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Fbstract

Biological data is analyzed in many domains, most importantly, in
medical research to improve human well-being. The data can be
used to study diseases and to find cures such as novel antibiotics
when fighting antibiotic resistance. For this, researchers study how
antibiotics act on bacteria and how bacteria themselves produce an-
tibiotics to find potential candidate drugs. High-throughput meth-
ods, including second-generation sequencing or mass spectrometry
can produce data providing a complete picture of an organism’s
genome, transcriptome, proteome, and metabolome. FEach corre-
sponding field is called an “omics” field and the combination is
known as multi-omics.

Multi-omics data can be seen as a multi-layer network of genes,
transcripts, proteins, and metabolites with interactions within and
between omics layers. The shape of data is variable. Data sets may
include many omics layers or only a subset, consist of few samples
or entire cohorts, and can be of a single well-annotated species or a
non-model organism. This complex data requires advanced analysis
and visualization methods for its interpretation tailored to the un-
derlying data and the biological questions. Visualization can help
communicate analysis results to domain researchers and leverage the
capacity of human brains for pattern recognition and integration of
background knowledge. This dissertation presents exploratory vi-
sualization approaches for multi-omics data. Depending on the re-
search question, the approaches are focused on different multi-omics
levels and types of data sets. Furthermore, they apply several dif-
ferent integration methods, including knowledge-based integration,
data-driven integration, and composite networks.

Knowledge-based integration combines omics data with known
structures. With an approach for visualizing Biosynthetic Gene
Clusters, this dissertation exemplifies how data can be integrated by
mapping it to the coordinates of a genome and applying prediction
algorithms to find genomic features of interest. In another approach
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knowledge is integrated using universal vocabulary in the form of
Gene Ontology terms to summarize the functional changes when
comparing experiments or omics layers.

Data-driven integration integrates omics data without previous
knowledge of annotations. For this, two visualization approaches
presented help explore algorithmically or manually created groups
or clusters of omics data. This is done at different scales, such
as experiments with multiple conditions of a single organism or
cohort data with many individuals. In an approach aimed at multi-
condition experiments genes, transcripts, and proteins are clustered
algorithmically to compare similar behavior across conditions.
Similarly, in another approach cohorts of patients are grouped
by multi-omics data or metadata and the temporal evolution and
similarity of patient subgroups can be studied.

Finally, composite networks can combine omics data from different
sources. This includes knowledge-based integration, for example by
creating networks based on known protein-protein associations, or
data-driven integration when building multi-omics correlation net-
works. This type of integration opens up the whole world of analysis
and visualization using network approaches. Composite networks
often show the small world property, meaning they have a small
average path length and a high clustering coefficient. The network
visualization presented in this dissertation leverages this property
to reduce network size and display entire multi-omics networks.

Based on the presented approaches the different strategies for multi-
omics integration and visualization are highlighted. Furthermore,
their implementation is described and their usage is exemplified.
Finally, this dissertation discusses how the approaches can be ex-
tended and made available to larger audiences.
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Deutsche Zusammenfassung

Biologische Daten werden in vielen Bereichen analysiert, vor allem
zur Verbesserung des menschlichen Wohlergehens bei der Er-
forschung von Krankheiten, um Heilmittel zu finden, wie neuartige
Antibiotika zur Bekdmpfung der Antibiotikaresistenz. Um neuar-
tike Antibiotika oder Wirkmechanismen zu entdecken, untersuchen
Forscher, wie Antibiotika von Bakterien produziert werden und wie
sie auf Bakterien wirken. Hierzu werden Hochdurchsatzmethoden
wie Second Generation Sequencing oder die Massenspektrometrie
genutzt um Daten zu erzeugen, die ein vollstdndiges Bild des
Genoms, Transkriptoms, Proteoms und Metaboloms eines Organis-
mus vermitteln. Das entprechende Forschungsfeld wird als “omics”
und die Kombination wird als “multi-omics” bezeichnet.

Multi-omics-Daten kénnen als ein mehrschichtiges Netzwerk von
Genen, Transkripten, Proteinen und Metaboliten mit Interaktionen
innerhalb und zwischen omics-Schichten betrachtet werden. Die
Form der Daten kann variabel sein. Datensdtze kénnen mehrere
omics-Schichten oder nur eine Teilmenge umfassen, aus wenigen
Proben oder ganzen Kohorten bestehen und von einer einzigen gut
annotierten Spezies oder einem Nicht-Modellorganismus stammen.
Die Interpretation dieser komplexen Daten erfordert spezialisierte
Analyse- und Visualisierungsmethoden, die auf die zugrunde liegen-
den Daten und biologischen Fragen zugeschnitten sind. Visual-
isierung kann dazu beitragen, die Analyseergebnisse an die Fach-
wissenschaftler zu vermitteln und die Fahigkeit des menschlichen
Gehirns zur Mustererkennung und Integration von Hintergrundwis-
sen zu nutzen. In dieser Dissertation werden explorative Visual-
isierungsansétze fiir Multi-omics-Daten vorgestellt. Abhéngig von
der Forschungsfrage sind die Ansétze auf verschiedene Multi-omics-
Ebenen und Arten von Datensitzen ausgerichtet. Auflerdem werden
verschiedene Integrationsmethoden angewandt, darunter wissens-
basierte Integration, datengesteuerte Integration und zusammenge-
setzte Netzwerke.
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Bei der wissensbasierten Integration werden Omics-Daten mit
bekannten Strukturen kombiniert. Diese Dissertation zeigt beispiel-
haft, wie Daten integriert werden kénnen, indem sie auf die Koordi-
naten eines Genoms abgebildet werden und Vorhersagealgorithmen
angewendet werden, um genomische Merkmale von Interesse zu
finden. Dariiber hinaus wird Wissen durch universelles Vokabular
integriert, indem die Gene Ontology verwendet wird um funk-
tionelle Verdnderungen beim Vergleich von Experimenten oder
Omics-Ebenen zusammenzufassen.

Die datengesteuerte Integration kombiniert Omics-Daten ohne
vorherige Kenntnis der Annotationen. Hier koénnen Visual-
isierungstools helfen, algorithmisch oder manuell erstellte Gruppen
oder Cluster von Omics-Daten zu untersuchen. Dies ist auf ver-
schiedenen Ebenen moglich, z. B. bei der Analyse kontrollierter
Experimente unter mehreren Bedingungen oder bei der Analyse
von Kohortendaten vieler Individuen. Bei einem Ansatz, der auf
Experimente mit mehreren Bedingungen abzielt, werden Gene,
Transkripte und Proteine algorithmisch geclustert, um &hnliches
Verhalten unter verschiedenen Bedingungen zu vergleichen. In
dhnlicher Weise werden bei einem anderen Ansatz Patientenko-
horten anhand von Multi-omics-Daten oder Metadaten gruppiert,
um Patientengruppen zu vergleichen und ihre zeitliche Entwicklung
zu untersuchen.

Dariiber hinaus kénnen zusammengesetzte Netzwerke Omics-Daten
aus verschiedenen Quellen kombinieren. Dazu gehort die wissens-
basierte Integration, z. B. durch die Erstellung von Netzwerken
auf der Grundlage bekannter Protein-Protein-Assoziationen, oder
die datengesteuerte Integration beim Aufbau von Multi-omics-
Korrelationsnetzwerken. Diese Art der Integration ermoglicht die
Analyse und Visualisierung mit etablierten Netzwerkansétzen.
Zusammengesetzte Netzwerke weisen héufig die “kleine Welt”
Eigenschaft auf, d. h. sie haben eine geringe durchschnittliche
Pfadldnge und einen hohen Clustering-Koeflizienten. Die in dieser
Dissertation vorgestellte Netzwerkvisualisierung macht sich diese
Eigenschaft zunutze, um die Netzwerkgrofle zu reduzieren und
Multi-omics-Netzwerke in ihrer Gesamtheit darzustellen.



Basierend auf den vorgestellten Ansétzen werden die verschiede-
nen Strategien zur Multi-Omics-Integration und Visualisierung
aufgezeigt. Dartliber hinaus wird ihre Implementierung beschrieben
und ihre Verwendung veranschaulicht. Abschlielend wird dissku-
tiert, wie die Anséitze erweitert und einem grofieren Publikum
zuganglich gemacht werden kénnen.






vii

Acknowledgements

This endeavor would not have been possible without my supervi-
sors Prof. Dr. Kay Nieselt and Prof. Dr. Michael Krone. I want to
thank you for your valuable expertise and moral support. Further-
more, I would like to thank Prof. Dr. Daniel Huson for marking my
thesis, and the entire defense committee for facilitating my defense
and for the fruitful discussions. Special thanks go to the TRR for
funding my research and sponsoring my research trip to the US, and
to the HIDIVE group led by Prof. Dr. Nils Gehlenborg for hosting
me.

Moreover, I want to thank the collaborators from the TRR and all
other collaborators for the interesting insights into their research
questions and for joint publications. Specifically, I want to thank
Mathias Witte Paz, Julian Fratte, Sabrina Nusrat, and Nicolas
Brich for their valuable contributions to the publications featured in
this thesis. You made developing new approaches much more fun.

Furthermore, I want to express my gratitude to all my peers from the
Integrative Transcriptomics group, and the other groups with which
I had lunch and coffee breaks and after-work hangouts. Special
thanks to Susanne Zabel, who always gave me moral support, even
when we could not physically share our office during the COVID-19
pandemic.

I would like to express my deepest gratitude to my family and friends
for their support not only during my PhD, but also during my entire
journey from the beginning of my bachelor’s to my defense presenta-
tion, including my brothers and their families, my partner Nicolas,
my school friends, and my parents.






ix

Contents
[Abstract] i
IDeutsche Zusammenfassung] iii
|Acknowledgements| vii
[1__Introductionl 1
(1.0.1  Motivationl . .. ... ... ... .. ... .. 3
[1.0.2  Exploratory Multi-Omics Visualization|. . . . 5
1.0. ntributions| . . . . . . .. ... 7
[2__Background| 11
2.1 Multi-Omics Datal 11
2.1.1 From Gen M lites] . . ... ... .. 14
[2.1.2  Prokaryotes and Eukaryotes. . . . . ... .. 15
1CSl . 16
Genome Sequencing and Assembly| . . . . . . 16
Genome Annotation| . . . . ... .. ... .. 18
[2.1.4 Transcriptomics|. . . . . ... ... ... ... 19
RNA Sequencing| . . . . . ... ... ... .. 20
Data Analysisf. . . . . . ... ..., 20
2.1.5 _Proteomicsl . . ... ... ... ... .. ... 22
2.1.6  Metabolomics . . . . . ... ... ... ... . 22
2.1.7 Multi-Omicsl . ... ... ... ... ..... 23
2.2 The Fundamentals of Information Visualization| . . . 24
2.2.1 Perceptual Basics|. . . . .. .. ... ... .. 25
2.2.2 annels an ata es| . ... 26
2.2.3 Combining Channels| . . . . . ... ... ... 29
[2.2.5 The Visualization Pipeline|. . . . . . . . . .. 34
.......... 35

13 Visualizing Genomes| 39




8.1 Tasks, Tools, and Techniques| . . . . . . ... .. .. 41
[3.1.1 Data Taxonomy| . . ... ... ... ..... 41
[3.1.2  Visualization Taxonomy| . . . . . .. ... .. 43
3.1.3 ask Taxonomyf. . . . . . ... ... ... .. 45
3.1. ools for Prokaryotic Genomes| . . . . . . .. 45
BI5 Conclusionl . . ................. 46

3.2 SeMa-Trap| . .. ... ... ... ... ... 47
3.2.1 Introductionl . .. ... ... ... .. .... 47
3.2.2 ipeline] . . . . ... oo 49
[3:2.37 Visualization Design| . . . . . ... ... ... 50

Eask Categorization And Requirement Analysis| 50

|Data § gategorizationl .............. 52

[3-2.4 Design in Taxonomic Context| . . . . . . . .. 52
Overviewl . ... ... ... ... .. ..... 53
Detailed View]. . . .. ... ... ... .... 55

