visualization can be
used to declutter the visualization significantly, while still retaining some
information, like the identity and shape of the most representative curve
(Figure 18, center). Inspection of the outliers—time curves that are not
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Figure 18: Ensemble of 16 patients from the MGH/MF data set. A naive overview
of all time curves is quite cluttered (left). Our time curve boxplot (Center: combined
with the most central time curve; right: only outliers) allows for detailed analysis
based on functional data depth. Bottom: Scarf boxplot showing detailed informa-
tion about the inclusion of the curves for the respective quantile hulls.

wholly contained either of the percentile ranges—shows that not only
spatial but also temporal inclusion are of relevance when calculating
the functional data depth (Figure 18, right). The scarf boxplot below
visualizes the true extents of inclusion in the respective hulls, both
temporal and spatial. It reveals that the yellow curve showing subject
mgh020 is quite often within the 50th percentile range, but only for
very short durations, which might be an interesting aspect suggesting a
more detailed inspection of the individual variables. The orange curve
representing subject mgh013 is always in the 80th percentile range but
only rarely in the 50th one, suggesting that this patient might be overall
more dissimilar to the most representative patient, but has no strong
occasional deviations like mgh020.

Expert Feedback

To estimate the utility in clinical practice, we collected feedback from
our expert co-authors as well as four medical doctors from the local
university hospital. The latter were neither involved in the development
of our application, nor had any other contribution to this work. They
saw our tool for the first time in the feedback session. The feedback
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Table 1: Questions asked at the end of the structured feedback sessions.

How is such data currently analyzed? Which programs or which workflow exists so far? Would the tool
help with such data?

Does the tool help you to make a statement about the stability of the patient/subject? If yes, how (which
views/visualizations)?

Are there functionalities or visualizations that helped you in solving the tasks? What aspects did you enjoy?

Are there functionalities or visualizations that were not useful to complete the tasks? Were there aspects
hindering you in completing the tasks?

Do you think that the tool would help you to get more details about the different readings/vital parameters
at one or more time points starting from the overall condition of the subject, or rather to learn more about
the overall patient condition starting from one specific aspect/measurement at one time point? (Or both?)

As initially mentioned, noise, measuring errors, and outliers are filtered in the beginning. Do you agree with
this approach?

Is it good to see exactly the measured data in the plots, that is, to see the last available measured values
at each point in time? Or would an interpolation of the data be better so that one sees a smooth curve?

What additional features or plots would be helpful? Is there anything else you can think of?

from these experts was collected in structured feedback sessions of
about one hour each, in which they were given introductions, performed
three tasks, and were asked eight questions. During the tasks, we used
a think-aloud protocol. In the first task, the users were presented with
a projected time curve with two distinctive points selected and were
asked to find possible reasons for this behavior, essentially performing
a top-down workflow (R2). The second task was set up for a bottom-
up workflow, with a distinctive point being selected in a single variable
using the auxiliary line plot. Finally, the users were presented with the
multi-subject setup described above and were asked to evaluate if the
temperature groups defined by the experimental setup can be validated
by the time curves course.

The eight questions were designed with the requirements in mind to
get a measure of the general usefulness of the tool (see Figure 19 for
screenshots of the prepared starting points for each task and Table 1 for
the questions asked).

Overall, the users clearly understood the presented time curve as a
representation of the overall patient state and its progression. All users
mentioned its primary benefit in the use as a patient overview, as the
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Figure 19: Initializations of our application for the three tasks executed by the
medical domain experts during the structured feedback session.

tools and workflows mentioned as current clinical practice (e.g. Excel,
SPSS) mainly utilize single parameters, often reduced to a few statistical
key figures (i.e., mean and median), making it difficult to judge the overall
patient state. One of the independent experts explicitly noted that such a
visual analysis tool is “exactly what we need”. They rated the combination
of detail plots (auxiliary and small multiples) and time curve as highly
usable to judge the overall stability of a patient (R1). While the users
understood the general concepts of the DR methods, several of them
pointed out that—in part due to the complexity and unfamiliarity of dr
—some training is needed to fully exploit the potential of the system,
especially if it was to be used in a live environment. All users were also
successful in judging the stability of patients when used in a multi-sub-
ject scenario (R5). One expert noted that, due to time constraints and the
large amount of generated data, retrospective analysis rarely happens in
clinical practice, although it would be important. They reckoned that the
fast overview provided by our application—especially the time curves
—could enable more frequent retrospective case analyses, which they
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expect to be highly useful. The top-down approach was favored by most
users. However, all users were also successful in using the bottom-up
approach. One user even preferred this way of working, indicating the
functionality of both approaches (R2). When asked about the handling
of missing data, the users generally either had a strong preference for the
chosen method (Subsubsection Data Cleansing and Preprocessing, R4),
or did not have a clear preference, mentioning pros and cons for either:
our approach and smooth interpolation. Furthermore, clearly communi-
cated and user-controllable filtering was strongly preferred as well, as
even values perceived as “faulty” could yield helpful medical insights.
One user noted that curve visualizations, especially as space-time cubes,
are not commonly used for ICU data in the medical domain. However,
they were shown to be beneficial for solving complex tasks in other
domains [146]. In general, the additional auxiliary functions (i.e., space-
time cube, correlation view, and color/width modes) were less frequently
used. However, some of the experts explicitly noted that they consider
them interesting and useful and presume that they would apply them
more often after more extended use. Nevertheless, only two of them
rated the space-time cube as not useful. Regarding possible additions, the
inclusion of the value corridor in the auxiliary view (as already imple-
mented by color-coding for the time curve) was mentioned multiple
times. Multiple users reckon that it would be beneficial to allow for the
display of multiple variables in the auxiliary plot. Some users expressed
the need for a guide to more easily find variables that exhibit significant
features for time points selected in the time curve. In conclusion, our
application shows high potential and acceptance by medical experts, not
only for the post-hoc analysis of experimental data, but also for fast
and convenient retrospective analysis. Based on the expert feedback we
collected, it seems to satisfy the increasing demand for analysis tools to
cope with the increasing data output and complexity of medical surveil-
lance devices.

4.2.7 Conclusion and Outlook

We presented a web-based visual analytics application for multivariate,
time-varying ICU surveillance data. Due to the large amount of data, a
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comprehensive view on the patient state progression is quite difficult
and traditional visualizations like line charts fail to adequately present
the data. Our application uses DR to visualize these high-dimensional
data as time curves to provide an overview of this progression of the
patient state over time. The time curves are shown as a 2D plot and in
a space-time cube. Since ICU data can have missing or erroneous values
and parameters with varying sampling rates, we extended the time
curves using filtering and smoothing. To prevent misinterpretation of
the smoothed time curve and to show the density of the input data, the
underlying data can be shown as color-coded density in the background.
A small multiples view shows details on demand about the individual
dimensions as line plots and allows users to select and compare different
points in time. Our visual analysis application also provides methods
to facilitate the comparison of multiple patients by projecting their
individual filtered time curves into one two-dimensional space. Further-
more, the system can depict an ensemble as time curve boxplots that
summarize typical time curves while highlighting outliers. The time
curve boxplots are complemented by a scarf boxplot that shows at which
points in time the outlier curves deviate from the box. We evaluated our
application with real-world data and structured feedback session with
medical experts, who consistently rated our application as useful and see
a definite potential for further developments. In the future, we also want
to extend the scope of our application to live data, which would allow for
monitoring of patients in the hospital. To this end, our application has
to be improved and retargeted in several ways: first, it has to be ensured
that the time curve does not change too drastically when adding new
samples and recalculating the DR. One possible avenue is the adaption of
projection techniques to allow for the progressive addition of data points.
Several interesting approaches to avoid frequent, global recalculations
have been proposed for streaming data (e.g. [89]). Improving projection
quality, e.g., through landmark-based guidance as proposed by Vernier et
al. [280], is an active field of research. Its transferability to our application
requires further investigation.
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Visualization of Biological
Data



5.1 - Fundamentals of Biological Data

he biomedical domain spans an immense variety of topics. Research

in those topics is fueled by an equally large variety of different
experimental approaches. Consequentially, different techniques require
different data sources, be it recording devices, like pulse-oxymeter, as it
is the case in the previous chapter, or biochemical assays, resulting in
different types of data.

The type of data source and the process of how the data is generated also
influences how readily such data can be understood. As mentioned, EHR
data sources often provide easily understandable values out of the gate,
without any additional data-wrangling required. In contrast, biological
data as found, for example, in proteomics is a lot more complex. To
measure the proteome of a sample, a large amount of background infor-
mation has to be understood. This includes what proteins do and how
they are built, how they are measured and, in the end, how a meaningful
quantity can be derived to be interpreted.

To understand the more complex biological data types, the fundamentals
of molecular biology need to be explained. In general, when we see a
phenotypical effect, i.e. things that are noticeable to the outside world,
for example, a hereditary disease, or a malignant tumor, it is the result of
deviations in the activity of genes, known as gene expression. To unravel
the term gene expression we first recall the definition of a gene. Genes
are regions on the genome—as deoxyribonucleic acid (DNA)—that encode
the information needed to perform cellular functions. Most of the time
they can be (over-)simplified as one gene one function [231]. During
gene expression, this information stored in an organism is translated
and with intermediate steps generates bioactive molecules that affect
the organisms on cellular or tissue level. Gene expression is, thus, the
basis of all physiological functions, from supplying energy to our cells
to regenerating skin cells when the skin is damaged. This means gene
expression is also the molecular way of answering to changes in the out-
side environment. On the other hand, erroneous expression of genes can
be detrimental to the organism as well. For example when mistakenly
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promoting the growth of blood vessels, which enables cancerous growth
of tumors [126]. Or when errors in the information of globin genes
occur, which will cause hemoglobins, the oxygen carriers in our blood,
to be malformed [102]. Besides pathological conditions the variances in
expression, both what and how much is expressed also are responsible
for natural variances in individuals. Eye and hair color, for example,
are also dependent on how much melanin, a brownish-dark pigment, is
generated and stored in the iris or the hairs, as an end product of gene
expression. The different stages of gene expression, often subsumed as
the central dogma of molecular biology [55, 232], are: Genetic information
is stored in DNA itself, as genes. DNA is stored, densely packed, in the
nucleus. The DNA acts as a template for other information-carrying
molecules that can be distributed to other structures inside the cell. This
process is the transcription of genetic information into ribonucleic acid
(RNA). Here, the extent of how much and as a consequence of what a
gene is transcribed is the key factor on how expression is influenced.
RNA then is, most often, translated into amino-acid chains, which form
proteins the fundamental actors of the cellular machinery. Many of these
proteins are enzymes, and these enzymes change in which quantity, or
if at all, specific molecules, like glucose, are metabolized for further use.
To describe how expression, and importantly, which stage of expression
is causal for a phenotype, multiple molecular biological disciplines have
formed.

While this description of the process is integral, experimental biology
needs techniques to measure those processes and molecules. These
techniques are used in Omics, which describe disciplines, that measure
and describe the makeup, the concentration, and often the changes in
concentration of the major bioactive molecules [233]. Most often we
consider four different omics types corresponding to the major stages
of gene expression: genomics—which gave rise to the name omics in
the first place, transcriptomics, proteomics, and metabolomics. In general,
researchers try to determine composition and changes in or between
one or multiple organisms. For genomics, this includes finding mutations
like Single Nucleotide Polymorphisms (SNPs) [168], copy number varia-
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tions [94] and general structural changes, or even the communal pan-
genome of groups of organisms, be it from the same or from different
species [282]. Transcriptomics measures the level and identity of tran-
scripts in a sample [234]. Oftentimes this is done to compare different
experimental conditions to ascertain in which situations a specific gene
is expressed more or less intensely. In proteomics both, the level and the
identity—by composition of amino acids—of proteins in a sample are
determined [235]. As the protein level is closer to the acting layer on
a metabolism level, changes in the proteome more realistically describe
the molecular biological reality. Finally, metabolomics aims at directly
measuring the type and concentration of metabolites in a sample [203].
This is especially interesting when the expression cascade is not well
understood or very complex, as metabolites are the direct actors of

expression in many cases.

This describes the basics of omics. To properly understand the challenges
associated with them, however, both on an experimental level and on an
analysis level, especially the uncertainties they induce, the next section
will detail the history as well as the current state of the art in the specific
omics. These sections are limited to the types of omics whose data was
used in this work, that is transcriptomics, proteomics, and metabolomics.

As mentioned, with the term transcriptomics we describe the measure-
ment of the entirety of molecules transcribed from the DNA. Primarily
researchers are interested in coding RNA [263]. That is, RNA molecules
that will be translated into proteins, which is called messenger RNA
(mRNA). Besides, mRNA, there are several types of non-coding RNA,
including, among others, ribosomal RNA (tRNA),micro RNA (miRNA)
and transfer RNA (tRNA). These non-coding RNA perform various roles,
rRNAs constitute major building blocks of the ribosome while tRNAs
transport amino acids, both processes integral for the translation from
transcript to protein. miRNAs on the other hand acts as an additional
regulation of expression, this time acting post-transcriptional [204]. Due
to this different roles transcriptomic analyses are performed for an equal
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amount of varying reasons. For example, rRNAs is analyzed during
phylogenetic research as well as to study the composition of prokaryotic
communities due to its evolutionary conservation [30, 247]. Neverthe-
less, as mentioned, mRNA analyses are by far the most commonly
performed [148].

mRNA is transcribed from the DNA and thus, a main intermediary of
gene expression. After transcription and transport from the nucleus,
mRNA is translated into amino-acid chains, most often proteins [232].
Thus, analysis of mRNA can be performed to assess the expression levels
of genes, both in general as well as for specific genes or groups of genes.
On the first level expression analysis is performed to prove the existence
of expression of specific genes in specific conditions. However, often
instead of only measuring the level of transcripts, differential expression
analysis is performed. This means that the quantitative expression of
the transcriptome—or of its subset—is compared across one or more
conditions. Conditions are often experimental stimuli. In pharmaceutics,
it can be the treatment with a drug [166], in basal research it can be
the application of an environmental stressor, like drought stress on a
plant [154]. Expression values from conditions are then compared with
control groups to estimate what influence the stimuli have on expression.

While reasons for the analysis of expression were probably present
minutes after the discovery of what the purpose of mRNA is, the
technical means needed to be and are still developed to accommodate
the experimental designs. One of the first methods to detect RNA, and
more importantly specific RNA, is the northern blot [7] a hybridization
approach named after its earlier and more prominent cousin the southern
blot [257], which is used to detect DNA. Quantification of the respective
biomolecules using blotting is, while possible, difficult and labor-inten-
sive, and not as sensitive as needed for some levels of mRNA [80] or
DNA [240].

This drawback was reduced substantially with the invention of the poly-
merase chain reaction (PCR) [183] which—as known now even to most
laypersons, due to the COVID-19 pandemic—allows the amplification,
that is the copying of DNA molecules. PCR can only amplify specific
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DNA sequences, if the sequence, or neighboring regions, are known.
From this known sequence so-called primers are generated that act as
a starting point for amplification on each strand. Originally, PCR could
only amplify DNA [38]. However, enzymes that reversely transcribe RNA
back into DNA—defying the central dogma of molecular biology [55, 232]
—reverse transcriptases have been described in the 1970’s [16]. These
enzymes allowed for the generation of copy DNA (cDNA) from RNA,
and thus first quantifications of mRNA with PCR [20]. In brief, the
actual quantification is then done using special fluorescently-labeled
nucleotides, during the amplification steps, with the fluorescence signal
corresponding to the amount of ¢cDNA and in turn RNA. Additions
to PCR that allow the precise quantification [115, 159] as well as the
usage of thermostable enzymes for reverse transcription [246] gave rise
to modern realtime quantitative PCR (QPCR). While qPCR can be very
precise it is difficult to use it to measure a complete transcriptome with
it, as a complete set of primers would be needed incurring high costs and
laboratory work.

To tackle this, two other high-throughput approaches were developed.
The earlier one is called microarrays [62]. Its basic idea is very similar
to that of RT-qPCR. Instead of using PCR and measurements during
amplification, however, a signal is read out from fluorescently-labeled
nucleic-acids bound to specifically designed probes bound to a plate in
an array shape [41]. These probes are specific for genes and herein also
lies the limitation of microarrays as an assay. Back then sequencing and
prediction of genes was time-consuming and expensive the generation
of probes and arrays with custom probes was limited. On the flip side,
if routine quantification is performed, for example in a medical setting,
ready-made arrays help to bring down the cost. Still, complete transcrip-
tome analysis “for the masses” was out of reach with microarrays.

While sequencing was primarily used to sequence genomes as a part of
genomics, not for transcriptomics, all presented methods need to know
the structure and of course the identity of the genes that need to be
researched as a part of genomics. While there have been a variety of tech-
niques to sequence, at this point the primary and most efficient approach
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to sequencing is called Sanger-Sequencing [236]. Sanger-Sequencing is
also called chain-termination-sequencing as it utilizes chain terminating
nucleotides while amplifying DNA in a laboratory to generate fragments
of different lengths. By specifically using one of the four specific chain-
terminating nucleotides researchers then know the last nucleotide of a
given fragment generated using these specific nucleotides. Sorting these
fragments by size, using gel-electrophoresis, then allows to decode the
original sequence.

This is a low speed process and has a high cost. With Sanger sequencing
being the only viable solution, heavily limited qPCR, and microarrays.
This changed with the advent of Next Generation Sequencing (NGS)-
methods in the mid-2000s, as it pushed the per-base cost of sequencing to
alevel where it was feasible to quantify nucleic acids through sequencing
alone in a high throughput manner. RNA sequencing (RNA-seq) [187, 287]
was born. It has to be noted, however, that especially in the initial steps
of the establishment of NGS-methods the costs were still, compared to
today, high. Especially in this early phase, many companies vied to be
the leader in this new NGS and RNA-seq-space [287], offering their take
on NGS—a battle soundly won by Illumina [186].