[3.2.5 Implemetation| . .. ... ... ........ 58

26 UseCase .......... ... ....... 59

[3.2.7 Discussion and Future Workl. . . . . ... .. 60

[3.3  Gosling-Meta) . . .. ... ............... 61

B3I Introductionl . . ................ 61

B.32 RelatedWorkl. . . ... ............ 63

8.3.3  Literature Researchl . .. ... ... ... .. 64

[3.3.4  Gosling-Meta Grammar| . . . . ... .. ... 66

|Connection TZEe| ................ 66
|Ziew Specification] . . . . .. ... . ... .. 69

B35 Examples . . ... ... .. ... ....... 69
|IReimplementation: Genomic Context Visual- |

[ zafiond ... ... ... ... ... 70
|Reimplementation: Metadata Table] . . . . . 72

B.3.6 Discussion]. . . .. ... ... ... ...... 72

B.4 Joint Conclusionl . . . ... ... ... .. ...... 76

4 Visualizing Gene Function: GO-Compass| 77
4.1 Abstractl. . . ... ... o 7
4.2 Introductionl. . . . . . ... oo 78

4. il rkl ... 81
4 Methodl . .. ... ... ... ... ... ... .. 82




Xi

4.4.2  Semantic Similarity] . . . .. ... 84
4.4.3  Algorithm|. . . . . .. ... ... 85
4.5 Visualizationl . . . . . . . . . .. . 87
[4.5.1 Dashboard Components| . . . . .. ... ... 87

[Micrarchical Clustering Visualization and |

[ Cufoff Selecfiod . ... ... .. .. 90

[Treemaps] . . . . ... ... ... ....... 91

Summary Visualizations and Bar Charts|. . . 93

[4.5.2  Implementation|. . . . . . . . ... ... ... 94

B6 UseCasesl . . . v vvvv oo 94
4.6.1 1. Functional Enrichment of Antibi-

[ ofic Response in_the Mouse Iranscriptomd . 94

[4.6.2 Use Case 2: Genomic Variability in the |

[ Syphilis Agent, Treponema pallidum . . . . . 98

4.7 ualitative Evaluation| . . . . . ... ... ... . 100

7.1 xpert Feedbackl . . . . . ... 000 102

........................ 104

|:’)_Visualizing Cluster Patterns: OmicsTIDE| 107

1 Abstractl . . ... 107

6.2 Introductionl. . . . . . .. ... ... 108

B3 Related Workl . . . .. ... ... .. ... ...... 109

5.4 Classification of Omics Datal. . . . . ... ... ... 113

5.5 Methodl . . ... ... oo 115

[5.5.1 Data Loading and Comparison Selection| . . . 116

5.5.2  First-level Analysis: Trend Exploration| . . . 117

[5.5.3 Second-level Analysis: Detailed Trend Analysis|120

5.5.4 Implementation|. . . . . ... ... ... ... 121

F6 CaseStudies] . . .« v v vovo 121

[5.6.2  Transcriptome and Proteome Time Series |

[ Data Set of Streptomyces coelicolott . . . . . . 124
[[ntra-Omacs: M1152 transcriptome vs. M145 |

[ transcriptomd . . . . . .. ... .. 126
|Inter-Omacs: M1152  transcriptome vs. |

[ MTII5Z proteomd . . . . . ... ... 126
5.7 Discussion| . . . . . .. .. ... 128

6 Visualizing Cohorts: OncoThreads| 131




xii

6.1 Abstractl. . . .. ... ... . 131
6.2 Introductionl. . . . . ... ... ... ... ... 132
6.3 Meterial & Methods| . . . . .. ... ... ... ... 134
[6.3.1 OncoThreads Overview| . . . . ... .. ... 134
6.3.2 Block View] . . . . ... ... ... ...... 136
6.3.3 Timeline View] . . .. ... ... ... .... 138
[6.3.4 Feature Operations|. . . . . .. .. ... ... 138
|Feature Manager| . . . . . .. ... ... ... 139

6.3.5 eature bxplorer| . . . . . ..o 139

[Design Process| . . . .. ... ... ...... 142
[6.3.6  Availability and Implementation| . . ... .. 143
|§.4—1 Results: case study in low-grade glioma cohort] . . . 143

5 Discussionl . . -« - . oo e 148
6.5.1 Application| . . . . .. ... 148

6.5.2 esign Sprint| . . . . ..o 149
[7__Visualizing Networks: ProtEGOnist| 151
[[1_Abstract]l. . . ... .. ... ... ... ... .. ... 151
[[.2" Tntroduction]. . . . . . .. ... ... .. ... ... . 152
[(.3 Related Workl . . . . . . ... ... ... ....... 156
7.4 Approach| . . . ... ..o 159

7.4.1 Ego-graph Concept & Visualization Desi . 160
7.4.2 yph and Ego-Graph Group Redesign| . . . 164
[7.4.3 Visual Interface & Application Design| . . . . 165

Overviewl . . . . . . . . ... 165

Radar Chart| . ... ... ... ........ 167

|Ego-graph Subnetwork|. . . . ... ... ... 169

[Selection Tablel . . . . . ... ... ...... 169

[7.4.4  Implementation|. . . . . . . .. ... ... .. 171

[5 _UseCases . . . o oovvee e 171

1 -author n rkl ... 171

[7.5.2  lac operon in L. colt Protein-Protein Interac- |

[ fion Nefwork . . . ... .. ... ....... 172
(£.0.3  Human DeeProM Protein-Protein Interaction |

[ Nefworkd . . . . .. ... ... ... ...... 176
[Analysis Using ProtEGOnist| . . .. ... .. 178

xpert Feedbackl . . . . .. ..o 000 180










List of Figures

XV

1.1 Anscombe’s Quartet| . . . . ... ... ... ... .. 2
1.2 Multi-Omics Datal . . .. ... ... ... ...... 4
13

27

29

3.1 Data, Visualization, and Task Taxonomy for Ge- |
[ nomic Visualizafiond . . . . . . . . ... 40
B.2__Screenshot of TslandViewerd] . . . . . ... ... .. 42
reensh f antiSMASH Visualizationsl . . . . . . . 48

[3.4 Screenshot of SeMa-Trap Overview| . . . . . .. ... 53
[3:5 " Screenshot of SeMa-Trap Row Expanded]. . . . . . . 55
|3.6 Screenshot SeMa-Trap Detail] . . . . . ... ... .. 56
BT GoSLing Concopl . -« + oo 62
[3.8 Identified Metadata Visualization Types| . . . . . . . 66
|3.9 Gosling-Meta Concepts| . . . . . . . ... ...... 67
3.10 Gosling-Meta Tightly Aligned Example] . . . . . . . 71
3.11 Gosling-Meta Weakly Aligned Example] . . . . . . . 73
[3.12 Gosling-Meta Weakly Aligned Plot Options|. . . . . 74
4.1 Example GO term hierarchy QuickGO| . . . ... .. 80
[A2G0-Compass Dashboard| . .. ............. 88
.3 GO-Compass Original Screenshot| . . . . ... .. .. 89
4.4 GO-Compass Screenshot Results Table] . . . . .. .. 89
.0 GO-Compass Large Iree Examplef . . . . . . ... .. 91
4.6 GO-Compass Glyph Visualization| . . . ... ... .. 92
4.7 GO-Compass Use Case Mouse Transcriptome] . . . . . 95
4.8  GO-Compass Use Case Mouse Transcriptome Molecu- |
[ar Fincfion Tred . . . . . . . . . . .. .. ... ... 97

4.9 GO-Compass Use Case Phylogenetic Clades Tre- |
ponema pallidum . . . . . . .. ..o 99

[4.10 GO-Compass Survey Results| . . . . .. ... ... .. 103



xvi

1 mics D lassificationl . . . . .. ... ... .. 112

5.2  OmicsTIDE Workflow] . . . . . . ... ... ... ... 114
[5.3  OmicsTIDE Supplementary Figure Original Screenshot| 118
[5.4  OmicsTIDE Supplementary Figure First Level Analy- |

[ sis of Non-intersecting Gened . . . . . ... ... .. 119
[5.5 OmicsTIDE Case Study Blood Cell Differentiation| . . 122
5.6 OmicsTIDE Case Stu treptomyces coelicolor| . . . 125
5.7 OmicsTIDE Supplementary Figure Highlighting Con- |

[ cordanf Tnfersecfiond . . . . . . ... .. ... ... 127
6.1 OncoThreads Schematicl . . ... ... ... .. ... 132
[6.2  OncoThreads Visualization Operations| . . . . . . . . 135
[6.3 OncoThreads Feature Explorations| . . . . . ... .. 140
6.4 OncoThreads Variability Types| . . . . . .. ... .. 140
6.5 OncoThreads Case Study| . . . . ... ... ..... 144
[6.6 OncoThreads Example Analysis Step 1]. . . . . . . . 145
6.7 OncoThreads Example Analysis Step 2[ . . . . . . . . 146
6.8 OncoThreads Example Analysis Step 9] . . . . . . . . 147
[(.1 ProtEGOnist interfacel . . . . .. .. ... ... ... 154
[7.2  Ego-graph Concept| . . . ... ... ... ....... 162
[7.3 Ego-graph Groups Alternative Concepts| . . . . . . . 165
7.4 ProtEGOnist Overview Visualization 166

.D__ProtEGOni r Chartl. . .. ... ... ..... 168
[7.6 ProtEGOnist kigo-graph Subnetwork| . . . . ... .. 170
7.7 ProtEGOnist Selection Table kxcerpt] . . ... .. . 170
[ ProtEGOni Sul K Visual Co-Aui] |

[ Use Casd . . . . 000000 n s 173
| .9 ProtEGOnlst lac Operon Use Case| . . . . . .. ... 174
7 11 ProtEGOnist Overview Visualization DeepPro se

CCasd . . ... o 177
712 ProtEGOni Tl K Visnalizat DecProM |

[ (se Casd . . . . . . . . 179

13 ProtEGOni r Charts DeeProM 180




xvii

List of Tables
2.1 Typesof Plots| . . ... ... ... ... ....... 30
[3.1 Gosling-Meta Search Terms|. . . . . ... ... ... 65
4.1 GO-Compass Case Study Tasks| . . . ... ... ... 101

5.1 OmicsTIDE Comparison of Modules| . . . . . ... .. 124







Xix

Contributions

Thesis Contributions

Chapter 4: Visualizing Gene Function

Author Position

& Author Scientific Data Gen-  Analysis &  Paper

Ideas eration & Interpreta- Writing

Implemen- tion
tation

1. Harbig, Theresa 85 % 100 % 60 % 70%

2. Witte Paz, Mathias 10% 0% 30 % 20 %

3. Nieselt, Kay 5% 0% 10 % 10%

Title of Paper: GO-Compass: Visual Navigation of Multiple Lists of

GO Terms
Status: published
Chapter 5: Visualizing Cluster Patterns
Author Position
& Author Scientific Data Gen-  Analysis &  Paper Writ-
Ideas eration &  Interpreta- ing
Implemen- tion
tation
1. Harbig, Theresa 45% 70 % 45 % 65 %
2. Fratte, Julian 40% 30% 45 % 20 %
3. Krone, Michael 5% 0% 5 % 5%
4. Nieselt, Kay 10 % 0% 5 % 10 %

. OmicsTIDE: Interactive Exploration of Trends in
Title of Paper: Multi-Omics Data
Status: published




XX

Chapter 6: Visualizing Cohorts
Author Position & Author  Scientific Data Analysis Paper
Ideas Gener- & Inter-  Writing
ation & pretation
Imple-
mentation
1. Harbig, Theresa 30% 60 % 35 % 40%
2. Nusrat, Sabrina 22.5% 40% 30 % 30%
3. Tali, Mazor 12.5% 0% 10 % 10%
4. Wang, Quianwen 2.5% 0% 5 % 5%
5. Thomson, Alexander 5% 0% 2.5 % 0%
6. Bitter, Hans 5% 0% 2.5 % 0%
7. Cerami, Ethan 10% 0% 5 % 5%
8. Gehlenborg, Nils 12.5% 0% 10 % 10%

Title of Paper:

OncoThreads: visualization of large-scale
longitudinal cancer molecular data

Status: published
Chapter 7: Visualizing Networks
Author Position
& Author Scientific Data Gen-  Analysis &  Paper
Ideas eration & Interpreta- Writing
Implemen- tion
tation
1. Brich, Nicolas 35% 45 % 30 % 25%
2. Harbig, Theresa 35% 35% 30 % 35%
3. Witte Paz, Mathias  15% 20 % 25 % 20%
4. Nieselt, Kay 7.5% 0% 5 % 5%
5. Krone, Michael 7.5% 0% 10 % 15%

Title of Paper:
Status:

Note:

ProtEGOnist: Visual Analysis of Interactions in Small
‘World Networks sing Ego-graphs

published

The first two authors contributed equally and should
be regarded as joint first authors. This Paper will also
be included as a chapter in the dissertation of Nicolas
Brich.