Irrespective of the employed techniques, the general basic functioning
principle of all early RNA-seq approaches is similar [287]. Like in the
earlier approaches the RNA is transcribed to cDNA. Optionally, depend-
ing on what part of the transcriptome should be analyzed, different steps,
like rRNA depletion, are performed beforehand. cDNA is then split into
small fragments and ligated to adaptors. The totality of the modified
cDNA fragments then constitutes the ¢cDNA-library. The minutia of
library preparation differs between the sequencing techniques. All tech-
niques then sequence the library to create the expression readout in the
form of fragments called reads.

One of the main drawbacks, of all of these early NGS-systems exhibited,
is that only very small fragments (30-400bp) can be sequenced, and thus
quantified [287]. The resulting reads can be mapped to a reference or,
as they overlap, assembled to a transcript assembly, when performing
de-novo transcriptomics. Consequently, the number of reads, mapped
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or assembled to a transcript, can then be counted to quantify a given
transcript’s expression. The short lengths of these reads then mean,
for both de-novo and reference-based transcriptomics, that mapping be-
comes more involved and potentially introduces uncertainty. Due to the
short length a very high number of reads has to be generated to result in
meaningful coverage, that is how often is a given base sequenced—which
also gave these approaches the moniker shotgun sequencing. Mapping in
itself provides numerous challenges like alternative-splicing, as one gene
does in fact not have only one function.

Especially early on, error rates of sequencing, which is the wrong base
being called at a specific position, also required the development of
specialized quality control methods. In general, a wealth of different
tools, like the tuxedo suite [268], was developed to facilitate the different
steps of RNA-seq that can be combined to tailor-made pipelines fitting
specifically to the intended analysis. Furthermore, reads can map to
multiple positions or biases can over-/under-represention in certain
regions resulting in unequal coverage [255]. Additionally, sequencing
depth, meaning how many reads are generated, in proportion to the
whole transcriptome, also dictates how sensitive, i.e. how easily lowly
expressed genes are detected. Often researchers do not only observe
absolute expression values but should compare expression between
conditions. This is called differential expression, which is one of the
most commonly performed transcriptomic analyses. For this, additional
statistical techniques need to applied, like normalization of read counts,
before the comparison of the samples.

All the steps required to prepare the RNA for sequencing can also
introduce uncertainty. The reverse transcription to cDNA can introduce
biases [283]. Assembling the short reads, as already mentioned, can
introduce additional biases. There have been considerable advancements
in techniques that solve some of these inherent issues of shotgun
sequencing. One such advancement is the so-called Single-molecule real-
time (SMRT)-sequencing [71]. As the name implies, in SMRT-sequencing
a single molecule of nucleic acid is sequenced without fragmentation.
As there are protocols for both DNA and RNA sequencing this solves
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multiple issues. For one the transcription to cDNA can be omitted and
the long reads generated trivialize the mapping and assembly. However,
SMRT-sequencing also introduced its own set of shortcomings. Initial
approaches in the early 2010s suffered immense error rates (13% [220])
and low throughput. Only recently (2022) have the error rates caught
up to shotgun sequencing standards [155]. Still, because of the recency
of these developments, the absolute majority of transcriptomics experi-
ments today are analyzed using shotgun sequencing.

A fundamental problem of transcriptomics is, that no direct estimation
of proteins can be done based on RNA-seq, as not all measured RNA
is translated into a protein. Proteins are, however, the main actors of
cellular functions, and thus a target for many research topics. They are
responsible for generating energy, with ATP-synthases, protecting us
against infectious agents, as antibodies, cleaving molecules to be more
readily processed, with enzymes, with a host of other basic functions like
contracting muscles when moving.

These functions are governed by the structure of the protein. In general,
we consider four tiers of structure. The first tier is the primary structure
a sequence of amino acids, a family of small-molecules of different sizes
and with different chemical properties [48]. On the second tier, proteins
organize in secondary structures, structures like alpha helices and beta
sheets that are three-dimensional and form due to the interaction of the
amino acid residues [49]. Multiple of those chained secondary structures
form tertiary structures [50]. In many cases, the tertiary structure is
already the complete Protein, and thus much of the shape and function of
a protein is defined by its tertiary structure. Some proteins combine mul-
tiple, disconnected, tertiary structures to form a quartenary structure [51].

The reasons for quantifying proteins are much the same as they are for
transcripts, just at a different position in gene expression. In many cases,
one is then posed to question why one should use transcriptomicsin favor
of proteomics, after all, proteomics is closer to the acting layer of gene
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expression. This comes down to how the proteome is measured, both
historically and currently.

Proteins, as a whole, have been quantified since the 1950s [160] using
coloring agents that bind to a substrate followed by the measurement of
coloring. However, these early types of quantification were unspecific
and not sensitive even though later versions were more sensitive the
main issue with inspecificity remained [31]. Another class of assays
are immunoassays, in which antibodies bind to the proteins and then
measured either using radioactive [97] or light-based methods [226]. A
big drawback of those assays is, that although they are highly sensitive,
specificity comes at a cost. Using non-specific antibodies does not allow
for the easy quantification of specific proteins, while the development
of specific antibodies is very cost and time-intensive. This drawback
can be somewhat mitigated by employing another technique: gel-elec-
trophoresis [140].

At its core gel-electrophoresis is a chromatography-technique, i.e., a
technique to separate mixtures, such as a protein mixture [140]. Several
properties of the proteins can be used to separate them, most commonly
size or the isoelectric point. Using a gel, which acts like a net, and an
electric field the proteins can be separated, due to their negative charge.
The amount of proteins in a proteome, even a comparatively small
one, like the one of E. coli are very large such that one-dimensional
electrophoresis does not sufficiently separate the proteins. As a solution
the 2-d electrophoresis was developed, which on one-axis separates the
protein mixture by isoelectric point and by size on the other axis [91].
Utilizing these two axes to separate the proteins increases the resolution
of the assay [59]. Proteins are then quantified using any of the stains or
antibody based methods. Due to the separation of the proteins, the stains
or antibodies are no longer required to be specific.

Electrophoresis, however, also has drawbacks [197]. All proteins are
denatured, meaning they lose their original structure, while specific
types of proteins are lost all together. Additionally, the gels as well as
other experimental steps like staining can introduce a lot of variability,
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making reading the exact size or isoelectric point difficult. This in turn
makes identification of specific proteins more difficult.

To alleviate this, electrophoresis can be coupled to Mass-Spectrometry
(MS), which allows for a very specific identification of a protein [63,
106]. As it is not usually feasible to analyze whole proteins with MS,
they are first split into smaller peptide chains, for example by enzymatic
digestion. MS is usually coupled to a chromatography method, such as
the one described above, to first separate the protein fragments by a
physical-chemical characteristic. Afterward, the protein fragments are
measured in the Mass-Spectrometer, a very common type of which is
the Time-of-Flight (ToF)-Mass-Spectrometer. It is essentially a tube with
a near vacuum, an ionization device at one end, and a detector at the
other. The first step is the ionization of the protein fragments. As the
ionization adds a charge to the peptide fragments, high-voltage gradients
impart acceleration to the ions. They then fly through the vacuum tube
and impact at the detector. The time of flight directly correlates with the
mass-to-charge ratio, which correlates with the mass of the ion. In that
way, all ionized peptides are detected and a spectrum is generated. The
intensity and the recorded mass-to-charge ratio as well as the elution
time of the chromatography allow for the quantification of the peptides
and in turn the protein. In a final step are the spectra are matched to
references and the proteins are and quantified.

While this describes the basic working principle of protein-quantifica-
tion via ToF-MS, there have been substantial improvements and addi-
tions to the protocols. For one there are different types of mass analysis
techniques and mass analyzers, like the combination of ion-traps and
quadrupoles [170], each with their unique advantages and shortcomings.

Quantification via MS has several drawbacks, however [106]. Due to
the fragmentation, the fragments can not necessarily be assigned to a
single protein causing ambiguous signals. This gets more complicated
the less well the protein mixture can be separated by chromatography.
A major drawback of all proteomics techniques, especially compared to
transcriptomics, is that rare protein species cannot be easily detected, as
there is no amplification in any of the methods.



5.1 - Fundamentals of Biological Data

As mentioned earlier, there is another class of molecules that in many
cases have more direct impact on the actual phenotype: Metabolites. A
big challenge in metabolomics is the heterogeneity of the researched
metabolites [53]. So what are metabolites that they are this variable? In
general, metabolites are the products of any step in the metabolism of an
organism but normally excluding genetic information and proteins. So
classical examples of metabolites include, but are by no means limited to:
lipids, sugars and amino acids, in some organisms vitamins or antibiotics,
are synthesized as well. As an additional stipulation, when talking about
metabolites only small molecules, below a few Dalton, are considered.
This then excludes the structured nucleic acids as well as larger proteins,
which are covered by their respective omics anyway.

When investigating the metabolome the researchers need to be mindful
of what part of the metabolome they want to investigate. Sometimes
researchers do not have a specific set of metabolites that they want
to detect or quantify, this is then called untargeted metabolomics. If a
specific set of metabolites is targeted, for example, on a set of lipids it is
conversely called targeted metabolomics and in this specific case often-
times the term lipidomics is used.

Depending on which part of the metabolome is investigated, the tech-
niques used to detect them vary quite drastically. While, similar to
proteomics, MS is used frequently, other techniques like Nuclear Magnetic
Resonance (NMR) can be used as well depending on the scenario [75].
However, chemically speaking, in contrast to proteins, metabolites are
quite different from each other. And thus the methods historically used
for the analysis vary widely as well.

But even when using MS the type of MS and the coupled chromatog-
raphy method vary widely. The main reason for these differences is
that the properties of the analyzed molecules cause different issues with
the chromatography method. While lipids and carbohydrates can be
detected using Liquid Chromatography (LC)-MS [44], it is not well suited
for other compounds like very small, volatile compounds. For those a Gas
Chromatography (GC)-MS is more suitable as it is especially useful for
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small—that is smaller than 650 dalton [82]—molecules. For GC, however,
the samples need to be either volatile themselves or to be derivatized
to be volatile, which introduces yet another step in the experimental
pipeline.

This also highlights the most important fact that should be concluded
from this background section. Each of the omics methods mentioned
relies on a multitude of different and, at times, error-prone resources and
steps. Starting with databases that need to be accessed for references to
sample preparations, technical error rates and technique limitations, and
even bugs in used software can be relevant. When visualizing such data
and when interpreting the visualization, researchers and visualization
designers should always keep in mind the uncertainty induced by the
involved processes. And this also highlights why it might be important
to combine the different types of omics-approaches into an integrated
multi-omics-approach. There are overlaps in the type of information
gained, as essentially all omics just try to answer: What is happening in
this specific condition? But instead of being redundant, this information
can be essential, to make sure that the measured changes in a specific
omic actually are robust and not just an illusion spawned by the specific
uncertainties of the utilized omic.

As mentioned, however, the current generation omics analyses generate
giant amounts of data. This data is very connected in nature. As men-
tioned in beginning of this chapter all layers of omics-data, and with it
their analysis, depend on and influence each other, which is reflected in
databases that store data derived from omics experiments. Examples can
be found in the Reactome [93] or STRING [265] databases which com-
pile metabolic pathways and protein-protein-associations, respectively.
Connectedness makes multi-omics data an ideal candidate for network
analysis and network visualization.
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The following text, tables and figures was published as [35] N.
Brich, N. Schacherer, M. Hoene, C. Weigert, R. Lehmann, and M.
Krone. 2023. visMOP - A Visual Analytics Approach for Multi-
omics Pathways. Computer Graphics Forum 42, 3 (June 2023), 259-
270. https://doi.org/10.1111/cgf.14828 only minor changes, those
being the mentioning of a review paper ([70]) and the addition of a

transition paragraph to the next two chapters, were made.
\ J

The visualization of networks can help to analyze the encoded relation-
ships and elucidate underlying structures. It has been the target of
research for a considerable time and has, thus, grown into an extensive
field of research. Giving a comprehensive overview of network visualiza-
tion is beyond the scope of this work. Therefore, we only give a very brief
introduction and refer to state-of-the-art reports about the visualization
of large [149], dynamic [19], multivariate [192], and multilayer [171]
graphs, which summarize foundational methods and recent advances
in the field of network visualization and provide pointers for further
reading. Koutrouli et al. [143] recently gave an overview of commonly
used graph visualizations for biological networks. An even more recent
overview covering biological network visualization in was published by
Ehlers et al. [70], with contributions of the author of this thesis. This
review covers biological network visualization from a wide angle in
order to give both an entry point to the subject and a comprehensive
overview over the challenges of the field.

There are various ways networks can be displayed, depending on the
use case. The most common representations are adjacency matrices and
node-link diagrams [138]. While adjacency matrices make it easy to look
up direct connections between nodes and—depending on the sorting
—identify cliques and clusters, they are often considered to be less intu-
itive, and it is harder to find paths between nodes compared to a node-
link diagram. Node-link diagrams, on the other hand, highly depend on
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the layout, i.e., the spatial positioning of the nodes. A recent study [3]
investigated and compared the performance of adjacency matrices, bi-
partite layouts, and node-link diagrams for five network overview tasks.

Especially for large networks with many nodes and edges, a good layout
algorithm is crucial to enable users to detect important features like
clusters, symmetries, and interconnected areas [143]. Many approaches
to generate layouts have been proposed. The most simple layouts place
the nodes on grids or circles. Many layout algorithms are based on simple
simulations, e.g., modeling networks as a set of bodies connected by
spring-like forces. While these approaches can be useful for analyzing
smaller networks, they are often not useful for analyzing larger, more
complex networks because they usually do not consider any property of
the network.

Many disciplines in biology use networks and their visualization, most
commonly node-link diagrams, to model and analyze relations between
different entities e.g., phylogenetic trees showing the evolutionary
relatedness of species [103, 217], or graphs modeling the connections
between neurons in neurobiology [210, 302]. Molecular biology has a
plethora of different application cases for networks, e.g., gene-regulatory
networks [67, 133], protein-protein-interaction graphs [189, 259], or
gene-variation graphs [72, 101]. The modeling of metabolic pathways
is an important application area of networks in biochemistry [93, 134,
195]. These metabolic pathways describe how cells and, in turn, organ-
isms function on a molecular level. They are, thus, instrumental in
understanding any biological process. The nodes of the graph usually
represent reactants that are connected by edges indicating reactions.
Reactants can be a wide variety of biologically relevant molecules, e.g.,
proteins, small molecule metabolites, or DNA/RNA. As many organisms
feature tens of thousands of biologically active entities (genes, proteins,
RNA), and even more different types of interactions, the resulting
networks are very large and complex. This makes it challenging to
generate clear, meaningful visualizations of these networks. Thus, in the
applied biomedical domain, many of the most well-known and widely
used metabolic pathway visualizations are manually curated and laid
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Figure 20: Metabolic pathways visualized by Reactome [93]. Left: excerpt of the
overview of the metabolic pathway network where each metabolic region is the
root for a hierarchy visualized using a radial layout. Right: excerpt of a detail reaction
pathway containing molecule-level information. These pathways are located in
nodes closer to the leaves of the radial hierarchy.

out diagrams. Recently, a first approach for the automatic generation of
metabolic pathway maps that can retain many of the desirable features
of the manually laid out diagrams has been presented [294]. However,
it just considers information about the known interactions and does not
incorporate omics measurements, making it unfeasible for our intended

use case.

Reactome [93] is a pathway database offering information about mole-
cular entities in conjunction with metabolic reaction pathways. The
pathways are arranged in a hierarchy: each pathway is part of a multi-
level hierarchy in which general metabolic topics constitute the roots
and fine-grained reaction sequences constitute the leaves. The more
complex pathway diagrams found at the roots and the levels further
removed from the leaves are created manually (Figure 20). Reactome is
part of the ELIXIR [56] initiative and offers its data and software under a
Creative Commons license. This includes the instructions for all pathway
diagram drawings, allowing a fast and efficient way of querying large
amounts of data.
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The Kyoto Encyclopedia of Genes and Genomes (KEGG) [130] is another
widely used database offering information about different molecular
entities and metabolic pathways. It presents the pathways in a flat hier-
archy in which they are linked by functional connections. A separate
class hierarchy groups the pathways. Similar to Reactome, the pathway
diagrams are created manually to consider previous knowledge and
conventions for a given process the diagram describes. However, it intro-
duced a subscription model in 2011 due to funding issues and detailed
information about how to draw the pathway diagrams is not available,
making it less convenient to use.

Especially among practitioners, the two “Biochemical Pathways” posters
by Roche [175] are popular. They show a comprehensive summary of
known pathways and processes. The manually created graphs are struc-
tured into labeled sections on different high-level topics, e.g., Citrate
and Glyoxalate Cycle or Steroid Metabolism. The lower level shows the
actual chemical reactions with all participating molecules. Roche offers
print and zoomable online versions of the posters, however, the data is
proprietary and not publicly available, severely limiting the use for visual
analytics applications.

The following two chapters each describe a novel approach to analyze
multi-omics data utilizing network visualization. The first approach
maps data of the three types of omic data previously discussed in this
chapter, transcriptomics, proteomics and metabolomics to metabolic path-
ways. Using this mapping users can then find clusters of pathways that
show similar patterns of regulation. The second approach uses a custom
network-layout to analyze the protein-protein-associations found in the
STRING database based on proteins-of-interest.
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The following text, tables, and figures was published as [35] N.
Brich, N. Schacherer, M. Hoene, C. Weigert, R. Lehmann, and M.
Krone. 2023. visMOP - A Visual Analytics Approach for Multi-
omics Pathways. Computer Graphics Forum 42, 3 (June 2023), 259-
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made. These are the fix of minor textual errors and removal of the
abstract, reduntant introduction, the funding information as well as
the inclusion of the material previously placed in the supplementary
material. The required background has been moved to Section 5.1.