XX1

Other Contributions

S. Wilcken, P.-H. Koutsandrea, T. Bakker, A. Kulik, T. Orthwein,
M. Franz-Wachtel, T. Harbig, K. K. Nieselt, K. Forchhammer, H.
Brotz-Oesterhelt, B. Macek, S. Mordhorst, L. Kaysser, and B. Gust,
“The TetR-like regulator Sco4385 and crp-like regulator Sco3571
modulate heterologous production of antibiotics in streptomyces
coelicolor M512,” en, Appl. Environ. Microbiol., vol. 91, no. 5,
e0231524, May 2025, 1sSN: 0099-2240,1098-5336. DOI: 10.1128/ae
m_O0731h=74

L. Schulze, J. Moessner, S. Krauss, T. Harbig, K. Nieselt, B. Kris-
mer, and A. Peschel, “Genetic modification of intractable staphylo-
coccal clones by heat-shock facilitated phage transduction,” bioRziv,
Apr. 2025. DOI: 10.1101/2025.04.04.647181

N. Gericke, D. Beqaj, T. Kronenberger, A. Kulik, A. Gavriilidou,
M. Franz-Wachtel, U. Schoppmeier, T. Harbig, J. Rapp, I. Grin,
N. Ziemert, H. Link, K. Nieselt, B. Macek, W. Wohlleben, E.
Stegmann, and S. Wagner, “Unveiling the substrate specificity of
the ABC transporter tha and its role in glycopeptide biosynthesis,”
en, iScience, vol. 28, no. 4, p. 112135, Apr. 2025, 1SSN: 2589-0042.
DOI: 10.1016/j.isci.2025.112135

S. Hackl, C. Jachmann, M. Witte Paz, T. A. Harbig, L. Martens,
and K. Nieselt, “PTM Vision: An interactive visualization webserver
for post-translational modifications of proteins,” en, J. Proteome
Res., Jan. 2025, 1sSN: 1535-3893,1535-3907. DOI: 10.1021/acs. jp
roteome.4c00679

A. Hoffmann, U. Steffens, B. Macek, M. Franz-Wachtel, K. Nieselt,
T. A. Harbig, K. Scherlach, C. Hertweck, H.-G. Sahl, and G. Bier-
baum, “The unusual mode of action of the polyketide glycoside an-
tibiotic cervimycin C,” en, mSphere, vol. 9, no. 5, e0076423, May
2024, 18SN: 2379-5042. DOT: [10.1128/msphere.00764-23

M. Bianchi, M. Winterhalter, T. A. Harbig, D. Hérompoli, I. Ghai,
K. Nieselt, H. Brotz-Oesterhelt, C. Mayer, and M. Borisova-Mayer,
“Fosfomycin uptake in escherichia coli is mediated by the outer-
membrane porins OmpF, OmpC, and LamB,” en, ACS Infect Dis,


https://doi.org/10.1128/aem.02315-24
https://doi.org/10.1128/aem.02315-24
https://doi.org/10.1101/2025.04.04.647181
https://doi.org/10.1016/j.isci.2025.112135
https://doi.org/10.1021/acs.jproteome.4c00679
https://doi.org/10.1021/acs.jproteome.4c00679
https://doi.org/10.1128/msphere.00764-23

xxii

vol. 10, no. 1, pp. 127-137, Jan. 2024, 1SSN: 2373-8227. DOI: |10.10
21/acsinfecdis.3c00367

R. Shukla, A. J. Peoples, K. C. Ludwig, S. Maity, M. G. N. Derks,
S. De Benedetti, A. M. Krueger, B. J. A. Vermeulen, T. Harbig,
F. Lavore, R. Kumar, R. V. Honorato, F. Grein, K. Nieselt, Y.
Liu, A. M. J. J. Bonvin, M. Baldus, U. Kubitscheck, E. Breukink,
C. Achorn, A. Nitti, C. J. Schwalen, A. L. Spoering, L. L. Ling,
D. Hughes, M. Lelli, W. H. Roos, K. Lewis, T. Schneider, and M.
Weingarth, “An antibiotic from an uncultured bacterium binds to
an immutable target,” en, Cell, vol. 186, no. 19, 4059-4073.e27, Sep.
2023, 1sSN: 0092-8674,1097-4172. por1: 10.1016/j.cell.2023.07
“038

M. D. Mungan, T. A. Harbig, N. H. Perez, S. Edenhart, E.
Stegmann, K. Nieselt, and N. Ziemert, “Secondary metabolite tran-
scriptomic pipeline (SeMa-trap), an expression-based exploration
tool for increased secondary metabolite production in bacteria,”
en, Nucleic Acids Res., vol. 50, no. W1, W682-9, May 2022, 1SSN:
0305-1048,1362-4962. DOI: [10.1093/nar/gkac371

S. Krauss, T. A. Harbig, J. Rapp, T. Schaefle, M. Franz-Wachtel, L.
Reetz, A. M. A. Elsherbini, B. Macek, S. Grond, H. Link, K. Nieselt,
B. Krismer, A. Peschel, and S. Heilbronner, “Horizontal transfer
of bacteriocin biosynthesis genes requires metabolic adaptation to
improve compound production and cellular fitness,” en, Microbiol
Spectr, €0317622, Dec. 2022, 1SSN: 2165-0497. DOI: 10.1128/spect
rim. 031 /6=

S. T. Hackl, T. A. Harbig, and K. Nieselt, “Technical report on best
practices for hybrid and long read de novo assembly of bacterial
genomes utilizing illumina and oxford nanopore technologies reads,”
en, bioRziv, p. 2022.10.25.513682, Oct. 2022. pOI: 10.1101/2022.1
0 Vh Hh1368Y

A. Dietrich, U. Steffens, M. Gajdiss, A.-L. Boschert, J. K. Droge,
C. Szekat, P. Sass, I. T. Malik, J. Bornikoel, L. Reinke, B.
Macek, M. Franz-Wachtel, K. Nieselt, T. Harbig, K. Scherlach,
H. Brotz-Oesterhelt, C. Hertweck, H.-G. Sahl, and G. Bier-
baum, “Cervimycin-resistant staphylococcus aureus strains display
vancomycin-intermediate resistant phenotypes,” en, Microbiol.


https://doi.org/10.1021/acsinfecdis.3c00367
https://doi.org/10.1021/acsinfecdis.3c00367
https://doi.org/10.1016/j.cell.2023.07.038
https://doi.org/10.1016/j.cell.2023.07.038
https://doi.org/10.1093/nar/gkac371
https://doi.org/10.1128/spectrum.03176-22
https://doi.org/10.1128/spectrum.03176-22
https://doi.org/10.1101/2022.10.25.513682
https://doi.org/10.1101/2022.10.25.513682

xxiii

Spectr., vol. 10, no. 5, e0256722, Oct. 2022, 1SSN: 2165-0497. DOLI:
10.1128/spectrum.02567-22

Q. Wang, T. Mazor, T. A. Harbig, E. Cerami, and N. Gehlenborg,
“ThreadStates: State-based visual analysis of disease progression,”
en, IEEE Trans. Vis. Comput. Graph., vol. 28, no. 1, pp. 238-247,
Jan. 2022, 1ssN: 1077-2626,1941-0506. DoI: [10.1109/TVCG.2021.3
TTARA(

M. Witte Paz, T. A. Harbig, and K. Nieselt, “Evidente—a visual
analytics tool for data enrichment in SNP-based phylogenetic trees,”
en, Bioinform. Adv., vol. 2, no. 1, Jan. 2022, 1SSN: 2635-0041. DOTI:
10.1093/bioadv/vbac075

S. Beier, A. Gorska, P. Grupp, T. A. Harbig, I. Flade, and D. H.
Huson, “Bioinformatics support for the tubiom community gut mi-
crobiome project,” en, PeerJ Preprints, Tech. Rep. €2382v1, Aug.
2016. DOI: 10.7287/peerj.preprints.2382v1


https://doi.org/10.1128/spectrum.02567-22
https://doi.org/10.1109/TVCG.2021.3114840
https://doi.org/10.1109/TVCG.2021.3114840
https://doi.org/10.1093/bioadv/vbac075
https://doi.org/10.7287/peerj.preprints.2382v1




Chapter 1

Introduction

If a man has his eyes bound, you can encourage him as
much as you like to stare through the bandage, but he’ll
never see anything. He’ll be able to see only when the
bandage is removed.

—Franz Kafka, The Castle

Data visualization is applied in almost all domains from social sci-
ence, to engineering, to biology. Visualizations communicate data
and produce insights by leveraging the visual processing capacity
of the human brain. As Kafka would put it, staring at data tables
or numbers and expecting to gain insight is like staring through
a bandage and expecting to see. With visualization, the bandage
can be lifted and the data and its properties can be understood.
This is illustrated by the well-known example called Anscombe’s
quartet [15]. Four data sets seem almost identical con-
cerning statistical parameters including mean, variance, and corre-
lation. Only when applying visualization, we can see that they are
very different.

Visualization ranges from simple information visualization commu-
nicating election results to exploratory visualizations of bio-medical
data. Exploring data using visualizations before or instead of sta-
tistical analysis is called exploratory data analysis and was first in-
troduced by John Tukey in 1978 [|16]. It is essential for data-driven
projects, where huge amounts of data are produced, but the research
question is not easily translated into a hypothesis for traditional hy-
pothesis testing.

Despite advancements in computational techniques, such as arti-
ficial intelligence which can automate large parts of the analysis
process, human involvement remains critical. Computational ap-
proaches do not replace the human in the loop but rather change
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Figure 1.1: Ansombes Quartet [15]. Scatterplots of four data sets of x-y
pairs. The data sets are almost identical concerning common statistical
parameters (X = 9,y = 7.5, s2 = 11, s§ = 4.125, ryy = 0.816). However,
the visualizations make the differences of the data salient.

Source: Graphs in Statistical Analysis, F.J. Anscombe, The American
Statistician, ©1973, reprinted by permission of Informa UK Limited, trad-
ing as Taylor & Taylor & Francis Group, http://www.tandfonline.com
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at which point humans add their skills to an analysis. For this, the
power of visualization is not only to communicate and explore but
also to increase a researcher’s confidence in the analysis process.
After all, humans judge the results of algorithms and decide on the
next steps. This highlights that when designing a visualization, the
audience is important, and visualizations are to be interpreted with
context. For this thesis, visualizations were developed with domain
experts to understand how data can be communicated truthfully
and efficiently.

1.0.1 Motivation

Much of the work presented in this dissertation was developed with
domain experts from the transregional collaborative research center
TRR 261 “Cellular Mechanisms of Antibiotic Action and Produc-
tion” (acronym “ANTIBIOTIC CellMAP?”). The center has studied
how antibiotics are produced and how they act on bacteria in mul-
tiple research projects. Close collaboration in data analysis projects
with domain experts led to a deeper understanding of the data and
the general requirements for visualization tools.