\.

VisMOP is an approach that allows for exploratory analysis of multi-
omics datasets. To facilitate the analysis, we propose to use a clustered
graph to visualize multi-omics datasets on a pathway level while rep-
resenting the pathways as glyphs encoding the contained data. Our
contributions can be summarized as follows. We present an approach
that works with a variable number of different omics measurements,
which are mapped against all known metabolic pathways from the Reac-
tome [93] database. The resulting pathways containing the measurement
data are summarized in an overview graph, which is visualized as a node-
link diagram showing the interconnections between the pathways. For
this network of pathways, we present a data-driven layout algorithm
that can be customized by the users according to their specific needs,
interests, and research questions. The pathways, which are the nodes
of the overview graph, are represented by glyphs showing the omics
measurements mapped to those pathways. That is, our approach allows
users to compare different pathways concerning the measured data
and facilitates the detection of correlations or mismatches in the data
that require further investigation. We developed visMOP (visualization
of Multi-Omics Pathways), a web-based prototype implementing our
approach that also provides level-of-detail functionality for the overview
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5.2 - visMOP — A Visual Analytics Approach for Multi-omics
Pathways

“a’ VisMOP

Figure 21: The main view of visMOP (visualization of Multi-Omics Pathways)
showing the overview of the cluster graph with the Reactome superpathways laid
out as a circle around it ®. The gray regions show clusters of pathways containing
similar data, while the lighter region shows pathways not clustered with other
pathways @. A selected pathway is highlighted, showing both hierarchical as well
as non-hierarchical connections to other pathways. ® the detail view window is
shown for a selected pathway. @ the visual filter options, as well as the option
to control the intra-cluster layouts are displayed. The input data is shown in a
collapsible table linked to the main overview visualization ©.

graph and multiple linked views for a more detailed inspection of indi-
vidual pathways. We tested our approach on a real-life dataset together
with domain experts.

5.2.1 Related Work: Multi-omics Pathway Analysis Tools

As mentioned in Subsection 5.1.5 there are several widely used and well
known resources visualizing metabolic networks. In contrast to KEGG
and the Roche biochemical pathway map, Reactome [93] offers an inter-
active visual analysis tool, which allows the user to map multi-omics
measurement data onto the Reactome pathways. The visualization is
rather simple: all omics measurements are aggregated and the pathway
nodes, which are arranged in a hierarchical node-link diagram, are
colored by either coverage or significance in coverage, or (when mea-
surement data is supplied) the average overall supplied omics. It does
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not influence the graph layout. Additionally, the data can be shown as
“Reactfoam”, a hierarchical Voronoi treemap used to show the data in lieu
of the node-link diagram. Any further analysis then has to be performed
on a detail pathway level.

Paintomics [158] is a tool tailored to multi-omics. It can map
different omics types—including, but not limited to: transcriptomics,
metabolomics, proteomics, and different regulatory and region-based
omics—to pathway maps from KEGG, Reactome, and MapMan [243].
Using these data, significantly enriched pathways are searched in these
databases. The user can then select the pathways, and the molecular
entities in the pathway visualization are then colored according to the
corresponding data value. That is, the provided overview network visu-
alization is mainly an entry point for the analysis of individual pathways.
Our approach, in contrast, aims at generating a rich overview using
layout and clustering techniques to generate insights from this overview
by combining multiple omics, e.g., allowing users to identify groups
of similarly regulated pathways and mismatches between the different
omics levels. Pathview Web [161] follows a similar approach: it simply
maps colors showing the regulation to the KEGG pathway drawings.

OmicsNET [306] leverages the third dimension to accommodate the
complexity of multi-omics networks. Besides the omics data, it also
allows the user to load additional information like SNPs for genomics
or taxon information for studies involving multiple organisms. 3D visu-
alizations, however, have not been shown to yield additional insights
without the use of stereo-vision, i.e.,, VR or AR [171]. Such systems
are typically not widely available in molecular biological laboratories,
which are our target audience. Additionally, 3D network visualizations
suffer from occlusion, perspective distortion, and usually require more
user interaction [184]. To avoid this, we settled for 2D visualization.
Furthermore, instead of focusing on details brought in by additional
data, we want to show large-scale, pathway-overarching effects on the
metabolism.

There are also frameworks targeted at systems biological network visu-
alizations like VANTED [128, 228], which can accommodate multiple
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omic types. While VANTED can also provide overviews, its focus lies on
analyzing and visualizing biological data on a detail level in the context
of systems biology, tracking changes in biological reactions and single
molecule types like metabolites.

Our domain experts currently use different tools, such as g:Profiler [221],
to either perform pathway enrichment analyses for each type of omics
data individually or for subsets of features that overlap in the individual
statistical analyzes of the different omics datasets. Similarly, MetaboAn-
alyst [202], which allows for an integrated analysis of metabolomics and
either transcriptomics or proteomics data, combines the data without
allowing for an exploration of the contribution of individual features
from the different omics sets. This obscures the structure of the data,
which is particularly problematic given that both parallel and antipar-
allel responses of different omics types can be relevant, e.g., an enzyme
in a pathway can be upregulated, causing a higher amount of its product,
but a higher amount of its product could also decrease the amount of the
enzyme in a regulatory feedback mechanism.

Thus, our explicit goal was to develop an approach to unify the analysis
and visualization of multiple omic types. Our domain experts explained
that they need an approach to give an exploratory overview of the
data at hand, which can provide an entrance point for hypothesis
generation and further detail investigations. When formulating the tasks
together with the experts, we considered several task taxonomies as a
reference [33, 185]. A concrete overview task is to identify high-level
groupings of metabolic pathways to uncover sets of co-regulated or
connected pathways. Detail investigations require an additional view
of the more granular aspects of the data, requiring the framework to
support various additional by offering detail-on-demand functionality.
They, for example, need more details about a specific pathway on a
molecular level, thus requiring a detailed pathway view, as found in
the Reactome or KEGG pathway visualization. Additionally, users might
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want to compare different pathways to assess if similar omic patterns
appear within them.

We propose a combination of a layout algorithm tailored to multi-omics
data and glyphs that show information about the pathways. We combine
these with a level-of-detail approach to further increase the scalability
and to declutter the visualization. Both the layout and the glyph design
were created with several requirements in mind. The requirement analy-
sis was done together with four domain experts working in biochemical
and biomedical research. In a series of semi-structured interviews, we
first collected information about the data, analysis challenges, and com-
mon tools and workflows. From this information, we inferred an initial
set of requirements, which we then discussed with the experts to ensure
their validity. During this phase, we also showed several iterations of an
earlier prototype [147] to the experts and reiterated on the requirements.
Finally, we converged on the following set of five requirements:

R1 The visualization must be able to integrate multiple omics types
and assess differences in the measured data.

R2 The approach must be able to scale up/down when more/less
omics types are available.

R3 The representation must give equal importance to all the
included omics types.

R4 The visualization needs to provide a summary of the individual
pathways that allows for a quick comparison while also provid-
ing the opportunity for detailed inspection.

R5 The network layout should make use of established pathway
layouts.

Some of the mentioned visualizations, like the Roche or KEGG pathways,
helped to establish mental maps for many metabolic processes. These
visualizations, however, present information on a detailed level and
are not suitable as an overview. In an earlier iteration of visMOP, we
attempted to generate a global network incorporating all detail pathways
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utilizing the established detail layouts of KEGG, resulting in a very large
graph with thousands of nodes and tens of thousands of edges. Based
on the domain expert feedback, however, we realized that this approach
does not yield much useful insight, which prompted us to change the
focus of the application to giving an overview of the data, with details-
on-demand for individual pathways.

This left us with the challenge of uniting existing mental maps with a
data-driven overview. The overview maps of KEGG or Roche, however,
are not particularly well suited for overview tasks as they are high-
resolution abstractions of the detail pathways, difficult to use on regular-
sized screens. Reactome’s more abstract overview, on the other hand,
is based on a hierarchy, making it more suitable. However, it can not
be easily adapted to a data-driven layout. We, thus, chose to implement
a novel layout based on the Reactome hierarchy, which maintains the
mental map of users familiar with the Reactome hierarchy. Additionally,
we maintain the detail pathways’ layout of Reactome. Consequently,
users who perform a more detailed analysis using visMOP can build on
their previous knowledge.

Our approach combines multiple views and uses a glyph metaphor to
encode pathways, as recommended by Cruz et al. [57]. We use a data-
driven layout approach to tailor the visualization to the underlying data.
Users can interactively adjust the input data, the parameters for the data-
driven layout, and the appearance of the visualization to facilitate the
analysis.

The multi-omics pathway overview graph (see Figure 21, ®) consists
of nodes representing different metabolic pathways obtained from the
Reactome database. Relationships between the nodes—i.e., edges—corre-
spond to two categories: They are either hierarchical, as defined by
Reactome, or non-hierarchical, logical connections directly inferred from
known molecular interactions (e.g., “pathway A produces metabolite X
which is then used in pathway B”). There are two different subtypes
of pathways: superpathways, which represent broad metabolic topics
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(e.g. Signal-Transduction or Innate Immunity) and are positioned at the
root of the pathway hierarchy, and non-root “regular” pathways, which
include molecular-level information and can be found either as leaves
or closer towards the leaves of the hierarchy. To create a clear visualiza-
tion, we apply two different layout algorithms to these two subsets of
nodes (R5/R1). For the superpathway hierarchy level, we use a simple
circular layout, since there are only a few superpathways. To make it
easy to find a certain superpathway, the nodes are sorted clockwise in
alphabetical order by their names. The labels showing these names can
be placed outwards to ensure good readability (see Figure 21, ®). In the
center of this circle of superpathway nodes, the nodes that are lower in
the hierarchy are shown (see Figure 21, @). This is the main pathway
network, consisting of pathways that include the actual molecular inter-
actions. Here, a more complex, data-driven layout is applied, which
is described in Subsubsection A Data-Driven Layout Algorithm for
Pathway Networks. It should be noted that not the complete hierarchy
provided by Reactome is displayed. We limit our overview network to
the first pathways (in root-to-leaf order) for which Reactome associates
amolecule-level diagram (thus omitting intermediate levels between the
superpathways and the actual molecular interactions).

As the network is densely connected, especially to the superpathway
nodes on the surrounding circle, the edges would cause intense visual
clutter if all of them were displayed. This would make the identification
of source and target nodes and paths between them very difficult. To
alleviate this, edges are hidden by default. Only when a node—super-
pathway or pathway—is hovered, the edges connected to this node are
shown.

Many node-link visualizations utilize simple layout algorithms that only
consider the graph topology to generate a somewhat understandable
visualization. These layouts usually minimize overlaps and reduce edge
crossings; however, since they usually do not consider non-topological
information, i.e., the underlying data values, they rarely result in layouts
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that are meaningful for the interpretation and analysis of the data, in
the sense that the semantics of the data are taken into account. There-
fore, we devised a layout algorithm that takes the characteristics of the
underlying data into account.

Our proposed layout is based on the idea of using clusters, similar to
the Grid- and Modularity-based Layout algorithm by He et al. [110]. For
the clustering, the values and statistics about the supplied multi-omics
data are taken into account, such as the average fold change per omics,
the number of regulated entities per pathway, etc. (R1). The fold change
is commonly used in bioinformatics to express the change of a given
measurement value from an experimental condition—most often the
control—to another one. Note that either all available parameters or only
a user-defined subset can be used as input. While these metrics, avail-
able in the presented prototype, are not exhaustive and include others
(see Table 2), they serve to highlight the user-customizable approach of
selecting data metrics that are relevant to the analysis case. For further,
more specific applications additional metrics tailored to the use case can
be implemented straightforwardly.

Density-based clustering in high-dimensional Euclidean spaces can be-
come problematic due to the sparseness of the space—a phenomenon
often dubbed the “curse of dimensionality” [13, 116]. One way to over-
come this is to use dimensionality reduction methods like UMAP [172]
as a preprocessing step [13]. As an input to UMAP we use the parameters
derived from the input data, which are normalized by transforming them
to a Z-score. We apply UMAP twice: once, if more than two features are
chosen, to generate a lower-dimensional space (with a default 2/y-target
dimensions) for clustering with OPTICS [10]. For visualization purposes
time we project the data a second time, this time to two dimensions, to
determine cluster centers as the basis for a next step. We chose OPTICS,
because it is an unsupervised method that determines the ideal number
of clusters and can classify entities as noise if they do not fit into a
cluster. We run the clustering several times with different values for the
minimum size of a cluster to find an ideal clustering by means of the
silhouette value [230] for differently-sized datasets. That is, the user does
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Table 2: Selectable features for dimensionality reduction and clustering derived

from the input data

Transcriptomics: Number of values

Absolute number of measured Transcriptomics values mapped to the

pathway

Proteomics: Number of values Absolute number of measured Proteomics values mapped to the path-|
way

Metabolomics: Number of values | Absolute number of measured Metabolomics values mapped to the
pathway

Transcriptomics: % regulated

Percentage of measured Transcriptomics values mapped to the pathway
which are considered regulated (over and under user-defined upper-|
limit/lower-limit)

Proteomics: % regulated

Percentage of measured Proteomics values mapped to the pathway
which are considered regulated (over and under user-defined upper-|
limit/lower-limit)

Metabolomics: % regulated

Percentage of measured Metabolomics values mapped to the pathway
which are considered regulated (over and under user-defined upper-|
limit/lower-limit)

Transcriptomics: % unregulated

Percentage of measured Transcriptomics values mapped to the pathway
which are considered unregulated (under and over user-defined upper-|
limit/lower-limit)

Proteomics: % unregulated

Percentage of measured Proteomics values mapped to the pathway
which are considered unregulated (under and over user-defined upper-
limit/lower-limit)

Metabolomics: % unregulated

Percentage of measured Metabolomics values mapped to the pathway
which are considered unregulated (under and over user-defined upper-|
limit/lower-limit)

Transcriptomics: % with measured
value

Percentage of pathways Transcriptomics values with measured value

Proteomics: % with measured value

Percentage of pathways Proteomics values with measured value

Metabolomics: % with measured
value

Percentage of pathways Metabolomics values with measured value

Transcriptomics: Mean expression
above limit

mean of transcriptomics measurement level from the values mapped to
the pathway above the user defined upper-limit

Proteomics: Mean  expression|mean of Proteomics measurement level from the values mapped to the
above limit pathway above the user defined upper-limit

Metabolomics: Mean expression|mean of Metabolomics measurement level from the values mapped to
above limit the pathway above the user defined upper-limit

Transcriptomics: % values above
limit

percentage of Transcriptomics measurements mapped to the pathway
above the user defined upper-Llimit

Proteomics: % values above limit

percentage of Proteomics measurements mapped to the pathway above
the user defined upper-limit

Metabolomics: % values above limit

percentage of Metabolomics measurements mapped to the pathway
above the user defined upper-Llimit

Transcriptomics: Mean expression
below limit

mean of Transcriptomics measurement level from the values mapped to
the pathway below the user defined lower-limit

Proteomics: Mean expression be-|

mean of Proteomics measurement level from the values mapped to the

low Llimit pathway below the user defined lower-limit
Metabolomics: Mean expression|mean of Metabolomics measurement level from the values mapped to
below limit the pathway below the user defined lower-limit

Transcriptomics: % values below
limit

percentage of Transcriptomics measurements mapped to the pathway
below the user defined lower-limit

Proteomics: % values below limit

percentage of Proteomics measurements mapped to the pathway below
the user defined lower-limit

Metabolomics: % values below

limit

percentage of Metabolomics measurements mapped to the pathway
below the user defined lower-limit

Not omic-specific: % values mea-|
sured over all omics

Percentage of all omics measured and mapped to the pathway combined
in relation to all omics entries in the pathway.
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not have to parameterize the OPTICS clustering (for epsilon, we use the
default value of 00). We assign the noise entities to a virtual cluster that
is marked in the final visualization to illustrate that these entities are not
similar (region with light gray background; see, e.g., Figure 21, @).

In these next steps, the space formed by the above-mentioned high-
level hierarchy nodes is partitioned in a way that both the distance from
one cluster to another and the proportion of nodes contained vs. space
allocated are considered. He et al. [110] use rectangular regions for the
clusters in this step and try to optimize their placement to reduce edge
crossings. In contrast, we use a circular layout, in which a Voronoi
treemap is used to allocate space [17, 193]. This results in a layout in
which similar clusters are placed next to each other (see Figure 22).

After the cluster space is allocated, the nodes are distributed inside
their cluster regions. For this final step in our layout pipeline, we use
an adapted version of the ForceAtlas 2 [123] layout algorithm, modified
to restrict the layout to a convex polygon. We randomly position, the
pathway nodes inside the Voronoi-cell, disconnecting it from the UMAP
embedding space. We apply weights using a simple weight function.
Nodes belonging to the same Reactome superpathway will be weighed
more than other edges (R5). Thus, all pathways in a cluster that belong
to the same superpathway will be placed closely together. This shows
the semantic relations of the pathways based on the Reactome hierarchy
and, thus, facilitates the analysis using biological domain knowledge. He
et al. [110], in contrast, again only optimize the layout by using intra-
and inter-cluster connectivity and minimizing edge crossings.