The research projects aim to investigate antibiotic action and pro-
duction mechanisms on several different levels, leading to complex
multi-dimensional data ) For this, the differences be-
tween genomes are studied, for example how genomes of bacterial
strains resistant to an antibiotic differ from sensitive strains. The
corresponding field is called genomics. Moreover, the conditions
causing the responsible genes to become active are explored in the
fields of transcriptomics and proteomics. Finally, in metabolomics,
the compounds produced that act as antibiotics and their interme-
diates are studied. The combination of genomics, transcriptomics,
proteomics, and metabolomics data can be seen as a multi-layer
network, where each field is called an “omics layer )
Data exists (experimental or found in databases) that links enti-
ties within an omics layer, such as protein-protein interactions, or
between omics layers, such as pathway data.
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Figure 1.2: (a) Multi-Omics data consists of multiple layers, such as
genomics, transcriptomics, proteomics, and metabolomics. Within the
layers, different entities are studied, which are genes, transcripts, proteins,
and metabolites. (b) The data can be seen as a multi-layer network, since
the entities are connected within and between the layers. For example,
genes belonging to the same family can be linked within the genomic
layer, but they are also linked to their corresponding transcripts, proteins,
and the involved metabolites. (c) Data can be visualized by (i) mapping
genomic, transcriptomic, and proteomic data on the corresponding genes
in a genome-coordinate visualization or (ii) mapping all omics layers to a
pathway network.

The data analysis projects in the TRR usually involved well-defined
research questions and thus testable hypotheses. They involved an-
alyzing transcriptomics data regarding differential expression and
gene function, genomic analysis concerning the detection of Sin-
gle Nucleotide Polymorphisms (SNPs), and joint interpretation of
genomics, transcriptomics, and proteomics data [6], [7], [9], [11].
Many of these analyses produce tables, such as tables of differential
expression analysis, tables of SNPs, or tables of statistically over-
represented functional terms. For statistical analysis, R packages,
such as DeSeq2 [17], are often used, including the creation plots like
gene expression heatmaps, dendrograms, or Venn diagrams. While
these conventional methods can help answer the most immediate
question, such as evaluating mutations within or the expression of
genes of interest, the amount of data produced calls for exploratory
methods. The methods should facilitate a holistic analysis of multi-
omics data and the discovery of unexpected results.
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102 Exploratory Multi-Omics Uisualization

For the most basic visualization, multi-omics data can be displayed
by mapping them to structures inherent to the data. For example,
all gene-based data, such as genomic, transcriptomic, and proteomic
data can be mapped to genes in genome coordinate visualizations,
such as genome browsers (Figure 1.2f,i). The genome browser IGV
is an approach for interactive genome visualization of sequencing
data [18], which has various applications for multi-omics data. It
can be applied as a visual quality control but also visualize SNPs
and map numerical values (gene expression or protein abundance) to
genes. Furthermore, metabolic pathways can be used for visualiza-
tion, which show how genes catalyze reactions creating metabolites
(Figure 1.2f.ii). Tools like Vanted [19] or Pathview Web [20] can
be used to combine the individual results in one pathway view for
a pathway of interest. Metabolic pathways are a type of network,
which is a common structure for multi-omics data, including gene
co-expression networks, or multi-omics networks. Yet, genomic-
coordinate visualizations, metabolic pathways, and other network
visualizations are suited for a small number of genes or nodes. They
are only useful if the genes or pathways of interest are known, but
become too large to interpret if many genes or nodes are displayed.

Multi-omics data sets can be very large as they often contain the
entirety of genes, transcripts, proteins, and/or metabolites within
one or many samples. Furthermore, multi-omics data sets are not
only produced on a per-experiment basis, but databases exist with
large amounts of data, adding background knowledge to the analy-
sis. Databases can contain data on a single omics level, for exam-
ple, protein structures, but also contain multi-omics data, such as
protein-protein associations created using multi-omics data. More-
over, the shape of the multi-omics data sets is variable. Not all
omics layers are always available when analyzing experimental data.
Due to the cost of omics analyses, researchers carefully decide which
omics layer is worth analyzing. Genomics and transcriptomics anal-
ysis are comparatively inexpensive as they apply next-generation
sequencing techniques. In contrast, proteomics and metabolomics
are more expensive due to the application of mass spectrometry
methods. Moreover, not only the available layers can differ, but



6 Chapter 1. Introduction

also the number of samples and replicates. For the TRR, multi-
omics data sets stem from controlled experiments with few condi-
tions (usually less than 10) and few replicates (mostly not more
than three). In contrast, cancer research deals with large cohorts of
patients, each with a varying number of samples and replicates. In
conclusion, multi-omics data is large, heterogeneous, and variable
in shape, which represents a major challenge for analysis.

Furthermore, the specific research goals are critical. Much research
is gene-based, for example, when studying human cancer or operon
structures in prokaryotes. Here, the challenge is making poten-
tial genes of interest salient to the researcher and visualize them
in context with other multi-omics data. At other times, transcrip-
tomics and proteomics data are studied, for example, to gain insight
into the molecular mechanisms of gene expression on a genome-wide
level. Transcriptomics and proteomics data can easily be connected
using shared identifiers, which can be leveraged for integration. Yet,
the connection to metabolites or comparing different species where
identifiers do not match is not as simple. Species-agnostic vocabu-
lary, such as Gene Ontology terms can be used to translate the func-
tion of molecular entities into a universal language. Alternatively, a
network modeling the connections between genes, transcripts, pro-
teins, and metabolites can be the basis of analysis. However, multi-
omics research is not always focused on molecular entities, but also
on large cohorts of patients. Here, the goal is to find associations
between disease phenotypes and multi-omics data. Similar to gene-
based research, a main challenge is making multi-omics features of
interest salient.

To address these research goals, the data must be transformed into
a more interpretable shape with multi-omics data integration meth-
ods. This includes, for example, joint clustering of omics layers [21],
the creation of multi-omics networks [22], or overrepresentation tests
and gene set enrichment analysis [23]. After integration, a multitude
of analysis and visualization methods can be applied. For example,
when a multi-omics network is created, the whole repertoire of net-
work methods can be applied for analysis and visualization. Yet,
visualization approaches for multi-omics data should be accessible
to users without advanced computational skills, which is important
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when applying and explaining statistical computations, clustering,
or advanced machine-learning techniques in a visualization.

The work presented in this dissertation provides visualization ap-
proaches that make multi-omics data interpretable for domain ex-
perts. As reflected in the title of this dissertation, data is visualized
on different scales, from gene-centric analysis in microbes to an-
alyzing entire single-omics layers, multiple omics layers, and even
analyzing many individuals in cohorts. Moreover, this dissertation
aims to showcase how approaches can be designed systematically by
abstracting the underlying data and the research space.

1.0.3 Contributions

This dissertation first provides an overview of the data and visual-
ization techniques needed to design and implement effective data vi-
sualization approaches . Then, the developed approaches
are described and discussed (chapters 3-7) in-depth followed by a
joint discussion (chapter 8).

In [chapter 3| visualization techniques for genomic visualizations are
presented. The chapter highlights how knowledge of the visual-
ization research space obtained by contributing to a State of the
Art Report (STAR) [24] can be combined with domain expertise
for systematic visualization development. The first presented ap-
proach, SeMa-Trap, is a visualization for the results of a pipeline
detecting Biosynthetic Gene Clusters (BGCs) producing secondary
metabolites in prokaryotes and quantifying their expression [8]. The
visualization is based on an extensive computational pipeline, which
only requires raw transcriptomics data, and is easy to apply by do-
main scientists. As a more universal, pipeline-independent approach
Gosling-Meta is presented, an extension of the genome-coordinate
visualization grammar Gosling [25]. Gosling-Meta extends this
with meta-data visualizations, thus contributing to the quick devel-
opment of genome-coordinate-based visualization approaches.

Often, not only single entities such as BGCs are of interest, but
the goal is gaining an overview of one or even multiple omics lay-
ers. Therefore, frequently statistical analyses are performed to find
genes or metabolites with significantly altered expression between
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two conditions. The approach GO-Compass presented in

provides a comparative visualization for the functional composition
of multiple lists of genes [26]. GO-Compass was inspired by the col-
laborations within the TRR, where a common issue in analyzing
lists of differentially expressed genes was the high number of genes.
Typically, genes are categorized into pathways or functional terms
for interpretation. The Gene Ontology provides such vocabulary in
the shape of GO terms. Overrepresentation or enrichment tests are
applied to find overrepresented terms, resulting in lists of GO terms
that can still be too long and redundant for manual interpretation.
GO-Compass comparatively visualizes such lists and reduces their re-
dundancy. With this novel approach inter-species comparison and
combinations of any omics layer translatable into GO terms are now
possible.

While the previously described approaches integrate multi-omics
data based on existing knowledge and metadata, other integration
approaches are based on the experimental data alone. One of the
most common combinations of omics data is transcriptomics and
proteomics data. This combination is especially worthwhile in a
multi-omics analysis as protein-coding transcripts and proteins of-
ten have a 1 to 1 relationship in particular in prokaryotic organisms
where splicing does not occur. OmicsTIDE exploits this feature and
combines the two omics layer by their shared identifier [27]
er J). It visualizes transcript and protein abundance for a single
organism across different conditions and performs joint multi-omics
clustering. One of the central aims of OmicsTIDE is to find corre-
lated subgroups of genes that show concordant patterns across two
omics layers, which we identified as a common task in the TRR.

Multi-omics data can be visualized on larger scales, where entire co-
horts of individuals are visualized. OncoThreads presented in
fer @ maps multi-omics data to patient samples [28]. The approach
visualizes the development of a cohort over time according to mul-
tiple selected multi-omics data or metadata features, such as the
expression of specific genes. Using computationally aided visual-
ization methods, features of interest can be identified and used for
visualization.
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As described above, composite networks are a common technique
for integrating multi-omics data. They can be studied using Pro-
tEGOnist [29], an approach for visualizing small-world networks
presented in The approach was initially developed to
contribute to the Bio+MedVis Challenge 2023 to visualize protein-
protein interaction networks and was declared the winner. As in-
put data, a network of the STRING database was used, which in-
cludes proteins and their associations, which are based on data of
several omics levels, such as gene co-expression (transcriptomics),
genomic neighborhood (genomics), protein homology (proteomics),
and text mining (any omics) [30]. After the challenge the approach
has been extended to visualize any small-world network, such as
multi-omics correlation networks, or—as demonstrated in the cor-
responding chapter—social networks. The approach is based on ego
graphs and makes impactful nodes, such as proteins with many as-
sociations salient in the visualization.

In conclusion, this thesis contributes novel approaches for visualiz-
ing multi-omics data using different data integration methods and
focusing on different multi-omics layers and scales. The methods
are based on different data integration methods, such as mapping
multi-omics data to genomes (SeMa-Trap) or universal vocabulary
(GO-Compass), using the data for joint clustering (OmicsTIDE), map-
ping the data to patients (OncoThreads), or creating composite
multi-omics networks (ProtEGOnist). While some approaches were
developed with a specific layer as a focus, such as data mappable
to genes in SeMa-Trap and OmicsTIDE, the others represent more
generalizable approaches. The approaches are focused on different
scales, ranging from single locations on genomes in SeMa-Trap to
data of entire medical cohorts in OncoThreads.
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Chapter 2

Background

Analyzing multi-omics data aims to gain insight into complex bio-
logical processes (Figure 2.1p). [Figure 2.1b-d illustrates the steps
required for performing multi-omics experiments. High-throughput
methods are used to produce data, which is analyzed in compu-
tational analysis pipelines and integrated using multi-omics inte-
gration methods. The analysis results are explored and communi-
cated using visualization to gain meaningful insights. Every step
in this process influences the final result of the analysis. Thus,
understanding the complexity of biological processes, data genera-
tion, and data analysis is crucial for interpreting results and devel-
oping data-exploration approaches for integrated multi-omics data.
This chapter describes the biological processes, omics data genera-
tion and analysis, and multi-omics integration. Finally, the role of
visualization and its importance for exploring and communicating
complex (in particular biological) data on different scales is covered.

21 Multi-Omics Data

The role of the molecules studied must be understood for a men-
tal model of multi-omics data. Every organism consists of proteins,
fats, sugars, and complex metabolites. These molecules are created
in biochemical reactions facilitated by specialized proteins called en-
zymes. The building plans for these molecules are stored in Deozyri-
bonucleic acid (DNA) in every cell. DNA consists of nucleotides,
each composed of a sugar, a phosphate group, and one of four nu-
cleobases: Adenine (A), Guanine (G), Cytosine (C), and Thymine
(T) [31]. Chains of nucleotides form a DNA strand. Two DNA
strands are wound up as a double helix and attached at the nu-
cleobases. Due to their structure, each nucleobase typically pairs
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with a complementary base (A and T as well as C and G) forming
so-called Watson-Crick pairs.

The Central Dogma of Molecular Biology states that the DNA is
transcribed into single-stranded messenger RNA (mRNA) in a pro-
cess called transcription, The mRNA is then translated into proteins
in a process called translation [32] (Figure 2.1h). Not the entire
DNA is transcribed, but subsequences of the genome called genes.
Each gene has a specific function, often encoding for a certain en-
zyme. The process of transcription and translation is subsumed as
gene expression. Gene expression is tightly regulated, where tran-
scription controls the amount of mRNA produced from a specific
gene, and translation subsequently controls the number of proteins
made from the mRNA copies. Depending on external factors, dif-
ferent genes are transcribed and translated to trigger different bio-
chemical reactions, adapting an organism to its environment.

Each step in this process and the resulting molecules are studied
to analyze the characteristics of an organism. For example, the
human genome can be analyzed to find characteristics determining
human traits [33]. The corresponding field in molecular biology
studying genomes is called genomics. Furthermore, in the fields
transcriptomics, proteomics, and metabolomics transcripts, proteins,
and metabolites are analyzed to explore the effect of stimuli on their
expression, for example when analyzing which effect different types
of antibiotics have on the organism.

shows an overview of data analysis of the different omics
fields (Figure 2.1p-c) and their integration (Figure 2.1d). The high-

throughput methods used for data acquisition differ for the omics
layers and produce different types of data (Figure 2.1p), each pro-
cessed with specialized bioinformatics meth). Each
processing method produces features that can be of interest for data
analysis and integration, such as expression rates or genomic muta-

tions. The following sections describe in detail how the layers are
processed and how data is integrated using multi-omics integration

methods (Figure 2.1d).
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Figure 2.1: Steps of multi-omics data analysis. Multi-omics data con-
tains data from genomes, transcriptomes, proteomes, and metabolomes.
Genes are transcribed into transcripts, and transcripts are translated into
proteins. The proteins often act as enzymes in metabolic pathways cat-
alyzing reactions that build metabolites. The high throughput methods for
omics layers differ. Genomes and transcriptomes are sequenced, while pro-
teomes and metabolomes are studied using mass spectrometry (MS). The
results are nucleotide sequences for the genome and transcriptome, peptide
sequences for the proteome, and molecule identities for the metabolome
together with their abundances. The data is computationally processed
using various bioinformatics methods to extract features of interest. For
multi-omics integration, especially abundance data (highlighted in bold)
is of interest. Multi-omics integration methods are applied to connect the
different multi-omics layers
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211 From Genes to Metabolites

In genomics, the impact of alterations or natural differences between
genomes is studied. Therefore, it is crucial to understand how a
genome and genes are structured to distinguish genes from non-
coding regions. In transcriptomics and proteomics knowledge about
the mechanisms determining the transcription and translation rates
is the basis for analyses. Furthermore, for metabolomics, we need
to understand how metabolites determine an organism’s phenotype.

Genes have conserved subsequences across different organisms. The
cell apparatus uses specific subsequences within and around genes
in transcription and translation to identify genes and control gene
expression. During transcription enzymes, called RNA polymerases,
bind to specific subsequences of the DNA and create an RNA copy
of the gene. The subsequence is located upstream of a gene and is
called a promoter. The polymerase unwinds the DNA starting at
the promoter and starts transcription at the so-called transcription
start site. From there, it traverses the gene using base pairing to
create a complementary RNA molecule.

Other subsequences are important for controlling which genes are
transcribed and at which intensity. Transcription factors are pro-
teins that regulate transcription by binding to transcription factor
binding sites. They act by increasing or blocking the binding of
polymerase to the DNA or assisting in unwinding the DNA, making
it accessible for transcription.

Different types of RNA are created during transcription. The mes-
senger RNA (mRNA) is the template for encoding proteins, while ri-
bosomal RNA (rRNA), transfer RNA (tRNA), and regulatory RNAs
control the translation process. For translation, multiple rRNAs to-
gether with ribosomal proteins form a ribosome which assembles
around an mRNA molecule. tRNAs bring amino acids to the ribo-
some and are a component for the synthesis of proteins based on
the genetic sequence.

The genetic code determines how a protein is built based on the ge-
netic sequence [34]. Genes consist of triplets of bases called codons
which encode for amino acids. The combination of bases in the
codon determines the amino acid used for the protein. tRNAs are
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attached with amino acids and bind to the mRNA using a sequence
complementary to the codon called the anti-codon. Moreover, spe-
cific codons signal the start and end of transcription, called start
and stop codons.

The resulting proteins can have structural and mechanical func-
tions or act as enzymes in biochemical reactions producing metabo-
lites. Metabolites and enzymes form complex metabolic pathways
modeling the biochemical reactions of an organism. In conclusion,
depending on the environment, an organism needs to adapt its phe-
notype and thus needs to activate different metabolic pathways. For
example, when running, a person’s cells require more energy, and
thus glucose needs to be produced. Depending on the intensity and
the physical state of the person different genes are transcribed and
translated into proteins, which catalyze the biochemical reactions
for glucose production.

212 Prokaryotes and Eukaryotes

Prokaryotes and eukaryotes differ on a cellular and genomic level.
In general, the cellular structure, the processes of transcription and
translation, and the structure of genes are more complex in eukary-
otes. For multi-omics analyses, especially the differences affecting
the DNA, RNA, and protein sequences are of interest.

While prokaryotic genomes are circular and (most) consist of a single
sequence known as a chromosome, eukaryotic genomes consist of
multiple linear chromosomes in one or multiple copies. Furthermore,
the sequences used for the transcription and translation machinery
are different for eukaryotes and prokaryotes. Typically, eukaryotic
genes consist of non-coding parts called introns and coding parts
called exons. Introns are spliced before translation. In the process
known as alternative splicing, a set of exons is also spliced leading
to a different protein product, called a protein isoform.
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In general, prokaryotic genomes are densely packed with coding
genes, while eukaryotes also include other genomic sequences, regu-
lating gene expression or of unknown function. Moreover, prokary-
otic genomes include operons, which are contiguous genes often in-
volved in the same pathway, such as the biosynthesis of a compound
in the case of biosynthetic gene clusters.

213 Genomics

Genomics aims at associating phenotypes with genomic informa-
tion on different scales from studying different strains of bacteria,
to cancer phenotypes in patient cohorts, to evolutionary history.
Possible explanations for a phenotype can only be found by com-
parison. For example, the genomic origin of antibiotic resistance of
a bacterial strain can be studied on a gene-level scale by sequencing
and comparing it to a non-resistant strain |11], [35]. In contrast,
Genome-wide association studies (GWAS) are used to associate ge-
nomic variants in large cohorts with a phenotypic trait. This is
often used in cancer research to associate Single Nucleotide Poly-
morphisms (SNPs) with cancer types to find potential routes for
treatment [36]-[38]. Finally, the genomes of different species can be
compared to infer the evolutionary history of these species.

Genome Sequencing and Assembly

The sequencing method developed by Sanger enabled researchers
to study and compare whole genomes computationally [39]. The
method sequences DNA one base at a time in a linear sequential
process and requires time-consuming manual preparation and elec-
trophoresis steps. With next-generation sequencing, many genomes
could be sequenced quickly and more cheaply. To this date, II-
lumina sequencing is widely applied [40]. In this technique, the
DNA is fragmented and amplified using polymorphase chain reac-
tion (PCR) [41]. Millions of fragments can be sequenced in parallel
on a chip. The method uses sequencing by synthesis, which means
that fluorescently labeled DNA polymerase enzymes add comple-
mentary bases to the single-stranded fragments. The resulting light
signals are captured and used to deduct the sequence of a fragment
called a read. The synthesis of the DNA strand becomes erroneous
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after only a small number of base pairings. Therefore, Illumina
reads only have a length of up to 300 base pairs. Third-generation
sequencing techniques, such as nanopore sequencing, produce much
longer reads (up to hundreds of kilobases) [42]. The technique works
by traversing a strand of DNA through a membrane protein called
a nanopore while measuring changes in electric current to identify
bases. While nanopore reads are longer, they are often of worse
quality than Illumina reads. Yet, advances in base calling and error
correction methods continue to improve read quality [43].

Using computational alignment methods reads are assembled to ob-
tain a contiguous sequence by finding overlaps between the reads
[44], [45]. This process is complicated by repetitive structures in
the genome, leading to ambiguous placement of reads. Depending
on the length of the reads, the size of the genome, and the number
of repeats assembly can be challenging.

Not every genome is assembled from scratch using de-novo assembly
as described above, but a reference genome is used as a template
[46]. Instead of merging the reads, they are mapped to the refer-
ence genome. Reference-based assembly is useful for finding local
differences between the sequenced genome and the reference, such
as SNPs. Global differences, such as rearrangements of longer se-
quences are hard to find using this approach as repeat structures
sometimes cannot be resolved.

Assembled genomes are often deposited in databases and can be
used for reference-based assembly [47], [48]. Yet, not all assem-
bled genomes are of high quality. The quality and length of the
underlying reads influence the resulting genome. Assembly using I1-
lumina reads has difficulties in resolving repeat regions longer than
the short read length. Assemblies with Nanopore reads do not suffer
from this issue, as the reads are longer, but the lower quality can
lead to uncertainty in the exact genomic sequence.

Steps in the assembly pipeline aim at alleviating these issues. The
quality of the reads can be analyzed [49] and they can be prepro-
cessed in a process called trimming [50], [51], where low-quality
regions or unwanted sequence artifacts from the processing the lab
are removed or whole low-quality reads can be filtered. Yet, gaps
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in the assembly can occur if too many reads are of low quality or if
the number of reads is too low concerning the length of the genome,
leading to parts of the genome being insufficiently covered by reads.
Moreover, the assembly algorithm can influence the result and has
to be carefully chosen based on the type of organism, available re-
sources, and the downstream analysis goal [52]. Improvements in
read quality [43] and algorithms combining reads from different se-
quencing techniques [10], [53] lead to more available high-quality
reference genomes.

Genome flnnotation

Apart from locating the differences between genomes, the impacted
genes must be identified. Therefore, it is essential to know the genes’
positions, extent, and annotations. The genes are predicted using
empirical or ab initio methods. In empirical methods, genes are
predicted using real-world evidence, such as an existing character-
ized protein product. For identification of genes alignments with
known genes or protein sequences are performed using, for exam-
ple, BLAST [54]. In ab initio methods genes are predicted using
the genomic sequence alone. For this, specific subsequences, such as
promoters, transcription factors, as well as start and stop codons are
searched for [55], [56]. While this is relatively simple for prokaryotes,
the structures of genes in eukaryotes are not as well understood.

Furthermore, the genes have to be annotated functionally, which
means that the type of the resulting protein and the biological pro-
cesses it is involved in have to be identified. A gene’s function can
be determined experimentally using biological assays such as yeast-
two-hybrid or microarrays. However, computational methods are
frequently used to infer a gene’s function from existing evidence. A
protein’s function is directly related to the protein structure and
thus also to the amino acid sequence and the gene sequence. Simi-
lar to empirical gene prediction methods, the function of a homolo-
gous gene, i.e. a gene with a similar sequence in a different organ-
ism, can be used for functional annotation. Moreover, subsequences
called motifs representing specific functional domains can be used
and searched for in databases such as PROSITE [57].
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Yet, the function of a protein is much more conserved in its structure
than in the underlying amino acid sequence. Therefore, the 3D
structure of a protein can also be used for annotation, especially
for sequences with low sequence homology. First, the structure has
to be predicted [58], [59], and then it can be screened against a
database with existing structures such as PDB [60].