Since the nodes of the network represent whole pathways and multi-
omics data is used, the amount of data per node can be large and diverse.
This makes it challenging to give the user an overview of the measured
data per pathway. We propose a radial glyph representing the multi-
omics data contained in the respective pathway. Our glyph is divided
into equally-sized radial sectors, depending on the number of omics to
be displayed, i.e., two half circles for two omics types, three third-circles



Chapter 5 - BioVis

Figure 22: visMOP overview annotated to show similar cluster aggregate nodes in
groups. As the aggregated nodes indicate the average regulation of the supplied
omics data of the pathways contained in the cluster, this grouping thus also groups
by average regulation. The cluster regions similar to each other are placed in
proximity to each other, leading to contiguous groupings. The m/m -dashed line
highlights the fact that clusters, although sharing similar coloring for two of the
three omics, can be separate due to the lack of measurements in the third omic
type. The other colors indicate different trends in the respective clusters.

for three omics types, etc. (R1/R2). Each sector is split into an outer and
inner ring, as shown in Figure 23 (right). The outer ring presents the
regulation data per measured entity and is, therefore, again divided into
equally sized radial sub-sectors. Each sub-sector represents one omics
measurement for an entity in the pathway (e.g., the transcription rate
of a certain gene or the abundance of a certain protein). To convey
this information in a simple way, we color the sub-segments according
to their sorted measurement data, using a diverging color map from
red (high positive regulation value) over white (neutral, no up-/down-
regulation) to blue (high negative regulation value) (R1). The inner ring
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is used to display the number of measured molecular entities in relation
to the absolute number of entities of the same type that are contained
in the given pathway (dark gray portion). An annotated version of the
glyph additionally shows these key information as text (Figure 29).

We also designed a simplified version of this glyph for scenarios in
which the zoom level makes the detailed reading of values infeasible.
The simplified glyph is shown in Figure 23 (left). Here, the average of
the regulation values for each omics type is computed and mapped to
the corresponding color. Furthermore, we do not show the inner ring,
thus providing more space for showing the average regulation value.
This supports the at-a-glance analysis of the average regulation of the
respective omics level per pathway (R4).

We chose a radial glyph for several reasons. Radial glyphs have been
successfully applied in a similar scenario where a large amount of glyphs
is drawn in proximity to each other [85]. As nodes can be positioned
rather close to each other in our layout, a linear glyph could lead to that
undesired effect that bars could appear to be continuations of other, un-
related glyphs. Additionally, linear glyph designs could imply different
degrees of importance to the different omics types due to the sorting.
That is, radial glyphs allow for a clear separation of single pathways and
do not impart any inherent hierarchy to the different omics (R3). Our
circular design also easily scales with the number of displayed omcis
types (R2).

We implemented our approach as a prototypical web-based client-server
application shown in Figure 21. On the server side, we used a python
flask [229] backend to perform the mapping of the measurement vari-
ables to the Reactome pathways and to calculate the clustering using
the UMAP [172] and OPTICS [10] implementations of scikit-learn [207].
Furthermore, all Reactome data like the detail pathways are served by
the flask backend.
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Figure 23: Glyphs for different levels of detail using a blue-white-red diverging
color scale (E Ml ) to encode measurement values. The high-detail version
shows discrete circle segments for each entity and the measurement coverage,
while the low level-of-detail version uses averaging to reduce the amount of
information.

The remaining functionality of the prototype is facilitated by the
client-side frontend, developed using TypeScript and Vue.js. For the
network visualization, d3.js [29], a Voronoi treemap plugin for d3 [151],
and customized versions of the WebGL-accelerated Sigma.js [215] and
ForceAtlas2 [123] are used. Our prototype contains four basic Ul
sections: an input sidebar for data selection, the main canvas showing
the overview pathway network, a resizable view displaying the detail
pathway, and a menu to parameterize the filtering and control the intra-
cluster layout. For the detailed algorithmic pipeline see Figure 24.

Since the visMOP network is designed to support the user in examining
different data sets for different characteristics, there are various ways
to customize the network to suit personal needs. The users can filter
the input data by any data column supplied with the data. This can
be but is not limited to, the data variable used for mapping onto
the Reactome hierarchy. In addition, the user can select from a list of
statistical parameters per omics type, according to which the pathways
should be clustered, and can, thus, influence the layout. After these two
settings have been made by the user, the data is sent to the server to
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Figure 24: visMOP pipeline overview. Using the interface of the presented proto-
type, users can input up to three different omics types (transcriptomics, proteomics,
metabolomics). These input data is displayed in interactive tables. The user can set
up filtering for the data and can choose variables derived from the data to be used
in dimensionality reduction. The data is then sent to a backend to be processed for
mapping to the Reactome pathways. Using the selected parameters, the pathways
are embedded into a lower dimensional space with UMAP. With OPTICS, clusters
are detected in this lower dimensional space. Using UMAP a second time, a 2D
embedding is generated from the mapped pathway data. Cluster data, including
the mapping, the Cluster assignment and cluster positions (as defined by a cen-
troid) are sent to the front end for visualization. The mapping data is then used
to generated glyphs for each pathway. These glyphs are then used as nodes in
the overview graph. Utilizing the cluster assignment and cluster centroids, a hier-
archical treemap is generated. Interaction with the overview graph, coupled with
linkage to other visualizations, offers the user an exploratory analysis of the sup-
plied data. The other visualizations include a detail view, in which specific pathways
are queried, and the mapped data is visualized in the Reactome pathway layout.
Furthermore, multiple pathways can be selected for comparison, here the glyphs
become interactive and individual measurements and omics can be investigated.

be summarized into pathway datasets. These are then sent back to the
client together with the clustering data and subsequently, the network
is drawn.

Depending on the zoom level, the pathway glyphs are either shown in
full or reduced detail, as explained in Subsubsection Pathway Glyphs.
When the user further reduces the zoom level, the pathway nodes get
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Figure 25: When the zoom level is reduced below a threshold, the pathway nodes
inside the clusters are aggregated into larger nodes utilizing the low level-of-
detail glyph .

aggregated into one node per cluster (Figure 25). Each of these cluster
nodes is shown using the low-detail variant of the proposed glyph design
to show averages over all pathways that are part of the aggregated
cluster. If the user selects a node, a focused and zoomed-in state of the
respective cluster is shown, which again contains all pathway glyphs of
this cluster (Figure 26) (R4), i.e., hiding all other clusters.

As the size of the glyphs only allows for a limited in-detail inspection, the
user can select one or more pathways to add them to a small multiples
view, the pathway compare functionality, which allows the user to com-
pare different pathways (R1/R4). As shown in Figure 31, the interactive
glyphs additionally contain text labels showing the data values. This
includes the total amount of entities, the proportion of measured entities,
as well as the average measurements per omic when the corresponding
section is hovered. The user can interact with these glyphs, switching
their order via drag-and-drop or via mouse-over, which will display the
name and associated data value of the respective molecular entity, or the
average value of the respective omics category. Furthermore, utilizing
the input data tables, the user can interactively search and select one or
multiple molecular entities, highlighting pathways containing the union
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Figure 26: Clicking a cluster aggregate node hides all structures not belonging to
the cluster and instead displays the cluster in a zoomed state in the center of the
canvas.

and intersection sets of the selected entities, respectively (Figure 27). The
table (Figure 21, @) is located in a collapsible section on the left of the
application, shared with the pathway compare functionality, between
which it is possible to switch.

To reduce clutter and increase the focus on the selected characteristics,
the user can apply filters, which act on the pathway level (see Figure 21,
®). Here, several predefined filter criteria can be used to hide pathways
in the visualization. In our prototype, these criteria are: belonging to
a Reactome pathway superpathway, sum of measured values (relative
and absolute), average changes, and relative or absolute coverage of the
pathways for each omics type.
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Figure 27: Selecting entries in the input data table highlights pathways containing
the selected entities in blue, indicating a union, or green, indicating an intersection
of all selected entries.

[

ey i =)
imer =

cytosol

Figure 28: Excerpt of a detail visualization of a pathway, using the Reactome
layout. Measured entities are mapped onto their corresponding nodes. Metabolites
are colored by the corresponding measurement value. Single protein nodes are
split at the center, showing color information about transcriptomic and proteomic
regulation. Complexes are divided into thirds and colored by transcriptomic, pro-
teomic, and metabolomic regulation. These complex nodes can be clicked to show
a labeled detail glyph containing all the members of the complex (analogous to the
pathways, as shown in Figure 29).

The overview visualization constitutes the centerpiece of this visual
analytics approach. However, it has—by design—certain limitations with
respect to the details that are available when zooming in. Due to the
missing details about the interactions of the molecular entities, it can be
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Figure 29: Using the detail view of the “Metabolism” super pathway, an Overview
glyph of the Metabolism of lipids sub-pathway can be shown by clicking on the
corresponding pathway node.

difficult to investigate more complicated research questions or to further
refine hypotheses generated via the overview visualization. Thus, users
can select a pathway to display the pathway diagram on a molecular
level (see Figure 21, ®). We choose the layout and node/link encoding
provided by the Reactome pathway browser (see Figure 20 right) to pre-
serve mental maps established by users familiar with Reactome (R5). We
draw the diagram in grayscale and apply the same diverting red-white-
blue color map that was used for the regulation values in the pathway
glyphs to the molecular entities in the pathway diagram (see Figure 28).
That is, the omics measurements are color-coded onto the corresponding
visual elements, which was shown to be beneficial in other tools [158,
161]. This way, users can investigate the regulation of the molecular
entities in detail and immediately see where no data values are available.
The pathway diagrams can also be panned and zoomed.

A central element of the Reactome detail pathway diagrams are com-
plexes. This is due to the fact that many biological processes are not
facilitated by single molecular entities, but instead through an interplay
of several molecules or multi-meres of the same one. To keep the familiar
appearance of the original Reactome visualization and to reduce visual
clutter, the complex elements are only colored by the average value
per entity type (like the low-detail glyphs). Analogous to the overview
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glyphs, the user can click on a complex to show a glyph that shows each
of the molecular entities partaking in the complex (Figure 29).

In this section, we present an exemplary workflow using real-world
multi-omics measurements, which was executed together with a domain
expert, and the feedback provided by the expert. To this end, datasets
were supplied by the expert that had previously been analyzed separately
for the three different omics domains.

Our visMOP approach primarily focuses on generating a rich overview
to facilitate an exploratory data analysis, while allowing more detailed
observations using several linked detail-on-demand views and tech-
niques. To our knowledge, none of the other methods and available
tools offers a data-driven layout approach that is interactively parame-
terizable and allows expert users to generate network overviews that
allow them to focus on exploring the data to discover entry points for
further analysis. The recomputation of the layout only takes in the order
of seconds for typical data set sizes. Consequently, users can adapt the
layout interactively while investigating the data, in case the user wants
to explore the data with a different focus.

Below, we show the application of our prototypical implementation of
visMOP on a real-life experimental dataset from M. musculus (house
mouse) by performing a basic workflow to generate new hypotheses.
The data [118] were acquired in an experimental study investigating
the effects of high-caloric feeding on mitochondrial lipid metabolism in
the context of fatty liver disease. Samples were taken from liver tissue,
and transcriptomic analysis was performed on whole tissue. Proteomics
was performed on isolated mitochondria. Lipidomics analysis, ie., a
metabolomics analysis focused on lipids and lipid metabolites, was per-
formed on both whole tissue and isolated mitochondria. This results in
measurements for a reference control group and an interventional group,
the group that was fed the high caloric feed. From these, differences
per measurement, the fold change, can be calculated. From more than
12,000 and 900 measured transcripts and proteins, respectively, 5,936 and
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654 entities could be mapped to Reactome identifiers. The lipidomics
measurements were mapped to 37 identifiers, corresponding to either
individual lipids or sums of lipid classes with mitochondrial or pan-
cellular localization. While this represents a considerable loss of data,
Reactome takes great care to only include interactions backed by liter-
ature evidence, increasing confidence in the overview [127, 277]. As new
evidence is published, new interactions are added to Reactome with each
new revision, reducing the loss of data.

For the initial clustering and layout, no input parameters were changed
in visMOP to fully utilize the data, i.e., no filtering or setting of the
metrics used for clustering. The first inspection of the overview revealed
that it was not focused enough for the planned investigation. Therefore,
the input values that are considered in the clustering step of our layout
pipeline were adapted: the minimum fold change limit for the metabo-
lites was removed (since small changes in lipid concentration were of
interest), unregulated entities were excluded from the clustering (since
they are of little relevance here), and size of the Reactome pathways was
not considered (since we did not want to focus on pathway size). After
this adaption of the layout, the complete overview network was again in-
spected to search for any noticeable high-level trends (Figure 22). In this
case, a first general observation is that several clusters contain glyphs
with a rather subdued coloring (Figure 22 M), indicating relatively little
change in the omics. While other clusters show strong tendencies to
red (Figure 22 M) indicating up-regulation, or mixed between red and
blue (Figure 22 M) or blue and neutral (Figure 22 ). Another interesting
observation is the similarity in transcriptome and proteome coloring of
two cluster aggregate nodes (Figure 22 m/M-dashed), however, there
is no metabolic data associated to the pathways in one of the clusters,
which is a reason why they are separated. Furthermore, it is of notice that
the aggregated cluster nodes in Figure 22 M appear relatively similar.
As the layout, however, uses data statics other than the average fold
change, clusters might form that do have similar average fold change
characteristics but differ otherwise.
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Figure 30: (a) visMOP overview with the “Metabolism” superpathway selected,
highlighting all pathways in the respective hierarchy, and showing the detailed
view of the “Metabolism” superpathway. (b) The visual filtering utility of the proto-
type was used to filter pathways not containing metabolites

As the data stem from an experiment designed to investigate the
response to an energy-rich diet, an obvious starting point would be to
inspect pathways that are a part of the “metabolism” superpathway (Fig-
ure 30). To help find agglomerations and patterns in these pathways,
the intra-cluster layout positions pathways belonging to the same
superpathway in proximity to each other and the superpathway glyph.
Selecting the latter highlights all pathways assigned to, in this case, the
metabolomics superpathway. An immediate observation is that many
of the associated pathways are located in the two clusters containing
mostly red, i.e., up-regulated, pathways.

In agreement with the predominantly red color in the zoomed-out bird’s
eye view, the details of the metabolism superpathway glyph reveal that
most of the transcripts, mitochondrial proteins and lipid metabolites
detected and assigned to the pathway are increased in the liver of mice
fed the energy-rich diet (Figure 29). The inner sections of the glyph
also show that the coverage is much higher for the transcripts than for
proteins and metabolites, in agreement with the fact that these datasets
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were obtained from isolated mitochondria and using lipidomics, i.e., a
lipid-focused metabolomics analysis.

Next, the individual clusters connected to the Metabolism superpathway
can be inspected. The bird’s eye view shows that pathways pertaining
to the metabolism superpathway form sub-clusters in multiple clusters
and in the “noise”-cluster (Figure 30). Among these sub-clusters, several
do not contain data from all three omics types, in agreement with the
preselection due to the mitochondria- and lipid-focused protein and
metabolite analyses—a fact that can be easily visualized using the filter
functionality (Figure 30b).

One particularly large sub-cluster was selected for a detailed assessment
of the individual pathways using the “compare pathways” functionality.
Figure 31 shows the pathways contained in this sub-cluster that are
directly related to lipid metabolism. This view allows for a more detailed
interpretation at the pathway level. In this example, one striking obser-
vation is that not only metabolites—i.e., lipids—but also transcripts and
proteins are generally upregulated in pathways related to lipid metab-
olism. This includes several pathways concerned with the metabolism
of fatty acids, in agreement with the original study [118] and indicates
that the increased amount of fatty acids supplied with the fat-rich diet in
the study caused an increased utilization of these in the abovementioned
pathways. In contrast, individual proteins and transcripts assigned to
the fatty acyl-CoA biosynthesis pathway, i.e., a pathway concerned with
the synthesis of fatty acids, showed a higher degree of downregulation.
The metabolites associated with this pathway are colored in red, indi-
cating an increase, but clicking this section of the icon quickly solves
the apparent contradiction and reveals that these are fatty acids, likely
derived from the diet and not from synthesis in the organism.

This concludes the exemplary workflow on how a hypothesis can be
generated using visMOP, which can then later be confirmed via different
means. In this case, we showed a tendency in the data which was previ-
ously analyzed in detail and published [118]. There are a multitude of
different entry points for further detail analysis, e.g., other clusters fo-
cusing on other processes. Additional analyses of the same dataset could,
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Figure 31: By selecting pathways for the “Pathway Compare” utility of our proto-
type, high detail versions of the pathway glyphs can be easily compared. Here,
pathways associated with lipid metabolism are shown for Cluster 1 (Figure 30 @)

for example, investigate the makeup of the blue clusters, indicating
downregulation, or the makeup of the with respect to the different omics
differentially regulated cluster. This shows that the presented overview
approach can be successfully used to open up the dataset to different

research directions, increasing the knowledge yield of time-consuming
and costly experiments.
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In general, the experts reported that our approach offers an innovative
way of investigating the data. They particularly mentioned that the
clustered view is helpful to get quick insights into the general structure
of and an overview of the data. At the same time, they felt that visMOP’s
layout and design motivated them to explore the data.

We presented visMOP, a visual analytics approach for multi-omics
pathways that combines pathway-level glyphs with a data-driven layout
algorithm to facilitate an exploratory analysis workflow. Our main con-
tribution is the overview visualization, not only abstracting the data but
using the underlying structure to support the exploratory analysis. In our
prototypical implementation, users can investigate experimental data
from up to three different omics domains, to explore the measured data
and search for interesting trends, correlations, and outliers. However, our
approach is not theoretically limited to the presented omics types and
could be extended straightforwardly to support more types. Similarly,
while we currently use pathway data from Reactome, extending our
approach to utilize other databases like KEGG would be straightforward.
Filtering, details-on-demand, as well as level-of-detail visualizations,
allow the development of more focused hypotheses for further bioinfor-
matics or biomedical analyses. We demonstrated the applicability of our
approach in a basic workflow using a real-life data set from mice.

During the design process and the implementation of visMOP, several
important insights were gained. In the beginning [147], we attempted
to create a unified overview using existing pathway visualizations, like
KEGG pathway maps, to show all details and fully maintain the user’s
mental map. This, however, resulted in a visualization that was too
cluttered and difficult to use, as confirmed by our domain experts. We
realized that combining familiar visualization, i.e., decorated detail path-
ways utilizing known layouts, with novel types of visualization yields a
more accessible result. One such novel visualization is the data-driven
clustered overview. We also realized that for complex and detailed data,
a “fingerprint”-style [137] visualization, like our glyphs, can be more
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helpful than a more fine-grained display of the data. This is especially
true for the presented overview concept, where general trends in the data
might be more relevant than specific results, and could be transferred to
similar works in which giving an overview is the main focus.

In its current form, visMOP only supports the direct comparison of one
experimental group with a reference at one given time point. While
this satisfies many experimental setups, some scenarios are not covered;
including time-series experiments and multi-condition setups. These
directions offer challenges, as the cluster space might change over time,
making a consistent yet clutter-free visualization difficult.

While the glyph design allows an at-the-glance overview of the pre-
sented use cases, the radial division for the omic types might result in
limited scalability. As the detail-level Reactome pathways themselves
are limited in size, to be readily understandable by a human, this only
affects the overview pathways. For the overview pathways, differentiat-
ing the entities can indeed become difficult, but in these cases, the outer
channels act as a “fingerprint”, allowing for a qualitative comparison of
the overview pathways. Furthermore, while this is not an issue for three
omics types, higher amounts of omics would make memorizing the order
of omics more cumbersome. However, as most biomolecular experiments
do not collect more than the omics types presented, with maybe one or
two more, this has little impact on the applicability of the glyph.

Both hierarchical and direct connections between the different pathways
are only drawn on demand. This is due to the high amount of edge cross-
ings and the generally high level of connectivity of the graph. While this
preserves the readability of the graph, it also makes it hard to evaluate
connectivity trends of the graph as a whole, which contradicts the idea of
an integrated, comprehensive data analysis we try to foster with visMOP.
Thus, we plan to employ techniques like edge bundling to reduce the
cluttering introduced when displaying the entirety of the edges while
simultaneously making trends with regard to the edge connections more
visible.
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To increase the visual analytics capabilities of visMOPs, pathway enrich-
ment analysis could be added. These enrichment values could either
be used as further input values for the overview layout, or filtering
pathways. This could reduce the chance of including irrelevant pathways
in the clustering or the visualization. Additionally, further aspects for
analyzing the specific omics are conceivable. One example would be the
integration of protein-protein interaction networks, which can be used
to investigate if proteins of interest found during the previous analysis
interact with each other.

While we already offer user choice by filtering the input data and by
means of selecting from a variety of derived variables, further possibil-
ities to influence the clustering would increase its value. Weighting the
derived variables, e.g., using UMAP with a different distance metric,
would allow users to emphasize some attributes without disregarding
others. Thus, investigating the effect of different distance metrics and
even dimensionality reduction and clustering approaches on the quality
of the results would be an interesting direction for future research.
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ProtEGOnist is an approach originally developed to visualize protein-
protein-associations from the STRING [265] database as a contribution to
the Bio+MedVis Challenge 2023 [145]. ProtEGOnist won this challenge
and as a follow-up we decided to expand the scope from protein-protein-
associations alone, to be applicable to all kinds of small-world networks.
This version, with its expanded scope, was published. Therefore, the
primary example highlighted in the paper is not one of the biomedical,
but instead from the social science domain.

( )

The following text and figures was published as [34] N. Brich, T.A.
Harbig, M. Witte Paz, K. Nieselt, and M. Krone. 2024. ProtEGOnist:
Visual Analysis of Interactions in Small World Networks Using Ego-
graphs. Computer Graphics Forum 43, 3 (June 2024), e15078. https://
doi.org/10.1111/cgf.15078. Only minor changes were made. These
are the removal of the funding information as well as the inclusion
of the material previously placed in the supplementary material

\.

Networks are used to model a wide array of systems. Depending on the
underlying data, networks can differ in their parameters, size, density,
and connectivity. Many networks such as social networks, biological
networks, transportation networks, or citation networks exhibit the
small-world property, which means that most nodes can be reached from
any other node in a small number of steps [176, 291]. A famous example
of this property is the idea of the 6-handshakes rule also known as six
degrees of separation, stating that every person in the world only has a
distance of a maximum of six handshakes from any other person [132,
190].

The small world property is also prevalent in many biological net-
works [18] like PPI networks, which play a crucial role in modeling and
understanding the intricate mechanisms governing cellular processes.
In PPIs, proteins are seen as nodes, while interactions are represented
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Figure 32: ProtEGOnist uses ego-graphs for the visualization of small-world net-
works (in this case, the Escherichia coli protein-protein interaction network). (a) The
network of ego-graphs visualized as aggregated glyphs gives an overview of the
network with edges visualizing similarity. % The edges are weighted by the Jaccard
index of the two respective ego-graphs represented by the nodes. (b) A radar chart
shows the similarity between a selected ego-graph (center, yellow node in (a)) and
its neighbor ego-graphs grouped by metadata. Circles representing ego-graphs
that are included in the subnetwork are highlighted by an orange outline. (c) An
ego-graph subnetwork selected from the overview (orange nodes in (a)) provides
details. Three ego-graph nodes are deaggregated forming an ego-graph group for
a detailed comparison. The ego-graphs contain all nodes with a maximum distance
of two.

by edges. Traditionally, two proteins are considered interacting if they
bind physically. However, the concept is often extended to other indirect
connections, such as the spatial proximity of the corresponding genes in
the genome or co-occurrence validated in the literature.

Typical visualizations for small-world networks include node-link dia-
grams or matrix representations [84]. Links in our case represent
any type of interaction, e.g., interacting proteins or “interacting”
researchers co-authoring a paper. Visualizing complete networks with
many thousands of nodes as node-link diagrams typically results in a
cluttered, hairball-like structure, especially when using standard force
layouts [194]. Moreover, the sheer number of nodes and interactions
makes it challenging to find nodes of interest and do a targeted compar-
ison of their neighborhoods.
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Oftentimes, single nodes serve as starting points when analyzing small-
world networks, such as oneself or a famous person in a social network.
Usually, it is meaningful to inspect not only immediate contacts but also
indirect ones. Social science studies have shown that in social networks
such indirect contacts can affect, e.g., a person’s happiness [86] and their
ability to find a job [208]. In PPI networks, a node of interest could be
a protein that is the research focus of a biologist. Indirect connections
are studied, e.g., when analyzing metabolic pathways. This is, e.g.,
important in PPIs showing physical interactions. It has been shown that
proteins with the same interaction partners rarely interact directly [144].
Common path lengths for PPI networks are between four and five [298],
thus, contacts with a distance higher than two tend to cover very large
portions of the network [6].

To study such local subnetworks around nodes of interest, ego-graphs
can be used [260]. Originally developed for the study of social networks,
this approach focuses on the local neighborhood of an individual node,
instead of showing all nodes and interactions. An ego-graph consists of
a central node of interest—the ego—and its local neighborhood in the
network—the alters. Degree-1 alters are alters with a direct connection
to the ego. Degree-2 alters have direct connections to degree-1 alters, but
not to the ego. That is, 1-level ego-graphs only consider degree-1 alters,
and 2-level ego-graphs consider degree-2 alters as well. Typically, 2-level
ego-graphs are used [305], i.e., “friends-of-friends” networks.

We developed ProtEGOnist, a novel visualization approach for the explo-
ration of small-world networks that uses 2-level ego-graphs to aggregate
local neighborhoods represented by glyphs. (Figure 32). Initially, ProtE-
GOnist was submitted as a contribution to the Bio+MedVis Challenge
2023 [145] for redesigning the visualization of a specific PPI network
by Gongalves et al. [98]. The challenge dataset included a PPI network
together with protein-drug associations predicted using a deep learning
approach developed by the authors called DeeProM. The original visual-
ization was a static figure (Figure 7F in original publication) showing the
PPI network as a node-link diagram with 8,395 nodes and 66,721 edges.
The main point of the challenge was to provide a less cluttered view of
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the network that includes overviews as well as detailed visualizations
that are enriched with metadata. Moreover, the challenge specified the
need to focus on specific proteins and explore their relationship. Based
on the visualization of this dataset, ProtEGOnist was awarded as the best
contribution to the Bio+MedVis Challenge 2023.

Our contributions can be summarized as follows: we present a universal
approach for the exploration of small-world networks with many thou-
sands of nodes. Our approach focuses on ego-graphs, i.e., placing the
individual in the center as the ego and thus making it the “protagonist”
of the graph (Subsubsection Ego-graph Concept & Visualization Design).
To achieve this, ProtEGOnist creates a network of ego-graphs from
an input interaction network and uses specifically designed glyphs to
visualize these ego-graphs (Subsubsection Glyph and Ego-Graph Group
Redesign). The edges in the network of ego-graphs are weighted by the
similarity of the ego-graphs, which is calculated as the Jaccard index of
the node sets for each pair of nodes. This concept allows for an explo-
ration from an overview level down to analyzing subsets of ego-graphs,
comparing up to three ego-graphs in detail, and inspecting single ego-
graphs (Subsubsection Visual Interface & Application Design). Using the
taxonomy proposed by Filipov et al. [84], we would position ProtEGOnist
as a group network visualization, since the ego-graphs represent groups
of nodes based on neighborhood. Using the Vertex Group Structure
Taxonomy by Vehlow et al. [278], we would describe ProtEGOnist as an
overlapping hierarchical structure, which they found only in a single
approach.

We demonstrate the effectiveness of our approach using three exemplary
use cases. The first one is a co-author network built from IEEE VIS
authors [121], i.e., a social network (Subsubsection Co-author network).
The other two show that our approach can be used for domain-specific
datasets, such as visualizing PPI networks: we applied ProtEGOnist to
a PPI network of Escherichia coli (Subsubsection lac operon in E. coli
Protein-Protein Interaction Network) and a human PPI with metadata on
drug-protein associations provided for the Bio+MedVis Challenge 2023
(sec:deeprom).
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Simple node-link diagrams are the most commonly used visualization
techniques for networks [192]. They are, e.g., popular for visualizing PPIs
and are used by STRING [265] and the well-known network visualization
tool Cytoscape [248]. Although node-link diagrams are conceptually
intuitive and powerful for visual analysis, they quickly suffer from
overdraw, layout problems, and clutter for larger networks [194].

Therefore, approaches beyond force-directed node-link diagrams, dif-
ferent layouts [262] including hierarchical layouts [12], on-node
encodings [73], and hybrid network visualizations [9, 113] have been
developed. For more in-depth insight into the vast literature on network
visualization, refer to the recent state-of-the-art reports by Filipov et
al. [84] and Nobre et al. [192] as well as the literature mentioned in
Subsection 5.1.5.

To reduce the amount of clutter created by the edges, various approaches
are used. Edges can be partially indicated [40] or even omitted com-
pletely. An omission is only viable if edges are implicit or not of interest
in the applied layout, for example, when applying containment to
cliques. Both approaches can be enriched by drawing the edges in full on-
demand [250]. Moreover, edge bundling can be used to use topological
or semantic information to merge edges into bundles [119, 307]

A general approach to reduce the clutter in a node-link diagram is to
reduce the number of elements via grouping, clustering, or aggregation.
Grouping can be utilized using underlying semantic information to
generate containment for groups sharing specific attributes [26, 250].
These approaches depend on semantic metadata suitable to the applied
grouping method and the underlying goal of the analysis. Alternatively,
networks can be grouped purely by topological measures, for example,
grouping into subnetworks of densely connected nodes or by creating
ego-graphs for a set of manually or computationally determined nodes
of interest.

Aggregation is often used by merging nodes into distinct glyphs, increas-
ing readability [66]. In one such example, Vehlow et al. [279] visualize
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multiple overlapping hierarchical networks using node-link diagrams.
In their fuzzy-communities approach, they display an overview using
multiple levels of abstraction. Depending on the chosen level, some or all
nodes are collapsed into meta-nodes, which encode network member-
ship-heterogenicity using the fuzziness of the shape.

Alternative techniques go further by substituting glyphs for other
standalone visualization types, like adjacency-matrices [113], chord
diagrams [9] or customizable plots such as line- and bar-charts [73].
While these approaches aim at visualizing groups in general, specialized
visualization types have been developed for ego-graphs, aiming at dis-
playing their inherent hierarchical structure with an ego and alters. The
EgoComp approach uses a hybrid network visualization for comparing
ego-graphs in social networks [156]. It applies both an implicit hierarchi-
cal layout for the visualization of ego-graphs and a conventional node-
link layout for linking identical nodes between the compared graphs.
For the visualization of ego-graphs, nodes are placed around a center in
partial circles according to their distance from the ego. The half-circles
of the two compared ego-graphs are facing each other. Since two ego-
graphs can contain the same nodes, edges connect the respective nodes
to express identity.

Ego-graph visualizations are extensively used in the domain of dynamic
graphs, as shown in a recent review by Kale et al. [129]. While dynamic
graphs represent a data structure with specific tasks and use cases, some
of the visualization concepts apply to static graphs. Visualizations of ego-
graphs in dynamic networks include node-link diagrams using a stress-
majorization layout [219] circular glyphs [295], radial layouts [216, 224],
linear layouts [88, 305] as well as combinations of the aforementioned
approaches [249]. EgoSlider aggregates an ego-graph into a pie- or bar-
chart glyph- They encode changes in the properties of the graph at
different time points. The authors use the circular variant as default,
arguing that the design serves as a “metaphor of an ego surrounded
by alters” [295]. This metaphor corresponds to a radial approach to
visualizing target-based graphs, where the center node of the node-
link diagram effectively considers the graph as the root of a rooted
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tree. It is an approach commonly found in the literature [65, 293, 300],
especially in literature focused on ego-graph visualization [32, 79, 156].
Differently, EgoLines is an example of a technique applying non-circular
layouts when comparing an ego-graph at different states of a dynamic
network [305]. It visualizes ego-graphs as adjacency matrices, but as
they grow quadratically in size with an increasing number of nodes, they
are hard to interpret for large ego-graphs. The ego is placed in a central
position with alters placed outwards, inducing a hierarchy within the
alters even if not desired.

In addition to the general approaches, we also consider ego-graph
approaches for PPI networks relevant to our work as a contribution to
the Bio+MedVis Challenge [145]. The STRING database [174] is a popular
resource for PPI networks. It uses different interaction types to calculate
a confidence score for each protein-protein interaction. Ego-graphs are
shown when searching for a protein of interest [265]. The alters, are the
proteins that are directly connected with a query protein - the ego. This
1-level ego-graph is shown as a node-link diagram with a force-directed
layout. By default, it displays only the 10 highest-scoring interactions
to reduce the network size. Optionally, a second shell of interactions
can be displayed, showing the highest-scoring direct neighbors of the
interactors of the target query (2-level ego-graph). In contrast to STRING,
BioLinker [60] visualizes the entire network in an overview, where nodes
of interest can be selected and visualized as a subnetwork consisting of
ego-networks in a separate view. Moreover, BioLinker highlights the egos
such that they are visually distinct from the alters.

Another application using ego-graphs in biological networks is the
EgoNet algorithm [301], which identifies disease subnetworks. EgoNet
can be applied to PPIs where each protein is associated with protein
abundances (also called protein expression) at different clinical outcomes,
e.g., when comparing protein abundances in healthy and cancerous cells.
Starting with an ego, the tool iteratively adds alters and calculates if the
contained proteins suffice to predict the clinical outcome. This approach
shows how ego-graphs are used as a data structure to computationally
reduce the network size by focusing only on the most relevant nodes.
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Based on the Bio+MedVis Challenge 2023 [145] and aided by the task
taxonomy for graph visualization by Lee et al. [152], we identified the
following tasks for the development of ProtEGOnist:

Overviews can provide a starting point for the analysis [252], especially
in previously unexplored datasets and when there is no clear hypothesis
about the data. For this, we want to simplify the network and declutter it
by aggregating groups of nodes into meta-nodes. Then we can exploit the
small-world property to facilitate an overview showing the important
meta-nodes, like those covering a large part of the interaction network.
This can be described as an Overview Task.

Often the global context of entities of interest identified before explo-
ration, such as specific known individuals within a social network or
proteins within a PPI is of special interest. Van Ham and Perer [105]
present an approach applying the “Search, Show Context, Expand on
Demand” principle, which focuses on nodes of interest that can be
interactively added to the visualization and shown in the context of the
graph. A central aspect of ProtEGOnist should be the selection of nodes-
of-interest, which is best described as an Attribute-Based Task - On the
Nodes. For this, we want to create the meta-nodes based on the neigh-
borhoods of nodes of interest and need to find the nodes accessible from
these nodes (Topology-Based Task - Accessibility).

Moreover, we want to empower users to find similarities between
nodes, for example, by estimating the overlap between meta-nodes. We
also want to allow for a more meaningful and in-depth comparison of
meta-nodes. A user might want to find the nodes shared between the
corresponding neighborhoods. Both actions correspond to a Topology-
Based Task - Common Connection. Finally, we also want to allow the
users to utilize the metadata layer to find nodes fulfilling domain-specific
criteria. For example, metadata should be used for filtering nodes of
interest and mapped to visual channels. This can again be described as
an Attribute Task - On the Nodes.
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Based on these described tasks, we identified the following requirements
for ProtEGOnist:

R1 Overview: Apply filtering and aggregation techniques to pro-
vide a comprehensive overview showing the most relevant
meta-nodes(e.g., representing numerous interactions).

R2 Subnetwork context: Viewing meta-nodes in the local and
global network context.

R3 Detail: Allow a detailed analysis of meta-nodes, such as finding
shared nodes in subnetworks.

R4 Metadata: Provide the integration of further metadata on the
network, such as categories or measurements for the instances
represented by nodes.

We want to develop a layout that satisfies these requirements and
enables the defined tasks and thus results in a less cluttered visualization
in comparison to force-directed node-link diagrams like the one of the
Bio+MedVis Challenge.