Moreover, often other information is incorporated into functional
annotation. Gene expression data can be used to find co-expressed
genes, which usually are involved in the same processes and thus
functionally similar [61]. Moreover, in prokaryotes functionally sim-
ilar genes are often located in spatial proximity, which can be used
to predict function based on location [62], [63]. Finally, databases
such as STRING contain networks of proteins where nodes repre-
sent proteins and links are based on protein associations, such as
physical contact, co-expression, and literature co-occurrence [30].
These networks are used to characterize the function of a protein
by analyzing similar proteins.

Classification systems exist, such as KEGG [64], Pfam [65], and the
Gene Ontology [66], to provide a unified functional vocabulary for
gene function. The Gene Ontology is a system across species that
describes gene function according to the categories “biological pro-
cess”, “molecular function”, and “cellular component” using Gene
Ontology terms (GO terms). The GO terms are organized roughly
hierarchically for each category, where the root is the parent cate-
gory, such as “biological process”, and the children are more specific
processes. The higher the distance to the root, the more specific the
functional annotation. Genes can be associated with multiple GO
terms.

214 Transcriptomics

Transcriptomics aims to explore how the transcriptome is affected
by external stimuli. For this, the abundance of transcripts is mea-
sured. Starting in the 1990s [67], microarrays were the go-to method
for measuring transcript abundances in a high-throughput fashion.
A microarray consists of spots, each attached with a high number
of single-stranded DNA probe sequences. The unknown chemically
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labeled target sequences corresponding to the transcripts are added,
bind to the corresponding probe, and produce a light signal. The
intensity of a spot’s light signal corresponds to the transcript’s abun-
dance.

RNA Sequencing

With the advent of next-generation sequencing and the decrease in
sequencing cost, RNA sequencing has replaced microarrays in many
domains. For RNA-Sequencing RNA is converted to complementary
DNA (cDNA) which is sequenced using the same methods used for
DNA sequencing. In contrast to microarrays, RNA sequencing is
not targeted and thus any transcript contained in the sample is
sequenced. This can be an advantage as previously unknown tran-
scripts can be detected. Moreover, the sequence itself can be ana-
lyzed. However, the untargeted approach requires removing RNA
not of interest, such as rRNA, which otherwise dominates the signal
leading to a bad coverage for other transcripts.

Like DNA reads, RNA-Seq reads can be assembled. The algorithms
are adapted to the specific challenges of transcriptomic data such as
genome isoforms and employ either a de-novo strategy [68] or use
a reference [69]. Furthermore, transcripts are quantified by map-
ping RNA-Seq reads to a reference genome and counting the num-
ber of reads mapping to each gene or other regions of interest [70].
Similar to genomics, repeating subsequences can lead to issues in
quantification and assembly. In quantification, multi-mapping reads
lead to ambiguity since assigning their counts is unclear. Advanced
counting approaches use the placement of uniquely mapping reads
as a model for placing multi-mapping reads, assuming that multi-
mapping reads follow the same patterns as neighboring unique reads
[71].

Data Analysis

To analyze the quantitative data statistically, usually, multiple RNA
samples are taken in the form of replicates and are compared to
samples of a “neutral” condition used as a control. For example,
the expression of bacteria treated with an antibiotic is compared
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to untreated bacteria. The expression is normalized according to
sequencing depth and transcript length and differential expression
is calculated and tested using specific statistical tests [17], |72], [73].
Furthermore, methods for multiple testing correction are applied as
thousands of transcripts are tested [74]. The resulting data consists
of gene IDs associated with fold changes and a (corrected) p-value.

Oftentimes, the calculation of differentially expressed genes is suf-
ficient to confirm or reject a research hypothesis, especially when
researchers study the organism on a gene-level scale and know the
function of specific genes that play a role in the mechanism stud-
ied. However, usually downstream analysis is performed to ana-
lyze the data on a genome-wide scale. Genes can be clustered into
modules with similar expression [75], co-expression networks can be
created [76], and gene function can be studied in-depth [77], [7§].
Gene set enrichment analysis (GSEA) and overrepresentation tests
(ORA) are methods to functionally characterize lists of genes, such
as differentially expressed genes or clusters of genes [79], [80]. The
methods use classification systems such as Gene Ontology, Pfam, or
KEGG to find functions enriched or overrepresented in lists of genes.
In principle, annotations of all genes are used as a background and
statistical methods test which functions occur more often than ex-
pected by chance in the gene list of interest.

Most approaches presented in this dissertation use expression data
as input. SeMa-Trap presented in visualizes gene expres-
sion of Biosynthetic gene clusters [8]. The approach OmicsTIDE
presented in clusters genes into modules using their ex-
pression across multiple conditions and offers analysis of the mod-
ules using PANTHER [77] to test for overrepresentation of functions
[27]. Among many other data types, OncoThreads visualizes gene
expression data for patient cohorts [28]. GO-Compass, presented in

is an approach for the downstream analysis of lists of
enriched GO terms using visualization [26].
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215 Proteomics

Similar to transcripts, the proteins contained in a sample can an-
alyzed and quantified. Proteomics measures protein abundance di-
rectly, while transcriptomics measures transcripts, which are not al-
ways translated into proteins. In fact, the correlation of proteomics
and transcriptomics data is low, possibly due to factors such as non-
coding RNA and post-transcriptional and post-translational modi-
fication.

Yet, technical differences have to be taken into account. High
throughput mass spectrometry measures the protein abundances
within a sample. Proteins are broken down into peptides using
enzymatic digestion. The mass spectrometer identifies peptide se-
quences and quantifies their intensity. Peptides are assigned to pro-
teins using a database search and protein abundance is calculated
using the peptide intensities. This can be as simple as summing up
the intensities of unique peptides assigned to a protein. More ad-
vanced methods can be used with a special procession of ambiguous
peptides and the calculation of protein abundance [81].

Especially low-abundance proteins are hard to detect using mass-
spectrometry due to large differences in the magnitudes of protein
abundances and effects of protein degradation. Furthermore, alter-
native splicing and conserved peptide sequences appearing in mul-
tiple proteins can make accurate identification hard. In principle,
the downstream analyses of proteomics data resemble those of tran-
scriptomics since both data types consist of genes associated with a
quantitative value.

216 Metabolomics

Metabolites are small molecules produced in metabolic pathways.
They are not one class of molecules but many, including lipids, car-
bohydrates, and amino acids. This makes measuring metabolites
hard, as not one type of molecule has to be targeted, like in pro-
teomics, but many different types. As for proteins, mass spectrome-
try is used for measurement of molecule abundances. Depending on
the types of metabolites studied, separation techniques such as gas



2.1. Multi-Omics Data 23

chromatography or high-performance liquid chromatography are ap-
plied beforehand. The downstream analysis again resembles those
of proteomics and transcriptomics.

Metabolites can be classified into primary metabolites and sec-
ondary metabolites. Primary metabolites are essential in the
organism’s survival, such as glucose which delivers energy. Sec-
ondary metabolites are not essential but might be beneficial, such
as antibiotics produced by a bacterium in competition with another
bacterium [82].

217 Multi-Omics

The described fields are known as “omics” fields. Other omics fields
exist, such as epigenomics, or subfields of the described omics fields,
such as the metabolomics subfields lipidomics and glycomics. Mul-
tiple omics fields can be analyzed simultaneously in a multi-omics
analysis ) The underlying mental model is a complex
multi-omics network, where each omics field represents a layer with
nodes for genes, transcripts, proteins, and metabolites, and edges for
interactions, such as co-expression or co-occurrence in a metabolic
pathway. The network can have different scales. The number of
omics layers present can differ for data sets and biological questions.
Moreover, all nodes in the network (i.e. all genes, transcripts, pro-
teins, and metabolites) can be of interest or only a subset of them.
Furthermore, depending on the question the data can consist of few
samples from controlled experiments, to data from entire databases,
to data from patient cohorts.

The data can be integrated computationally in many different ways.
Worheide, Krumsiek, Kastenmiiller, et al. divides the types of inte-
gration into knowledge-based, data-driven, and composite networks
[83]. Knowledge-based methods associate multi-omics data with
existing data from databases, such as the structure of pathways or
existing networks. They include set-based methods, such as gene set
enrichment methods and overrepresentation tests 79|, [80], where
overrepresented annotation terms are found for each omics layer
and compared afterward. Data-driven methods work without exist-
ing annotations. They often apply machine learning techniques or
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statistical methods to find relationships between omics layers and
often also associate them with a phenotype. This can be as sim-
ple as applying a joint clustering to multiple omics layers but also
includes predicting disease phenotypes using deep neural networks
[84]. Composite networks can be knowledge-based networks, such
as STRING [30], data-driven, such as correlation networks of multi-
omics data from experiments, or a combination of both.

After the computational integration step, other algorithms or vi-
sualizations can be applied. For example, the whole repertoire of
network algorithms can be used for analyzing composite networks.
Furthermore, visualization is a indispensable tool for communicat-
ing analysis results and forming hypotheses.

22 The Fundamentals of Information Uisualiza-
tion

Visualization is the process of bringing information into a visual
form, such as an image or a chart to communicate a message. There-
fore, the earliest visualizations can be seen as images painted on
walls of caves representing objects or situations. The purpose of
these visualizations is unknown, yet one can speculate that they
communicate a concept, such as religion, or that they are meant to
be enjoyed. This means that visualization is thousands of years old.
In contrast, the field of information visualization is much younger.
In the 18th and 19th century, pioneers, such as Florence Nightin-
gale and William Playfair contributed groundbreaking visualization
techniques, like bar charts, pie charts and line charts before the ad-
vent of computers [85]. Nowadays, interactive and static charts can
be created automatically dealing with large amounts of complex,
high-dimensional information. Here, the main goal is to explore
data to gain insight. This section highlights why information visu-
alization is necessary, why it is effective, and how visualizations are
created.
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221 Perceptual Basics

More research is done in the field of vision than for all other senses
combined [86]. A reason for this is that seeing is regarded as the
most important since it is seen as the most essential sense and has
the biggest proportion of the brain dedicated to it [87]. As discussed
by Hutmacher, in reality, it is impossible to rank senses by their im-
portance [86]. Each sense has a high importance for navigating and
perceiving our environment. While seeing helps us to find our way
around and recognize our friends, hearing is essential for commu-
nication, and smelling, tasting and feeling can warn us of dangers,
such as fires, poisons, or sharp objects. Moreover, the brain areas
dedicated to processing visual information react to a combination of
inputs from multiple senses and are repurposed completely in blind
individuals.

The frequent usage of visualization as a tool for communication
is rooted in other properties. In contrast to the senses of smell,
touch, and taste, which are only perceived consciously when the
input changes, vision helps us navigate the world by supplying a lot
of information in parallel at every moment [88]. Similarly, auditory
information is supplied constantly, but while visual input can be
static (when looking at a picture or a graph), sound has an inherent
temporal aspect, which makes keeping it in working memory hard.
Also, cultural factors have to be considered [86]. For example, the
“Gutenberg revolution” has shifted the predominant transmission
of information from an oral form to a written, visual form [89].

Not all information is kept in memory, but the brain filters visual
input to extract important information for our current task [90].
Based on the extracted information, the brain redirects attention to
other areas, and then again does the processing. The memory ded-
icated to solving the current task is known as the working memory
and the process to solve the tasks is known as pattern recognition
For example, when searching for a book on a shelf, we (ideally)
do not scan all book titles and authors one by one until we have
found the right one, but we often employ other search strategies.
We might recognize a pattern in the books’ order, such as an al-
phabetical order or an ordering by color. After finding the pattern,
our brain shifts the attention to details, by scanning the titles and
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authors and matching them with the search query. Once the book
is found, no other book is likely remembered although the title and
author both were actively perceived.