We address the requirements defined above with ProtEGOnist using ego-
graphs. Interaction networks consist of nodes representing entities, such
as proteins in PPI networks or people in social networks, and edges rep-
resenting interactions between them. Instead of visualizing every node
and interaction individually, ProtEGOnist groups nodes and interactions
into ego-graphs and represents them as circular glyphs. Similarity values
are calculated for every pair of ego-graphs using the Jaccard index of the
sets of contained nodes, i.e., the intersection size divided by the size of
the union. Using the similarity values, an ego-graph network is created,
where the nodes are visualized using the ego-graph glyphs. The small
world property can be exploited to create an overview since a compara-
tively small set of ego-graphs is sufficient to cover a relatively large set of
nodes of the original network (R1). The glyphs provide additional details
about the ego-graphs contained in the network and their relation to each
other (R2,R3).
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Figure 33: Ego-graphs and ego-graph networks, the concept of ProtEGOnist. (a)
A single ego-graph can be visualized in detail or aggregated. The detailed view
shows the ego in the middle of a circular graph layout. Degree-1 alters are placed
on the inner circle, and degree-2 alters on the outer circle. Nodes are colored
corresponding to their number of interaction edges (few interactions Wl many
interactions). The interaction edges are only displayed when hovering over a node.
The aggregated view of an ego-graph encodes the number of alters via the area
of the glyph. (b) An ego-graph subnetwork consists of single ego-graphs and
ego-graph groups. In this view, similarity edges connect single ego-graphs. Their
width and opacity encode the Jaccard index between the respective ego-graphs. (c)
Visualization of an ego-graph group. Ego-graph groups are arrangements within
the ego-graph network of up to three detailed ego-graphs with identity bands
connecting identical nodes. A darker blue indicates nodes occurring in all three ego-
graphs, while the lighter blue indicates only pairwise intersections.

We use 2-level ego-graphs, i.e., all alters have at most a distance of two to
the ego, to achieve a reasonable reduction of the original network as well
as to offer visually feasible comparisons between any two ego-graphs.
Each node can be chosen as the ego of an ego-graph. To represent a
single ego-graph, we have designed two types of radial glyphs: a detailed
one and an aggregated one (Figure 33a). The detailed glyph (Figure 33a,
top) visualizes the alters as ring segments in two circular levels around
the ego (R3). The circular layout highlights the central role of the ego
and represents a space-efficient layout for its alters. The first, inner level
contains all degree-1 alters, while the second, outer level contains all
degree-2 alters. The ego is represented by a filled circle in the center. To
visualize the connectedness of the alters, the ring segments representing
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the alters as well as the ego circle are colored to represent their node-
degree in the network (few interactions Bl many interactions). To
avoid clutter, the interaction edges of the alters are only shown on
hover. The aggregated glyph (Figure 33a, bottom) is a simplified, abstract
version of the detailed glyph. It consists of two concentric circles to
symbolize the two levels and a black dot in the center to represent the
ego. The background of the glyph can be colored to represent a certain
property of the underlying ego-graph. The size of both the detailed and
the aggregated glyph can be scaled to illustrate the number of elements
in the ego-graph, that is, the cardinality of the ego-graph itself. For the
detailed glyph, this is a deliberate double encoding that makes it easier
to compare the size of two ego-graphs instead of counting the circle
segments representing the nodes. Optionally, circular text labels on top
of the glyph can show the name of the ego (Figure 32). The font size is
scaled with the size of the glyph, and the text labels are automatically
discarded if the glyph is too small.

The glyphs can also be used as the nodes of an ego-graph network (R2),
where the size of each node encodes the cardinality of the ego-graph and
the edge widths encode the similarity using the Jaccard index (similarity
edges, Figure 33b). By default, ego-graphs are represented as aggregated
glyphs that can be expanded on demand to show the detailed glyph for
an in-depth analysis.

Connected ego-graphs can be selected to form an ego-graph group to
show in detail which alters are shared between the ego-graphs or unique
to an ego-graph (R3). The groups show the ego-graphs as detailed glyphs
and the numbers of shared alters as identity bands (Figure 33c). We
restrict groups to three ego-graphs to eliminate crossing bands. In the
case of an ego-graph group with three ego-graphs, we divide each ego-
graph circle into four sections: one for alters unique to the respective
ego, two for alters shared between any two ego-graphs, and one for
alters shared between all three ego-graphs. The three detailed ego-graph
glyphs are placed to form an equilateral triangle. The sections shared
between all three graphs are arranged to face towards the center of the
imaginary triangle (dark blue), while the pairwise sections face towards
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each other (light blue), and the section containing the unique nodes
faces away from the triangle center. The shared sections are illustrated
by contour arcs covering the corresponding nodes of the detail glyphs.
The arcs on the glyph surfaces are connected via identity bands to
visualize that the corresponding sections in the ego-graphs contain the
same nodes. These curved bands are optimized to avoid sharp angles or
crossings by positioning them off-center to the corresponding arc. The
colors of the bands match the arc color and facilitate distinguishing the
portions of nodes shared between two and three ego-graphs. If the group
only consists of two ego-graphs, only a single section is generated for
the shared nodes, and the two ego-graphs are placed on a horizontal line.

The alters in the detailed ego-graphs are sorted separately. Within the
sections, they are sorted by three criteria: (i) Their distance to the ego,
(ii) their average distance to the other egos in the ego-graph group, and
(iii) their node degree (R2). Thus, distinct subsections within the sections
emerge, facilitating the location of shared nodes with a specific distance
to the different egos.

As an initial idea for the submission to the Bio+MedVis Challenge, we
followed the approach implemented in egoComp [156], in which alters
shared between two ego-graphs are connected using edges (Figure 34a).
While this is feasible for comparing two ego-graphs in detail, we encoun-
tered several issues when using this in the ego-graph network and for
ego-graph groups (R3).

To avoid edge crossings, the sort order of shared alters in ego-graph
groups had to be identical in each graph. This caused some proportions
of the ego-graphs to remain in a non-logical order concerning the
node degree, and the general distribution of node degrees could not
be deduced visually. Moreover, we could not use the entire circle for
displaying alters shared between ego-graphs but only a portion to avoid
edges crossing the nodes. In the case of an ego-graph group of size three,
it was hard to visually distinguish alters that are shared between all
ego-graphs and alters shared between only two ego-graphs. In addition,
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Figure 34: Different concepts for visualizing ego-graph groups: (a) First concept as
submitted to the Bio+MedVis Challenge 2023. Nodes are encoded as circles and
connected to the instances of the same node with identity edges. (b) Redesigned
concept, where nodes are encoded as ring segments and identical instances are
connected with identity bands. (c) Shared-only mode, where alters not shared with
other ego-graphs in the group are filtered out.

identity edges could not easily be distinguished from similarity edges.
Furthermore, alters were encoded by circles in the previous version. For
large ego-graphs, the available space to arrange alters around the ego
is limited, leading to tiny radii when displaying circles. This in turn
caused a very poor “ink-to-space” ratio, which then made it very hard to
properly distinguish single nodes.

With the introduction of colored curved identity bands (Figure 34b), we
addressed all of these issues. The usage of identity bands leads to the
circle being split into sections, effectively creating a donut chart-like vi-
sualization of the grouping of nodes. Identity bands can be distinguished
from the similarity edges through the colors and the organic shape. By
drawing bands instead of individual edges, we can now use the entire
circle to display shared nodes, allowing the creation of a second view
mode that shows only nodes shared by any of the detailed ego-graph
instead of all nodes for all ego-graphs (Figure 34c, shared-only mode).
Lastly, the problem of a low “ink-to-space” ratio was tackled using
ring segments instead of circles to visualize the alters, as explained in
Subsubsection Ego-graph Concept & Visualization Design. Furthermore,
as individual identity edges are no longer drawn, more advanced sorting
criteria could be introduced for the segments leading to a natural parti-
tioning into subsections.
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Network overview: 55 ego-graphs covering 78.83% of the nodes and 90.12% of the edges of the given network.

Percent of nodes rep in ego-graph st (right) lin ego-graph subnetwork [[JRadar center 0
0

shin L4 (e A, o D
SIS R ©s SR &> 1, =% §’ ©
@ H 2 S 3 ; = 4 3
o= $ \\;bmin o
o O 5 :
< e X §

Q)

Q

09 Hs, %
o o @\Se/zé Duw, 3
T L Vil i R
& 5, olioo, X SERG 2
JOF ® O O @
[E) )

)
Figure 35: Network overview using a set of 100 ego-graphs representing authors
in a co-authorship network, covering 83% of the nodes and 95% of the edges of
the original network. The color scale from white to gray maps to the percentage
of nodes in the ego-graph currently visualized in the ego-graph subnetwork
(0% [ 100%). A node is colored orange W when it has been selected for
visualization in the subnetwork view. A yellow node  represents the current ego
selected for the radar chart visualization.

Visual Interface & Application Design

ProtEGOnist uses three main visualization components (Figure 32): a
simplified overview of the original network showing a static ego-graph
network (Figure 32a), a radar chart showing information about ego-
graphs similar to one specific ego-graph (Figure 32b), and an ego-graph
subnetwork (Figure 32c), which applies the concept of dynamically
de-aggregating ego-graphs to a user-defined subset of the ego-graph
network for a detailed analysis and comparison.

Overview

The overview shows a network of the most relevant ego-graphs
(Figure 32a, R1). Depending on the dataset, the set of most relevant
ego-graphs is already known (Subsubsection Human DeeProM Protein-
Protein Interaction Network). For a general solution, we propose the
following algorithm to extract an informative subnetwork of relevant
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nodes: provided that the input network has the small-world property, it
is possible to cover a large portion of nodes and edges with a compara-
tively small subset of ego-graphs. That is, the problem can be translated
into the Set Cover problem. Since this is an NP-hard problem [142], we
use a heuristic approach. We calculate the ego-graphs for every node
in the network and sort them by their cardinality. Then, we take the
largest ego-graph and remove the covered edges from the remaining
ego-graphs. We repeat this step until either a specified threshold of
interaction coverage (default: 90 %) or a predefined maximum number of
ego-graphs (default: 100) is reached.

The resulting overview network of relevant ego-graphs is visualized
using the aggregated ego-graph glyphs (Figure 35). The percentage
of nodes and edges in the original network covered by the resulting
overview ego-graph network is displayed as a text label at the top. Fol-
lowing the “show context” and “details on demand” principles, each node
in the overview can be selected for further inspection in the other views
(R2). Moreover, the coloring of the aggregated glyphs in the overview
provides context for the current selection for the visualizations. Glyphs
are colored orange if the corresponding ego is visualized in the ego-graph
subnetwork, and yellow if it is visualized in the radar chart. Ego-graph
glyphs in the overview that are not selected are colored using a white-
to-gray gradient, illustrating the percentage of nodes in the ego-graph
that are contained in the ego-graph subnetwork (0% (3l 100%). This
allows users to either focus on ego-graphs that have a high overlap with
the current selection (dark gray) or highly dissimilar ones (white or light
gray), depending on their current analysis task.

The radar chart provides information about a metadata attribute of
egos whose ego-networks are similar to the one of the selected ego.
(Figure 32b, R4). Similar to the aggregated glyphs, each circle represents
an ego-graph, with the area corresponding to its cardinality. The radial
distance to the center encodes the Jaccard index between the ego-
graphs, i.e., the closer a node is to the center, the more alters it shares
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Figure 36: Similar ego-graphs to a reference ego-graph (radar center) in a co-au-
thorship network classified by affiliation. The radar chart shows the 25 ego-graphs
most similar to the ego-graph in the center. The distance to the center corresponds
to the Jaccard index. In addition to the similarity, categorical metadata is visualized.
In this example, each circle represents the ego-graph of an author, while the colors
represent their affiliation. Circles with an orange outline correspond to ego-graphs
selected in the ego-graph subnetwork.

with the selected ego. This places the radar chart in close relation to
the concept of monadic exploration [68]. The core monadic exploration is
to take the viewpoint of a subnetwork and display other subnetworks
with overlapping relevance radially around it. Topics of higher relevance
are placed closer to the center than topics of lower relevance. To avoid
clutter, we only show the n ego-graphs with the highest Jaccard index
(default n == 25). The colors of the nodes represent the metadata asso-
ciated with the egos, such as author affiliation in a co-author network
or the BRITE functional hierarchy in the case of proteins [131]. Ego-
graphs that belong to the same category are put next to each other, and
the corresponding circular segment of the radar chart is colored semi-
transparently with the same color. Additionally, text labels naming the
categories corresponding to the circular segments are put around the
radar chart. Users can select ego-graphs in the radar chart to add them
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Figure 37: Ego-graph subnetwork of a co-author network with five ego-graphs.
A group of three ego-graphs is shown in its detailed view. The width of the gray
similarity edges encodes the similarity between ego-graphs outside ego-graph
groups, while the blue identity bands link identical nodes within an ego-graph

group.

to the ego-graph subnetwork. Ego-graphs in the radar chart that are also
shown in the ego-graph subnetwork view have an orange outline, as
shown in Figure 36.

Ego-graphs selected in the overview or the radar chart are visualized
in the ego-graph subnetwork (Figure 32c), showing different levels of
details of the respective ego-graphs. As mentioned in Subsubsection Ego-
graph Concept & Visualization Design, the ego-graphs are initially
visualized using the aggregated glyphs, but can be de-aggregated to
the detailed glyphs on demand (Figure 37, R3). The color of each aggre-
gated ego-graph glyph in this view encodes a quantitative metadata
value associated with the ego (min value (1 max value). Up to three
connected ego-graphs can form an ego-graph group, as explained in
Subsubsection Ego-graph Concept & Visualization Design.
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Figure 38: Excerpt of the selection table showing the top 5 entries of the co-author
dataset (sorted by Documents, i.e., number of published papers). Only a subset of
the columns is shown. The checkbox to the left adds the entry to the ego-graph
subnetwork view.

Groups of nodes in ego-graphs or intersections can be selected for
investigation in the selection table (Figure 38), shown on demand using
a menu button. The table contains additional attributes for each node,
such as metadata (R4) and information on the nodes, e.g., whether they
are present in the overview and the ego-graph subnetwork. The rows
can be sorted by any of the columns containing the attributes. The user
can select any node for visualization in the ego-graph network and the
radar chart. For a detailed analysis of intersections between ego-graphs,
the user can select the corresponding intersection band in the ego-graph
subnetwork, which allows to filter and sort the table by this subset.

We implemented ProtEGOnist as a web-based application with a client-
server architecture. The server backend was written in Python using
Flask [229]. The user interface and the visualizations in the frontend
were mainly implemented in TypeScript using React [78], Jotai [135],
Material-UI [182], and D3 [29]. In the backend, we use the Python library
networkX [104] for the extraction of relevant features from the graph
structure. ProtEGOnist is available at “https://protegonist-tuevis.cs.uni-
tuebingen.de/”.
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Figure 39: Table visualization for the co-authorship network. The rows have been
sorted with respect to the number of published articles by each author.

In this section, we demonstrate the applicability of our approach using
three use cases. The first one shows the utility of ProtEGOnist and the
interaction of its components for exploring a co-author network. The
other two use cases show how it can be applied to PPI networks. The PPI
network of E. coli serves as a well-known example dataset for domain
experts from biology and highlights the advantages of the glyph design.
The second PPI network stems from the Bio+MedVis Challenge 2023 and
illustrates the application of ProtEGOnist to metadata-enriched datasets.

To showcase the usefulness of our ProtEGOnist approach for explor-
ing social networks, we applied it to the Visualization Publications
Dataset [121]. This dataset contains all publications of the IEEE VIS
conference (SciVis, InfoVis, VAST) and its predecessor symposia and
conferences. The metadata for each entry includes, e.g., the authors and
the number of publications. The resulting co-author network has 6,610
nodes and 22,220 edges. The network and the metadata were extracted
directly from the data, and the citation count provided by CrossRef [112]
was used.

A typical starting question when exploring a co-author network could
be to find out who the most well-connected researchers are, and whether
they are also the most prolific ones in terms of publications. Investigating
the ego-graph network using the Network Overview, the user can deter-
mine that the nodes for Huamin Qu, Hanspeter Pfister, and Wei Chen
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are the largest, indicating that they have the largest number of 1st and
2nd-degree coauthors (Figure 35, R1). We selected these three nodes
for the ego-graph subnetwork view, which helps to visually compare
node sizes (R2). The color mapping (0 [ max) in the ego-graph
subnetwork reveals that they all have a high number of publications (R4).
Sorting the Selection Table by the number of documents (i.e., co-authored
publications) allows for a quantitative assessment of the number of
publications: all three are high-ranking, with Qu and Pfister being #3 and
#5, respectively. Interestingly, Chen is only #13 (Figure 38, Figure 39),
despite having a high number of co-authors. Adding the two top-ranking
researchers concerning their number of publications—Kwan-Liu Ma and
M. Eduard Groéller—for an in-depth comparison reveals that Chen has a
larger network than Groller but also a higher percentage of unique co-
authors that are not shared by the two (Figure 40, R3). One reason for the
comparably large co-author ego-graph of Chen might be his joint publi-
cations with Qu and Pfister, thus benefitting from their large networks.
Exploring the radar chart reveals that Chen has also published with other
well-connected researchers like David Ebert, Benjamin Bach, or Yingcai
Wu (identified by hovering the largest nodes in the radar chart shown in
Figure 36). It also shows that the ego-graph of Chen contains researchers
from institutions from all over the world.

For protein-protein interactions, specific proteins and their context are
often of interest. In the bacterium E. coli, the lactose operon (short lac
operon) is a well-studied set of proteins that is required for the metab-
olism of lactose. It is active if glucose, the preferred energy source, is not
available but only lactose.

Here, we analyze the PPI network of the K12 strain of E. coli as found
in the STRING database [265] and demonstrate the effect of the ego-
graph layout for analyzing three proteins in detail (R3). As a baseline,
we loaded the PPI network into Cytoscape [248]. Figure 41 shows the
proteins lacZ, lacY, and lacA of the lac operon and their degree-1 and
degree-2 alters in a simple node-link diagram created using the Cytoscape
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Figure 40: Ego-graph subnetwork visualization with a detailed ego-graph group of
co-author networks of Gréller and Chen. The detailed glyphs reveal that Chen has
not only a larger network in total but also a higher percentage of unique second-
level co-authors.

String App [64]. The node-link diagram forms a hairball-like structure due
to the high number of nodes and edges. We can see that there is only
a comparatively low number of degree-1 alters to the three proteins of
interest (black nodes in Figure 41). Moreover, an edge connecting lacA
and lacY—indicating a direct interaction between the two proteins—is
visible. Any other conclusions about the connectivity between the lac
proteins or about the sizes of the individual neighborhoods cannot be
made due to occluding edges.

In comparison, with ProtEGOnist the neighborhood of the lac operon
proteins can be grouped into three ego-graphs (Figure 41). Strikingly, we
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(b)

Figure 41: Visualizing the lac operon of E. coli using a node-Llink diagram created
with Cytoscape (a). lacZ, lacA, and lacY are colored in W, M and [, respectively.
Nodes of distance one are colored B while the ones of distance two are colored
B . The network consists of 653 nodes and 8,435 edges. Only interactions with a
confidence score higher than 0.75 were considered. Visualizing the same proteins
in ProtEGOnist (b). The node corresponding to lacl is hovered and shown in all
ego-graphs.
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Figure 42: The ego-graph subnetwork of nodes shared by lacZ and aceF. When
hovering over any degree-1 alters of the two egos, the identity edges are shown.
This interaction is shown for cyaA. With this interaction, it can be seen that none
of the degree-1 alters are found within the degree-1 alters of the other ego graph.

can see that lacZ has by far the largest ego-graph of which most degree-2
alters are unique. This shows that lacZ also interacts with proteins not
directly involved in the lac operon, indicating that it has a more central
role in the PPI network compared to the other two proteins lacA and
lacY. In contrast to lacZ, lacA has no unique alters, indicating a role more
restricted to the operon.

From the band coloring, we can conclude that a large proportion of
proteins is shared between all three ego-graphs. Notably, most of them
have a distance of one to lacZ, while they have a distance of two to the
other proteins. In fact, by hovering over the proteins, we find that the
only degree-1 alter shared by all three proteins is lacl, which serves as
the repressor for the operon.

Using the degree-2 alters, more distant associations can be investigated,
for example, the relationship of the lac operon and the citrate cycle. The
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citrate cycle is one of the central metabolic pathways providing energy
to the cell. When comparing the ego graphs of lacZ and aceF, a pivotal
enzyme in the citrate cycle, by investigating the respective degree-1 al-
ters we can see that they only have multi-degree associations (Figure 42).

We used the current version of ProtEGOnist to analyze the dataset by
Gongalves et al. [98] originally provided for the Bio+MedVis Challenge
2023. Proteins are common drug targets, i.e., drugs modify proteins to
cause changes in the cell. In the case of cancer, drugs aim at disturbing
the molecular pathways in cancer cells while leaving non-cancerous
cells widely unharmed. Gongalves et al. used a deep-learning approach
to identify associations between drugs and proteins.

For the overview, the ego-graphs of 91 proteins identified in the original
publication to have relevant drug-protein associations were chosen (Fig-
ure 43). This is an alternative approach to the other use cases, where
the ego-graphs were selected via our set cover heuristic. Our analysis
revealed that the union of proteins contained in these ego-graphs covers
57.3% of the proteins (nodes) and 91.6% of the interactions (edges) in
the original PPI network. That is, the ego-graphs based on the proteins
identified by DeeProM reflect most of the interactions in the original PPI
network (R1). The metadata loaded into ProtEGOnist contained the drug-
protein associations and the BRITE classification of the proteins.

Using ProtEGOnist, the results of DeeProM can be explored, opening up
the black-box deep-learning model. Users can explore the proteins in the
overview network in more detail, e.g., by selecting those associated with
one drug of interest and viewing their BRITE functional classification.
For the drug Ara-G, which prevents the elongation of DNA of cancer
cells, four associated proteins are found in the overview network. Further
inspection of these proteins in the subnetwork reveals three highly
connected ego-graphs and a more distant one. The three most highly
connected ego-graphs were selected as an ego-graph group (Figure 44).
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Network overview: 91 ego-graphs covering 57.35% of the nodes and 91.60% of the edges of the given network.
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Figure 43: Network overview for the DeeProM dataset. The set of 91 ego-graphs
is based on the proteins identified by Emanuel Gongalves, Rebecca C. Poulos,
Zhaoxiang Cai, Syd Barthorpe, Srikanth S. Manda, Natasha Lucas, Alexandra Beck,
Daniel Bucio-Noble, Michael Dausmann, Caitlin Hall, Michael Hecker, Jennifer Koh,
Howard Lightfoot, Sadia Mahboob, Iman Mali, James Morris, Laura Richardson,
Akila J. Seneviratne, Rebecca Shepherd, Erin Sykes, Frances Thomas, Sara Valen-
tini, Steven G. Williams, Yangxiu Wu, Dylan Xavier, Karen L. MacKenzie, Peter G.
Hains, Brett Tully, Phillip J. Robinson, Qing Zhong, Mathew J. Garnett, and Roger
R. Reddel. [98] as part of the 108 most-prominent protein-drug associations of
their dataset. These cover 57.35% of the nodes and 91.60% of the edges of the
original network. The color scale from white to gray corresponds to the percentage
of the nodes in the ego-graphs currently visualized in the ego-graph subnetwork.
A node is colored orange when its ego has been selected for visualization in the
subnetwork. A yellow node represents the current ego selected for the radar chart
visualization.

The lesser connected protein SMARCCI has been identified as a suppres-
sor in some types of cancers [297], while the others act as possible drug
targets or cancer biomarkers [288, 299, 303]. All three proteins are asso-
ciated with the BRITE class Spliceosome, i.e., these proteins are involved
in the maturation of mRNA before translation [284]. This association
is even more prominent when inspecting the proteins PPIH and RBM39
using the radar chart (Figure 45, R4).
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Figure 44: Ego-graph subnetwork for all proteins of the overview network
associated with the drug ARA-G. The three most highly connected ego-graphs
(PPIH, HNRNPK, and RBM39) are shown as an ego-graph group. The intersection
between all three ego-graphs has been selected (red outline).

In the ego-graph group, similarities of the highly connected ego-graphs
can be explored in more detail by viewing shared proteins when selecting
the intersection of all three ego-graphs (R3). From this point, users could,
e.g., continue analyzing the found proteins using the KEGG pathway
annotations to see in detail how they relate functionally.
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Figure 45: Radar charts for the proteins PPIH (a) and RBM39 (b). The closer the
circles are to the center of the radar chart, the more similar the ego-graphs.

Due to the positive outcome of the Bio+MedVis Challenge 2023 [145],
we contacted the authors of the DeeProM dataset to get their expert
feedback on ProtEGOnist. We demonstrated our application to three of
them and got a very positive response. One of the authors volunteered
to test our application and to provide feedback. It consisted first of
the free exploration and visualization of the dataset using ProtEGOnist.
Subsequently, we provided a structured questionnaire of ten questions
based on the System Usability Scale (SUS) framework [39] and further
open-ended questions.

The expert that evaluated our tool had explored similar datasets using
visualizations provided by STRING [265] and Reactome [77]. ProtEGOnist
was assessed as slightly cumbersome, but they considered the complex-
ity of our approach necessary, and its learning curve not steep. Overall,
the expert enjoyed the exploration using ego-graphs. Nevertheless, they
missed the integration of further information, e.g., which pathways
a protein is involved in. As ProtEGOnist is easily extendable with addi-
tional arbitrary metadata, the pathway annotations were added as a new
column to the selection table by adapting the input data.
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We presented ProtEGOnist, an interactive approach that applies ego-
graphs to small-world interaction networks. Ego-graphs are a concept
often encountered in real life, for example, when thinking about own
friends or friends of friends in social networks. Therefore, the application
of ego-graph in other domains, such as biological networks, employs a
well-known mental model. In our case studies, we showed that this con-
cept can be applied to datasets for a broad audience, like social networks,
as well as to more domain-specific problems, such as PPI networks.

As shown in the co-author use case, the approach can be used to
explore the network from an overview level down to detailed groups of
ego-graphs. Furthermore, for the overview, we exploit the small-world
property, which states that the maximal distance between two nodes is
small compared to the network size. Therefore, it is possible to show a
relatively small set of ego-graphs as an overview while covering a large
portion of the original interactions. Although the co-author network
consists of 6,610 nodes and 22,220 edges, 100 ego-graphs suffice to cover
more than 90 % of interactions and almost 80 % of nodes. Conceptually,
even larger networks could be displayed using ProtEGOnist, as long as it
fulfills the small world property. However, for very large networks, the
overview might not be able to cover a large proportion of the network
as the average minimum distance between the nodes could be too large.
While 2-level ego-graphs are commonly used in practice, in the case of
larger networks, ego-graphs with further levels of alters might be more
appropriate.

In contrast to the overview-first approach of the first use case, in the
second use case, we started the analysis with previous knowledge and
analyzed the lac operon of E. coli in the context of the network. Here,
we demonstrated the scalability of the glyph layout. In contrast to the
conventional node-link diagram, ProtEGOnist allows us to immediately
assess the size of the ego-graphs, and thus the centrality of the protein
in the network. Even though the lacZ ego-graph contains 620 nodes, the
layout effectively groups the nodes into sections containing unique or
shared nodes, and alter levels. The sorting within the sections subsets



Chapter 5 -« BioVis

the data even further and visualizes the distribution of the node degrees.
We also illustrated the usefulness of 2-level ego-graphs for inspecting
distant associations.

As exemplified in the third use case, our approach can easily be used
with a user-defined set of nodes in the ego-graph overview network.
Moreover, this example shows how network exploration in ProtEGOnist
can be enhanced with different kinds of metadata. For PPI networks,
even more data can be included in the analysis for visualization in the
radar char or the aggregated ego-graphs of the subnetwork. For example,
further omics data, like gene expression data or genomic data on muta-
tions, could be used to analyze the proteins in more detail. This flexibility
concerning the input data shows that ProtEGOnist can be generalized to
a wide variety of application areas in which the small world property is
fulfilled, e.g., linguistics [43], computer networking [296], or transporta-
tion networks [150].

Apart from ProtEGOnist, only few approaches have been proposed
for comparing ego-graphs. However, their underlying goals are only
remotely related to our approach. Out of those approaches, many are
tailored to the visualization of dynamic networks. EgoLines [305], among
others [88, 249], utilizes a linear layout of subsequent stages of the same
ego-graph for a direct comparison of a stage with its predecessor or
successor. ProtEGOnist aims at comparing different ego-graphs in a non-
dynamic context. While the comparison in dynamic networks is often
focused on the gradual changes of a single ego-graph, the differences
when comparing multiple ego-graphs can be substantial. EgoComp [156]
tackles this task for two ego-graphs. Our tool extends this approach to
compare up to three ego-graphs simultaneously and puts them in context
with other ego-graphs. We deliberately chose the comparison of three
ego-graphs, as this allows us to use a layout of the setwise intersections
without edge crossings. Increasing the amount of ego-graphs would be
possible but incur edge crossings. Moreover, due to the usage of bands
instead of a conventional node-link diagram, ProtEGOnist has a much
clearer layout for large ego-graphs.
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In the future, we plan to extend ProtEGOnist with more ways to incor-
porate metadata into the analysis process. One direction would be to
associate edges and bands with metadata and to include separate visual-
izations for metadata, as well as network filtering options based on the
metadata.

Moreover, we plan to allow the upload of user-generated data. By
providing a network structure, metadata, and, if available, a set of
nodes of interest, our approach can then be used for many other small-
world network cases, such as transportation networks. We also plan to
generalize our approach to accept different distance metrics to substitute
the Jaccard index as the distance value. One of the improvements we
identified from the expert feedback was the lack of connection between
the visualization components and the tabular view. To enhance this con-
nection, we plan to include a pop-up interaction for the selection table,
where it is shown automatically when selecting a specific ego-graph or
intersections between ego-graphs in the ego-graph subnetwork.

With ProtEGOnist, we provide a layout focused on ego-graphs omitting
edges and aggregating subnetworks into single glyphs. We believe that
the novel layout is one of the main reasons that our approach was rated
as being a bit cumbersome to use. Adding a conventional node-link
diagram to visualize one or more ego-graphs (similar to STRING [174])
could support the exploration process by providing a less abstract visual-
ization as a detail view. These node-link diagrams could be shown either
for the currently selected subnetwork or for a single ego-graphs, similar
to BioLinker [60]. Without specialized layout techniques, however, even
a small number of ego-graphs can lead to unreadable visualizations due
to a high number of nodes and edges (Figure 41) a).

To conclude, ProtEGOnist fills a gap in the network research space by
combining established concepts for the analysis of small-world networks
to a novel visualization approach. While it was initially intended for
a specific domain with well-defined tasks based on the Bio+MedVis
Challenge 2023, we show that this approach is applicable to different
small-world networks from various domains.
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Both approaches, VisMOP and ProtEGOnist, are EDA applications to
explore biological networks that are too large for static visualization.
While they share this aim, they do have notable difference regarding the
underlying data and how the network is visualized, especially how they
differ both in type of network and what their nodes and links represent.
This is mainly due to their different intended application. VisMOP is
intended to allow users to explore the network and find similarly regu-
lated metabolic-pathways by applying clustering to metadata derived
from multi-omics measurements and investigating these pathways in
the context of the complete pathway network. In contrast, ProtEGOnist
allows to explore any kind of small-world network, such as the STRING
network [265], focussed on nodes-of-interest and the similarity of their
immediate neighborhoods.

With different application domains, of course, come different data
sources and data structures used for the network at the core of the
application. The network data in the case of VisMOP, Reactome [93], is
an ensemble of trees, i.e., multiple hierarchical components, with some
links between the nodes of the components. ProtEGOnist on the other
hand needs a network fulfilling the small-world property to be used
meaningfully. In its inception ProtEGOnist was build for the visualization
of PPIs, using the STRING-databse [265] as source where links represent
association based on information from metabolic-pathway databases,
like Reactome [93] and KEGG [130] and other metrics like genomic
neighborhood. This makes the links in ProtEGOnist a lot less easy to
understand as they aggregate many kinds of information, while links
in VisMOP are always hierarchical or represent real links, i.e. physical
continuations of a pathway. However, this also means that links in
ProtEGOnist contain a lot more information, which can be leveraged for
exploration.

This difference in what the links are in the original data and the under-
lying analysis goal influence the role of the links in the exploration of
the network. As the primary analysis goal of VisMOP is to find similarly
regulated pathways, and the information encoded by the links is not par-
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ticularly relevant for this task, a less prominent role is chosen for them.
As many types of networks layouts are defined by the links between the
nodes, this also influences the layout choice. Therefore, VisMOP uses a
circular layout on the outside for the alphabetically ordered roots of the
pathway components and a cluster based positioning that is exclusively
performed on the metadata. Links are only shown on demand for a
detailed analysis. For ProtEGOnist, however, the topological information
is the core aspect that is visualized. Thus, it uses a force-directed, hybrid,
layout that is exclusively derived from topological data.

While in both approaches the nodes are aggregates of information,
both the information aggregated and the manner it is displayed, differ
between VisMOP and ProtEGOnist. In VisMOP the nodes are glyphs
representing a metabolic-pathway and its multi-omics changes. In Pro-
tEGOnist, on the other hand, nodes aggregate an ego-graph around a
protein of interest in a meta-node. This aggregation can be undone
interactively in the main view of ProtEGOnist to reveal a subnetwork
showing details about the subnetwork and other meta-nodes. VisMOP
also offers inspection into the aggregation, but does so using a linked,
superimposed view showing the metabolic network in the layout gener-
ated by Reactome [93]. Thus, both methods offer interactive methods to
undo this aggregation to explore the complete underling network in its
original detail in a focussed manner.

One drawback of being domain agnostic is, that in contrast to VisMOP
where the domain-specific information, namely multi-omics-regulation
values, are encoded as glyphs on the nodes, ProtEGOnist only uses
general topological information for a similar purpose. While it would be
possible to use domain-specific values in ProtEGOnist, it would mean to
either specialize the approach for a specific domain or make it possible
for the users to configure the approach. This could be either in a library
or interacitvely. On the flip side, VisMOP is highly specialized, which
makes its application area very narrow. Here, a generalization could be
devised to be applied to any kind of network that visualizes a hierarchy
of aggregations. In this case, challenges would be the use-case specific
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detail visualizations as well as the generation of the values used for
clustering of the aggregations.

Together, these approaches cover a wide variety of aspects, both on what
kind of data they visualize and also how they do visualize this infor-
mation. Importantly, they illustrate different aspects on how network
visualization can be leveraged for EDA. Among these things are the
choice of a level-of-detail, i.e., the level of aggregation for data in the
nodes and links. The type of data influences both the network layout
and if the focus of the visualization should be on nodes, on links or
both. Certainly, there are other aspects that are not covered, but that
are crucial to unlocking the full potential of network-visualizations for
EDA. Here, the recent State of the Art Report (STAR) [70], gives more
insight into network-visualizations for biological data and shows how
other approaches integrate them in an EDA-setting.
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This dissertation shows the development of multiple EDA applications,
which can be used to gather hypotheses in a personalized medicine
scenario like the one outlined in Section 2.1. To tackle the first part
of that scenario, when a patient is admitted to the ICU, presenting
potentially life-threatening symptoms, we developed ICUVA. ICUVA is
an exploratory and holistic approach to patient vital surveillance. It
allows medical personnel to easier pinpoint substantial changes in a
patient’s homeostatic system. Furthermore, ICUVA can then be used to
find the vital parameters causal for that change allowing a more educated
approach when characterizing the primary pathology. Concurrently, we
contributed to a scoping review, evaluating the potential, and the exist-
ing gaps, of visualization when comparing EHR data of single or multiple
patients with a multitude of other such data sets. Approaches tackling
these questions could bolster hypotheses regarding the pathology of a
patient even further.