The human brain has an immense capacity for pattern recognition
[91]. The task of visualization designers is to leverage this capacity
for data exploration and hypothesis generation by supplying com-
patible visualizations accounting for the short working memory. Yet,
pattern recognition is not only an ability of humans but algorithms
are developed to perform this task [92]. They do not have the short
working memories of humans and are also more predictable in their
interpretation. One might wonder why visualization is even neces-
sary if these other techniques exist. The central difference is, that
while algorithms can help answer questions, they cannot define the
questions [93]. Visualizations, on the other hand, help form hy-
potheses. Algorithms do not replace the human in the loop, they
only change when humans are useful and necessary in an analysis
process [93]. A simple example would be clustering. Of course, one
could visualize the attributes of each item in the data and use a
human to group the items by similarity. Yet, algorithms exist that
can do this much faster and more accurately. Therefore, the clus-
ters are created algorithmically and humans are used to interpret
the clusters based on background knowledge.

222 Channels and Data Types

For effective visualization, it is crucial to understand which patterns
are easy for the human brain to recognize and which are challenging.
The concept of visual channels helps develop effective visualizations
concerning the data displayed. From a perceptional point of view,
“Channels are defined by the different ways the visual image is pro-
cessed in the primary visual cortex.” [86]. Channels are used to
make objects distinct. For example, a red dot in a set of black dots
stands out. Here, the channel used is color. Many channels exist,
such as color, position, shape, and size.

In her book “Visualization Analysis and Design” Tamara Munzner
relates channels to data types and data set types to further discrimi-
nate which channels are effective for which type of data [93]. Among
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Figure 2.2: Examples of channels illustrating their effectiveness. (a) For
the ordinal attributes, the larger attribute value is five times larger than the
smaller value. The differences are most effectively encoded by position and
length and least effectively by volume. (b) The channels for categorical
attributes encode identity in different ways. In this example, the identity
of animals is represented. The region channel most effectively encodes
the categories, making it easy to, for example, count the number of dogs.
Color and shape are less effective. The counting task is hard for shape, as
each object must first be identified as either a dog or a cat. (c) Channels
can be combined to encode multiple attributes. Here, position, shape, size
and color are combined.

the defined data types are items, links, positions and attributes. An
item is a discrete entity, such as a gene. Links connect items, for
example, two genes involved in the same pathway. Positions cor-
respond to spatial 3D or 2D positions, such as the gene’s position
on the genome. Items, links, positions, and entities of grids can be
associated with attributes, which are properties, such as the expres-
sion of a gene. Attributes can be categorical or ordered. Categori-
cal attributes have no inherent ordering, such as gene annotations.
Ordinal attributes can either be quantitative, meaning that a nu-
merical value can order them, or they can be ordinal, which means
that there is inherent ordering but no direct quantification, such as
ordering clothes by size labels.

Based on the data types, data set types are defined [93]. They
include tables, networks, geometry, and a joint data set type of
clusters, sets, and lists. While tables consist of items associated
with attributes, networks contain nodes as items, links as edges,
and attributes as edge or node values. Geometry relates items to
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positions. Finally, sets, lists, and clusters contain items. While sets
are unordered, lists are ordered and clusters group items based on
specific attributes.

Each item is encoded by a mark, the basic visual element in 2D
(or 3D) space. For each mark one or multiple channels encode at-
tributes, thus making the marks distinct. Munzner groups channels
by their expressiveness and ranks them by their effectiveness [93]
,b). Expressiveness means that the properties of the
data should be reflected in the data, for example, categories con-
sist of distinct items without an ordering, while numbers have an
inherent ordering that should be expressed. The effectiveness of a
channel depends on multiple factors. A channel should be accurate,
which means that the perceived value corresponds closely to the en-
coded value. Moreover, it also should lead to discriminable objects,
and be combinable with other channels.

The effectiveness of channels is extensively researched as discussed
by Munzner |93|. Experiments conducted by Cleveland and McGill
in 1984 [94] support the ordering by effectiveness. Hutmacher high-
lights the neurological and psychological basics of the perception of
channels [86]. Categorical and ordinal attribute types are encoded
using different channels. Munzner rates position as the most effec-
tive channel for ordinal attributes, followed by length, area, angle
and tilt (as used in pie charts), area, color saturation and luminance,
curvature, and 3D volumes. provides an intuition for
some of the channels’ effectiveness. The example shows two at-
tribute values, of which the larger value is five times the smaller
value. With the position channel this difference is quite easy to es-
timate, but it becomes increasingly hard with the other channels.
For categorical attributes, the spatial region is ranked best, followed
by color hue, motion, and shape. illustrates this for re-
gion, hue, and shape. While counting the numbers of dogs and cats
is easy using the region channel, it is harder when they are discrim-
inated by color, and it is hardest when shapes have to be compared.
However, the region channel is hard to combine with other chan-
nels. For example, with the combination of channels displayed in

[Figure 2.2k, the position of an item in a 2D space also encodes ordi-
nal attributes. Therefore, the region channel is no longer available
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Figure 2.3: An example of a dashboard with an overview-detail setup and
small-multiples illustrating “Shneiderman’s mantra” . The overview
visualization shows the height and weight of dogs and cats in a scatter-
plot. A set of dots can be selected and further information on the pets’
food compositions is displayed in detailed views corresponding to small-
multiples.

for encoding categorical attributes, which are encoded using color
and shape instead.

223 Combining Channels

Based on the channels described by Munzner, different plot types
can be created, as demonstrated by the scatterplot in |Figure 2.2c.
When designing a plot, the most effective and expressive channels
should be chosen. According to Edward Tufte, it is important not
to add any other “non-data-ink” to the visualization, as it might
distract the viewer from the actual data . The concepts of a
high data-ink ratio and avoiding unnecessary elements called “chart-
junk” are useful guidelines when designing a visualization. Yet, the
visualization literacy of the viewers must also be taken into account.
While minimalist designs have the best data-ink ratio, they can be
hard to understand as they are not what the viewers are used to .
Furthermore, non-data items in charts can make them memorable

Due to the high number of channels, there is an enormous number
of possible plot types. Here, the most common ones for visualizing
multi-omics data used in the approaches presented in this disserta-
tion are described. The applicability of a plot depends on the type
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Table 2.1: Types of plots used in this dissertation

Data Set Plot Ttems Attri- Links
Type butes
Table Line chart X X
Bar chart X X
Heatmap X X
Radar chart X X
Data table X X
Boxplot X
Ribbon chart X
Histograms X
Sets Venn diagram X
UpSet plot X
Parallel Sets / Sankey dia- X X
gram
Networks Node-link diagram X X
Trees Dendrogram X X
Treemap X X X

of the data set . Multi-omics data is high-dimensional
and encompass many of the proposed data set types. Genes have a
geometrical property, which is their position on the genome. Abun-
dance data, such as transcript or protein quantification data is tab-
ular, where each row corresponds to a gene (the item) and each
column corresponds to an attribute, which can be the gene descrip-
tion or quantitative abundance measurements at specific conditions.
Integration methods are applied that produce other types of data
sets. Based on the tables, composite networks can be created, such
as gene co-expression networks. Similarly, associations between pro-
teins are studied in Protein-Protein Interaction networks. Finally,
oftentimes items, such as genes, are extracted from tabular data
based on properties, such as similar abundance values, leading to
sets of items, clusters, or lists of items ordered by a quantitative
value.
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For each of the data set types, specific plot types are commonly
used for visualization. shows an overview of plot types
applied in this thesis and relates them to data set types, items, at-
tributes, and links. Tables can be visualized using well-known plots
like line charts, bar charts, or heatmaps. Bar charts and line charts
encode items and their attributes using position in two dimensions.
While bar charts visualize items using separate bars, for example
showing the expression value of different genes, in line charts the
data points are connected, e.g. to show the development of gene
expression over time. This means that line charts are more expres-
sive for ordinal data and bar charts are better suited for categorical
data. Heatmaps encode attributes using color luminance or satu-
ration [99]. They can be seen as a table that displays quantitative
values, where the value is indicated by the intensity of the color.
Heatmaps can show many items at once, but there is a trade-off
regarding effectiveness, as color is less efficient for encoding quan-
titative values than position. A variation of the described charts is
to place them on polar coordinates instead of linear coordinates. A
radar chart corresponds to a plot that contains a polar axis and a
radial axis instead of two orthogonal axes. Often, circular layouts
are considered inferior, as interpreting positions is harder on a radial
axis [96].

Some plots summarize attributes instead of visualizing individual
items. Box plots, histograms, and ribbon charts visualize distri-
butions. While boxplots only show specific calculated values of a
distribution (median, quantiles, min, max), a histogram shows the
number of items per bin, leading to a more accurate representation
when the distribution is nonnormal. Ribbon plots visualize the me-
dians of multiple sets of values using a line with a ribbon encoding
the standard deviation.

Set visualizations include Venn diagrams, UpSet plots, and Sankey
diagrams. Venn diagrams show the intersections and sizes of sets
effectively for up to three sets. For more sets, UpSet plots have been
developed, which show sets and their intersections using a combina-
tion of bar charts and a matrix [100]. Rows of the matrix correspond
to sets, and columns to intersections. For each intersection, the cells
in the matrix indicate which sets are considered. The bar charts on



32 Chapter 2. Background

the columns show the size of the intersection, while the bar charts
on the rows show the size of the sets. Parallel set diagrams visualize
pairwise intersections of sets using parallel axes. Each axis repre-
sents an attribute, such as gender and age groups of a population.
Bands connect the different attribute values showing the shared pro-
portion, such as the proportion of females in the age group 20-30.
Similar visualizations are Alluvial and Sankey diagrams. In contrast
to Alluvial charts and parallel sets, Sankey diagrams are usually de-
fined as visualizing directional flows, similar to flowcharts. Yet, the
differences between these plots are not well defined, therefore they
are used interchangeably in this thesis.

For networks commonly node-link diagrams are used where items
are visualized as a shape (usually a circle) and lines connect linked
items. Similarly, trees are visualized, but the hierarchical structure
allows a more ordered placement of nodes and edges in dendrograms,
oftentimes used to show phylogenetic species trees. Attributes can
be mapped to the edges and nodes of trees and networks, but are not
considered a native property of the plots. Treemaps show hierarchi-
cal structures together with a quantitative attribute encoded by the
area of rectangles. Usually, they show part-of-a-whole relationships,
such as the number of species in different taxonomic families and
orders.

Oftentimes, data to be visualized consists of multiple attribute and
scales. Yet, the number of channels that can be used in a single plot
is limited and some channels cannot be effectively combined [93].
Therefore, often multiple plots are combined into one visualization.
In small multiples the data is divided into groups and each group
is visualized with the same encoding, such as displaying maps with
election results of different years, or, as in [Figure 2.3| visualizing
the food composition for two pets. Moreover, other setups are used
where plots differ in channel composition and scales. One of the
most important setups is combining overview visualizations with
detail visualizations. In the overview, the entire data set is visual-
ized. Commonly there is some form of navigation with which data
of interest can be selected to be displayed in detail. For example, in
the visualization displayed in dots in the scatterplot could
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be selected by clicking, and detailed visualizations show further in-
formation about the dots’ identities. This setup relates strongly
to the famous concept called “Shneiderman’s mantra” which states
“Overview first, zoom and filter, details on demand” [95].

2.2.4 \Uisualization Tasks

When designing a visualization one always has to consider the pur-
pose and the users of the visualization. While the concept of visual-
ization tasks is discussed in Tamara Munzners’s book, it is detailed
in her collaboration with Matthew Brehmer. Here, they introduce
the why-what-how framework: “why the task is performed, how the
task is performed, and what are the task’s inputs and outputs” [101].
The inputs for the “What” part can be seen as the data types and
data sets described in The output is new data,
if the task was to produce, or abstract output, such as “insight”
or “joy”. “How” describes the described methods of encoding data,
manipulating the visualization, and introducing new elements to the
visualization. While encoding is done using the techniques described
in [subsection 2.2.2] manipulating corresponds to interactive meth-
ods, such as navigating the visualization, filtering, and aggregating
elements. New elements can be introduced by, for example, manual
annotation, importing data, or deriving data such as clusters.