Answering the second challenge of the abovementioned scenario, find-
ing biochemical causes for the pathology, we developed a method to
help laboratory scientists in finding molecular changes and patterns
in multi-omics data. Such changes are especially interesting in highly
variable diseases, like cancers, or rare diseases where the route of
treatment heavily depends on the genetic or molecular signatures. Here
we developed VisMOP, an approach to connect experimental multi-
omics measurements with metabolic pathways. With this approach,
researchers can find similarly regulated pathways on a trans-omic level,
which in turn can shed light on underlying changes in physiological
processes. Additionally, this can also yield serendipitous, novel insights,
like new molecules—at least in the context of the research problem—
warranting further research.

At its core, VisMOP utilizes and visualizes a graph structure, a metabolic
network. As such, this knowledge about networks was applied and
further deepened while working on a state-of-the-art report [70] that
navigates the large research space of graph visualizations in biomedical
data, including metabolic networks and many more.
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This deepened knowledge helped us in the development of ProtEGOnist,
in which relational data, primarily of protein-protein-interactions, was
visualized. With ProtEGOnist, researchers can use proteins of interest
as an entry point to find related proteins within a PPI-network. In our
scenario, an entry point could be a protein identified using VisMOP.
Finding related proteins in such a manner can open up avenues for
targeted treatment, as not only the original protein of interest can be
targeted, but also related ones that act at other points in the metabolic
cascade.

Yet, identifying potential targets is just the first step in finding a treat-
ment. Oftentimes there is no known drug specifically targeting a protein.
The second step can be found in the discipline of computer-based drug-
design. Here, virtual protein-ligand-docking is performed, that is the
computational screening of small molecules concerning their capacity to
bind to a specific protein. This then yields a set of potential drugs that can
be screened in further (in vivo) studies. I contributed to InVADo [244], an
EDA-suite specifically aiming at visualizing the results of such docking
experiments.

Concluding, this works shows how EDA applications, developed in the
context of a variety of personalized-medicine scenarios can yield starting
points for future research analysis. These applications, can be domain-
specific tools as shown with ICUA or VisMOP but also generalized
approaches. As an example, we generalized ProtEGOnist to be applied to
all types of small world networks in biomedical data but also in other
field, making it domain agnostic. With this it could be applied to a field
we did not explicitly designed it for, like epidemiology. Here, researchers
could visualize contact networks to track and elucidate the spread of an
infectious disease. In general, these examples showcase the power EDA
and especially visualization in scenarios in which simple answers are
hard to come by.
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6.1 Lessons Learned

Besides developing the concepts and prototypes for EDA of biomedical
data, this thesis produces several insights and lessons learned for visual-
ization design. The first insight concerns the nature of the data itself.

6.1.1 Considering uncertainty is difficult

As indicated in the background, the data used in biomedical research is
generated using numerous techniques, each introducing different levels
of uncertainty. In the medical domain much of the data are EHRs, which
often feature missing data, while the data in the biological domian
is mostly gathered in laboratory experiments. Some of the introduced
uncertainty stems from laboratory work, which is imperfect by nature
owing to the high variance in the subjects. Additionally, the techniques
used also are often not perfect. For example, when employing mass-
spectrometry it is easy to measure incorrect amounts of molecules or
miss them altogether [90].

Furthermore, many types of research are relying on other resources,
like reference databases. These databases are reliant on experiments
themselves and thus are imperfect by extension. This uncertainty needs
to be considered at many points during analysis. For one when just
interpreting the result of a single step, like a significance test, but just as
important it is to consider it when designing an EDA approach.

Considering uncertainty adds another dimension to data that would
require even more visualization design and engineering work. This com-
pounds with another major insight that concerns the very nature of the
development of EDA visualizations, or complex visualizations in general.
That is the fact that domain-specific EDA visualizations require a lot of
functionality in addition to the core functionalities of the approach and
thus extensive amounts of work, knowledge and resources.

6.1.2 EDA applications are complex, so is their development.

The primary aim of this thesis is to show the usefulness of EDA appli-
cations in the biomedical domain. The successfulness, is shown in the
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systems described in the previous chapters. EDA applications are not
free, however, and developing them is in fact very complex and time-
consuming. Some specific aspects of these complexities are already
described in the respective sections. In this section more general aspects
when designing EDAapplications are discussed.

One aspect is that intimate knowledge of the domain is needed to
analyze the needs of potential analysts. In the case of biomedical data,
the domains are particularly large as well. A practicing physician has
different data and a different need for analysis as a medical researcher
or a biologist researching, for example, molecular mechanisms of cancer
development. Thus, designers and developers of the visualization either
need extensive previous knowledge on the subject or must communicate
and cooperate extensively between domain experts and said personnel.
In any case, this step should be thorough to allow for the generation
of specific questions to the data. Because, as described in Chapter 3,
visualization design relies heavily on systematically specifying the tasks
and functionalities that should be supported. Thus, if, previous to imple-
mentation and design, the goal and the aspect of the data that needs
visualization are only poorly described, it becomes a challenge to gener-
ate a visualization that yields helpful and novel insights into the data.

A second aspect is the need of the designers to understand how the
data that should be visualized came to be. While a visualization designer
could conceivably consider the data a black-box and just take it the way
the data presents itself, this has drawbacks. Primarily this causes the
designer not to consider possible imprecision of the data and how to
judge them. When manually recording vital data, for example it might
easily occur, that circumstances prohibit the scheduled recording of a
specific data point. While this is decreasing the precision of the dataset,
this is an unavoidable facet of the domain and does not put into question
the validity of the whole dataset. On the other hand, if a long-term blood
pressure measurement system fails to record any data for a given amount
of time, to then return to recording it might be prudent to question the
validity or precision of the system. This means, that a specific undesired
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behavior might be annoying but still perfectly normal in one type of data
in a given scenario, it might be an important red flag in another scenario.

Furthermore, data visualization as a whole tends to underestimate the
uncertainty of the data, which often results in a visual language that as-
signs relative or absolute truth to a given visualization. In PPI-Networks,
edges often make people assume that there is a definite interaction
between the two proteins, as the edge between two nodes is binary—
there or not there. Nevertheless, any researches using these would need
to know what kind of evidence has been used to assign those edges.
Having this intimate knowledge of how the data is generated, however,
can help the designer to consider this uncertainty in visualization design.

A third aspect for complex EDA systems, is often the linkage of the data
with additional background information from databases and the like. In
bioinformatics, this is often the colloquial ID matching phase. Here, the
data that is measured in experiments is often annotated with a specific
system, sometimes custom to a lab, tying it back to the knowledge
about the specific field. A classic example here is a gene ID. Depending
on several things, among others, the researched organism, the used ID
system can vary. If designers then want to enrich the data with other
information gathered from other databases these IDs need to be matched
to result in the correct hit, and with it the matching information. This
causes a designer to engineer a visualization system that is specifically
tailored to one specific pipeline, which oftentimes is then also only used
at one given domain lab. It has to be noted, however, that there are con-
siderable efforts to standardize the ID systems, for example by providing
adapter tools and also to establish standard pipelines in frameworks like
Nextflow [266].

The other way would be to design a flexible data loading system that
considers different types of input data, like different ID systems, to
be linked with other variable additional (meta-)data. This solution is
obviously quite a lot more labor-intensive. Besides ID matching other
data-wrangling tasks must be performed here as well, and these are
oftentimes both labor-intensive and also require extensive knowledge
and abilities in specific domains of data science. Of course the designer of
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the visualization might also just limit the application to a specific data-
type, which reduces development effort, but that puts the burden on the
researcher, which then might limit the appeal of the approach.

A fourth and maybe most vital aspect, the actual visualization has to
be designed. And, as the center of visualization research, this includes
the steps generally performed when designing any type of visualization.
However, for most EDA applications, and especially dashboard-like
applications, designers need to develop more than one singular visual-
ization type. They often rely on a set of linked visualizations to fulfill
several steps of the EDA, for example, having distinct visualizations for
overviews and details on demand.

Designing a visualization is just one part of the story. While a description
of a visualization system might sometimes be sufficient, visualization
designers are almost always required to not only design but also at least
develop a prototypical application of the system. With this aspect in the
development of an EDA approach opens the floodgates on a whole load
of accompanying duties and problems that need to be sorted out. With
any software project, there are myriad platforms and package choices
that need to be taken. These choices must be informed by data about
target users, about how computationally intensive data-wrangling tasks
are, and if any specific pre-existing tools or packages need to be used to
implement the intended designs.

Ultimately, any scientific visualization approach should be evaluated as
well to have an idea of how useful a given tool is for a given task, in
this case for EDA. Here, in the sixth step, multiple approaches can be
taken. The first one is a full-scale user study with a large amount of
participants allowing for the quantitative analysis and comparison with
different approaches. For this, however, all other aspects of the tool need
to be stable and tested as not to taint possible results. Furthermore, such
studies mean considerable effort comparable to the implementation and
the write-up of the original publication. The other approach is to perform
small-scale user feedback sessions. Here a small set of domain experts
can either explore a tool by themselves or can be shown the functionality
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of a tool in a pair session with one or more of the developers. The actual
execution of such a session can be very variable, however.

When dealing with these problems, it is also possible to abstract more
heavily. Usually, this then results in solutions for a given sub-problem
that can be applied to other research problems. As an example, a data-
wrangling method developed for a specific EDA application can be,
given if the solution is implemented in an abstract fashion, applied and
published for other problems like statistical algorithms.

While this sounds very appealing in theory, the real-life application of
this can be rather complicated. A primary problem is quite apparent,
that, in an academic setting resources are often limited, making academia
not particularly attractive for software engineers, given the competitive
salaries in industry. So it is natural to ask what could be done in an
academic setting to allow for more systematic development of complex
tools, as this applies to all larger user-oriented software beyond just
EDA, when just throwing more money at it is not a viable option. And
here finding synergistic cooperation between academic working groups
can be used as a substitute for additional personnel. Ideally, people with
knowledge in the domains associated with the abovementioned sub-
problems can work together to solve the problem in a more modular
manner. Of course, this comes with other drawbacks, like the additional
overhead introduced by the increased amount of stakeholders. More
importantly, PhD programs oftentimes require multiple publications as
a primary author and as such a dedicated research question. So in order
for each PhD student to fulfill this requirement, it would require quite a
lot of concurrent projects. As such it would be naive to assume that each
stakeholder can fully focus on their task, making progress a lot slower. In
reality, not every PhD student has their own cooperative research project.
The existing ones are then often sidelined, as PhD students focus on
their solo-projects required for them to advance. Furthermore, it is very
difficult—or particularly time-consuming and unlikely—to find experts
in each subdomain willing to cooperate on a given problem.

Ultimately it is also possible to select only a single aspect to research
using the steps mentioned above. In effect, instead of developing a

154




Chapter 6 « Discussion

complete application, a single researcher could just focus on developing,
for example, a data-wrangling algorithm for a specific domain problem
or a visualization design tackling a specific task. Here PhDs can focus
on a single task while providing the minimum extraneous work to
give a proof-of-concept. A benefit of this would be that, when finished,
such developments can be combined with various other components to
generate pipelines and tools, such as EDA visualizations.

In an academic setting, this can be problematic as, depending on the
domain problem, the sub-problems can become quite granular. They can,
in fact become so granular that they lose all connection to the application
domain, making it difficult to publish their solutions in domain journals.
For example when visualizing metabolic networks, sub-problems can
involve finding efficient layout algorithms or optimizing navigation in
a large network. These problems are then no longer specific to the
original domain which spawned the research. For biomedical visualiza-
tion-research this means that some respective publication venues would
not publish solutions to those sub-problems at all.

The previous paragraphs outline theoretical ways to make the complex
work of designing and implementing EDA applications in an academic
setting more efficient. While the described ideas and observations stem
from personal experience during the creation of this work and its pro-
jects they echo observations by working groups aiming to improve the
quality of visualization software developed in academia [223].

6.1.3 Compromises We Made

There are some compromises that can be made to contribute to the field
in an academic setting. Examples of these compromises are found in the
work that constitutes this thesis. As mentioned earlier, it is possible to
just limit the scope of development, to still make meaningful contribu-
tions to the scientific field of EDA. In fact in two of the tools, ICUVA
and VisMOP, we mention that they are developed primarily as a proto-
typical application. In other words, they should primarily act as a proof
of concept for a visualization approach. Ultimately, however, any EDA-
approach is meant to be applied to data to develop hypotheses and gain
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insights into data. By exposing this idea to the academic- and general-
public, those approaches can be developed into full-fledged tools. So
here, what is missing with the presented approaches to be used as a tool
and not only to serve as a prototype will be briefly discussed.

The three presented approaches differ regarding how much changes or
additional features would be required for it to be used as an actual tool.
ProtEGOnist is the most complete tool. Because ProtEGOnist several core
hallmarks are already present. The most basic requirement for a tool is
accessibility, i.e. that users can either access the source-code or a running
version of the tool. ProtEGOnist is both accessible online, and it is easily
installed locally as well, owing to a complete docker bundle.

In many cases, to be more than a demo-application users need to be able
to upload their own data. This is a self-explanatory aspect as, bar very
specific use cases, user defined data-sets are the object of investigation
during EDA. ICUVA and VisMOP require quite specific data input as they
have been developed as a prototype with limited amount of datasets.
ProtEGOnist however supports multiple types of graph representations,
like GraphML or adjacency-lists. To enrich the visualization, ProtEGOnist
also supports arbitrary meta-data that is associated with the nodes.
Furthermore, ProtEGOnist is domain agnostic, which means, that it does
not have any specific further requirements that must be fulfilled by either
the meta-data or the graph data itself.

Many EDA-scenarios require quite a lot of software development for
interaction and presentation alone. For these functionalities, we utilized
a wide array of programming libraries offering ready-made functional-
ities. This echoes a pivotal tenet in programming: “Reuse instead of
reimplement” Ideally, for each part of the software implementation
would exactly realize the design goals. However, oftentimes these
libraries, while configurable, do not allow for the exact realization of
all goals. We thus, choose to allow deviation in non-core aspects. This
primarily includes Ul, interaction, and rendering libraries, which are, of
course, still important building blocks of an EDA-approach. For most
EDA-interactions this is sufficient, however, some specific core-applica-
tion areas needed considerable effort to support workflows that are not
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readily supported by mainstream libraries. This includes for-example
handling of non-standard data-types, e.g. Reactome [93] pathways used
in VisMOP, or the ego-layout in ProtEGOnist among others.

Neither ProtEGOnist nor any of the other presented approaches fields
a full-fledged user study. One pivotal problem when designing applica-
tions for domain specialists is that quantitative user studies require a
large amount of participants. Nevertheless, recruiting so many domain
scientists for a study is difficult. In general, novel visualizations are
compared to a well-known alternative. For EDA applications this is diffi-
cult, as a comparison would require both tools to answer the identical
research question.

Because of this, we performed a smaller-scale user-feedback session for
ICUVA, with a few participants and guided exploration of the prototype,
an approach also used in InVADo in a more formalized setting. With
VisMOP we decided for a qualitative evaluation of the prototype by the
collaborating domain scientists, both during development as a feedback-
loop as well as a final evaluation before publication. A similar approach
was taken with ProtEGOnist. As ProtEGOnist is domain agnostic there is
the most potential for quantitative evaluation, which can be explored in
the future.

For ProtEGOnist we made on core compromise to streamline the devel-
opment process. This is the limitation of the scope of ProtEGOnist just
on exploration of a network based on nodes of interest, without any
domain-specific requirements. This allowed to focus on the visualization
aspect, which we deemed most central for the project. Additionally, Pro-
tEGOnist was developed in a two-step process with a development team
of three developers. In the first step, which was based on the BioMedVis-
Challenge 2023, the basic concept was designed. The second step was
the development into a functional tool as part of the publication at the
EuroVis 2024. This made it a lot easier to follow the divide-and-conquer
approach described above.

These lessons learned are not unique to these specific projects but can be
found all over academic visualization reasearch. It thus seems imperative
that we, as a research field, try to take these lessons, especially in their
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published form, to heart at alleviate the problems as good as possible
instead of letting each generation of researchers learning them again
and again.

6.2 Conclusion

While EDA is applied in almost every type of research, an area in which it
particularly shines in is biomedical research. Biomedical domain scien-
tist generate a lot of data in experiments designed with a specific theory
and hypothesis in mind. After this question is tackled, many scientists
realize that the data might still contain valuable and novel information.
This is of course due to the fact, that most experiments in biological
systems cannot be narrowed in a way to only generate the data, which is
needed to describe the phenomenon in question. Experiments, especially
today, produce a lot of data while being oftentimes expensive, both in
labor and cost. Thus, EDA is a tool to responsibly exploit the time and
monetary resources in biomedical sciences.

Additionally, this dissertation also outlines how EDA can be used in
scenarios where data is recorded not as part of a different experiment,
but where data is recorded in the hopes that EDA can give an entry
point for research at all. The presented tools can be used for both these
scenarios, i.e., exploiting already evaluated data further and recording
data for the explicit purpose of exploration. Yet, unlike the scenario
outlined in Section 2.1, which makes use of both approaches, much of
the data on which the tools were developed was originally recorded for
other purposes.

And while it is enticing to throw EDA at every data available—
which in theory would be the responsible thing to do—in many cases
such EDA-approaches are single-purpose and tools specific to research
(sub-)domains. But these custom-build tools require considerable devel-
opment effort to only serve a very specific analysis, which might only
be performed a single digit number amount of times. In such cases, it is
often not be feasible to devolop an EDA application. However, when an
EDA-approach can be generalized to fit a wide array of different domains
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and problems it can be very impactful and might help push the research
space more than a single tailor made algorithm would.
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