Yet, before decisions on how to perform tasks can be made, the goals
of the users have to be identified, corresponding to the “Why” part.
The goals can broadly be classified into “consume” and “produce”.
Consume means that the visualization is used to discover, present,
or simply to enjoy information. Produce, on the other hand, has the
goal of creating new information by annotating data, recording the
exploration process, or deriving data. Oftentimes, these goals go
hand-in-hand. Every user prefers an enjoyable experience, though
in biomedical visualization this is usually not the main goal. Of-
tentimes, the results of an analysis are presented, but also offer the
option for exploration and deriving data for subsequent analyses.

These high-level objectives can be decomposed into more fine-
grained terms. Here, the authors distinguish between search and
query. For all objectives, users have to search for elements of
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interest, such as the books in a shelf, and query the found values,
i.e. retrieving information from the books. Search includes looking
up, locating, browsing, and exploring objects. Lookup means that
we already know where a object is found and we only need to
navigate to it, for example, when looking up information in the
only book on our desk. Locating refers to unknown targets, like
locating a specific book in a shelf. Browsing means that a user
is not searching for a specific object, but wants to find objects
with specific attribute values, for example, finding books related
to information visualization in a library. Finally, exploring relates
to a search process without having a specific object or attribute
in mind, e.g. when spending time in a book shop without looking
for a specific genre or book. The found objects are queried, which
means that the attributes are identified, multiple attributes are
compared, or all found attributes are summarized.

Naturally, the concept proposed by Munzner is only one way to ab-
stract and encode data. Ultimately, each proposed concept provides
systematic vocabulary and mental models for designing visualiza-
tions. In a State of the Art Report is described, which
specifically adapts Munzners topology for genomic data [24]. More-
over, the application of the adapted topology for the development
of a visualization approach which we called SeMa-Trap is detailed
18]

225 The Uisualization Pipeline

The concepts presented help design visualizations if the objectives
of the potential users are known. Yet, the goals of the users are not
always well-defined. Fisher and Meyer present steps for developing
visualizations together with domain experts [102]. First, visualiza-
tion stakeholders must be defined, which means that the groups of
people targeted by the visualization must be identified. This can in-
clude, among others, analysts, data producers, and decision-makers.
In bio-medical visualization, stakeholders can be, for example, bioin-
formaticians and domain experts analyzing data.

To find the stakeholders’ goals communication is key. Interviews can
be used to identify the goals and translate them into concrete tasks.
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A common technique is semi-structured interviews where some ques-
tions are predefined but essentially the interviewer and interviewee
explore the visualization problem together. Broad questions concern
project goals, properties of the data, expected results, and possible
stakeholders. During the interview process, more and more fine-
grained questions can help define the tasks. In addition, contextual
interviews can be conducted. The goal of these interviews is to ob-
serve the stakeholders exploring the data with existing approaches
and asking questions about the current issues.

The other main pillar for designing a visualization is understanding
the data. The data should always be explored using, for example,
Excel, R or Python Scripts. Based on this exploration designers can
decide if visualization has to be created from scratch or if an off-
the-shelf tool can be used. When the decision has been made that
a novel tool has to be implemented, rapid prototyping can be per-
formed to explore ideas quickly. This ranges from manually drawing
visualization using paper to creating mockups using, for example,
powerpoint slides to implementing an interactive prototype.

Finally, prototypes have to be presented to stakeholders to gain feed-
back. Importantly, it is not sufficient to simply ask experts if they
like the prototype, as this oftentimes produces positive feedback out
of friendliness or thankfulness. It is better to again perform contex-
tual interviews and observe stakeholders while they are using the
prototype.

In general, these steps can be repeated multiple times. Prototypes
are presented to stakeholders, evaluated, and redesigned. Often-
times, the process starts with simple prototypes which become more
interactive and advanced at every iteration.

23 Uisualization of Multi-Omics Data

A multitude of approaches have been developed for visualizing inte-
grated multi-omics data using either knowledge-based, data-driven,
or composite network integration methods. For knowledge-based
integration genome browsers such as IGV visualize multi-omics data
by mapping it to genes [18]. Similarly, Vanted [19] and Pathview
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Web [20] visualize multi-omics data by mapping it to existing molec-
ular pathways, which can be seen as networks from a visualization
perspective. Abundance values are often mapped to color scales.
Multiple conditions can be displayed by showing multiple tracks
in IGV, or by visualizing them as an array of colored squares in
the pathway network visualization. While these approaches provide
an intuitive mapping of the data, they can only visualize a small
number of genes in a genome or nodes in a pathway. Visualization
methods applying more advanced integration methods to process
the data before visualization are required for finding interesting fea-
tures and providing overviews.

Paintomics is an approach applying knowledge-based integration
and creates a multi-omics overview using pathway enrichment meth-
ods for multi-omics data [23]. For visualization, it creates a pathway
network, where significantly enriched pathways represent nodes and
edges that connect similar pathways. A pathway diagram can be
drawn for each pathway, where the abundance values are visualized
using color in an array of squares. Furthermore, the major trends for
each omics layer in the pathway are visualized with line charts. Due
to its knowledge-based approach, its applicability depends on the
data being well-annotated and represented in the databases used.
Thus, it is usually not applicable for non-model organisms. Further-
more, the actual abundances of the omics layers across conditions
are only visualized in the detailed visualization, thus, their impact
on the integration result is hidden.

As mentioned, composite network approaches enable the application
of graph-based methods on multi-omics data. STRING is a database
for a network of protein-protein associations created using multi-
omics data, such as genomic neighborhood, co-expression, and lit-
erature co-occurrence [30]. It supplies a node-link diagram for a set
of proteins and their associated neighboring proteins and details the
type of association using differently colored edges. However, it does
not offer an overview visualization for the entire network.

The strengths of the different integration methods can be also be
combined. 30mics combines data-driven integration, composite net-
works, and knowledge-based integration for transcriptomics, pro-
teomics, and metabolomics data [21]. It requires abundance data
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from each omics layer as input, where the conditions must be con-
sistent across layers. For data-driven integration, it visualizes a
co-clustering of multi-omics data in a heatmap, where the columns
correspond to conditions and the rows correspond to omics enti-
ties. Furthermore, it supplies a node-link diagram of a compos-
ite network, visualizing the correlation between the omics entities.
When an omics layer is not contained in the input data, it can
also visualize literature-derived relationships as edges, representing
a knowledge-based approach. In addition, it performs enrichment
analysis and visualizes the significance using bar charts. The net-
work visualization of 30mics is limited to displaying a few hundred
nodes effectively without too many overlapping nodes, edges, and
labels (known as a hairball).

For visualizing data on a larger scale other approaches have been de-
veloped, for example, studying diseases using human cohorts. The
Genome Browser Xena is focused on visualizing multi-omics data for
large cohorts [103]. While it can visualize large cohorts and mul-
tiple variables, it does not offer a way to find features of interest.
Similarly, the cBio portal, a platform for cancer genomics data, visu-
alizes an overview of metadata but does not automatically highlight
interesting multi-omics features [104], [105].

This dissertation presents approaches for the integration and visu-
alization of multi-omics data. The methods aim to fill the gaps
in the previously mentioned approaches. SeMa-Trap presented in
applies prediction methods to detect features of interest
in a genomic sequence using a knowledge-based approach [8]. It vi-
sualizes gene expression of the features of interest on top of genome
coordinates, similar to IGV. Chapter [ represents a knowledge-based
approach applying statistical methods for calculating lists of over-
represented GO terms and visualizing them using a dendrogram and
treemaps [26]. Data-driven integration is exemplified in
and OmicsTIDE presented in applies clustering
to proteomics and transcriptomics data and summarizes the clus-
ters using ribbon charts and their overlaps using a Sankey diagram
[27]. OncoThreads visualizes patient cohorts associated
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with multi-omics data over time [28]. It allows the interactive cre-
ation of patient groups according to multi-omics features and visu-
alizes the development of groups over time using a Sankey diagram.
Furthermore, it offers methods to find features of interest. Chap-
ter [7] explores how to visualize large composite networks effectively.
Here, network aggregation techniques using ego-graphs are applied
to reduce the size of the network [29]. The visualization combines
conventional node-link diagrams with set visualization.
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Chapter 3

Uisualizing Genomes

Many multi-omics features, such as nucleotide mutations, gene ex-
pression, and protein abundances are associated with one or multi-
ple locations on a sequence. Therefore, visualizing data mappable
to a genome is one of the most straightforward ways for multi-omics
integration. Moreover, elements of other omics layers are indirectly
associated with genomic locations. For example, bacterial metabo-
lites are associated with metabolic gene clusters in bacteria. Re-
searchers study these gene cluster structures and the interplay of
different multi-omics data when trying to find the conditions trig-
gering the expression of specific genes in the genome leading to the
production of a compound of interest.

A multitude of tools exist for the visualization of genomic data. Sec-
tion summarizes a State of the Art Report (STAR) on genome
data visualization I contributed to in 2019 [24]. In the STAR, we
show, that the high number of tools is not necessarily reflective
of a high number of visualization tasks and techniques, but orig-
inates in a multitude of data formats and non-systematic ways of
tool development. The systematic approach of categorizing genomic
data, tasks, and techniques presented in the report can be used for
more strategic development of tools. Section highlights how the
insights of the report have been leveraged for developing the visu-
alization tool SeMa-Trap, a tool for visualizing gene expression of
biosynthetic gene clusters.

Furthermore, the STAR is the basis of Gosling, a visualization
grammar for genomic visualizations developed by L'Yi et al.[25].
As a more general solution for tool development consisting of ge-
nomic and non-genomic visualizations, I developed an extension
called Gosling-Meta. Section describes the development of this
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Figure 3.1: Data, visualization, and task taxonomy for genomic visualiza-
tions [24].

(a) Genomic data consists of feature sets and is grouped by type (sparse
or contiguous) and interconnections (none, within a feature set, between
feature sets). (b) Visualizations are categorized by the coordinate system,
including the layout of the genomic axis, the partition of the axis, the
type of abstraction (hiding/condensing sections), and the arrangement of
multiple genomic axes. Tracks on genomic axes display different visual
encodings, such as colors and positions. Tracks can either be stacked or
overlaid. Furthermore, genomic visualizations have view configurations,
determining the scales and different points of focus available for synony-
mous visual exploration.

Source: Reprinted from the open access article [24] under license CC BY
4.0 https://creativecommons.org/licenses/by/4.0/.
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extension and shows how this grammar can be used for systemat-
ically creating interactive applications by implementing visualiza-
tions similar to existing approaches such as IslandViewer4 [106]
and GeCoViz [107].

31 Tasks, Tools, and Techniques

For the STAR I developed a classification of genomic visualizations
together with Sabrina Nusrat and Nils Gehlenborg [24]. In this
review, we created taxonomies for the data, tasks, tools, and tech-
niques based on an extensive survey on approaches for
genomic visualizations. We restricted the scope to cover only ge-
nomic visualizations that visualize data on one or multiple genomic
axes. This excludes visualizations like clustered heatmaps (for ex-
ample, to show gene expression) or node-link diagrams for network
visualizations (showing e.g. gene co-expression).

The following sections outline the data, visualization, and task tax-
onomy. The application of the data and visualization taxonomy
to an approach is exemplified for IslandViewer4 [106] displayed in
IslandViewer4 is a tool for comparing the results of pre-
diction methods for genomic islands, which are sequences introduced
into bacterial genomes by horizontal gene transfer. In contrast to
many other approaches for prokaryotes presented in the STAR, Is-
landViewer4 is highly interactive and covers many aspects of the
presented taxonomies. A taxonomically annotated cutout can be

seen in [Figure 3.2pa.

311 Data Taxonomy

The data taxonomy describes the possible setups of genomic data
(Figure 3.1p). Elements on a genome are referred to as features, such
as genes, mutations, and rearrangements. A feature is associated
with a genomic position, a genomic range, and a single or multiple
attributes. A set of features of the same kind is referred to as
a feature set, for example, all genomic islands. Feature sets are
characterized by their type, which is either a point feature or a range
feature. Moreover, feature sets cover the entire genome (contiguous
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Figure 3.2: Annotated screenshot of IslandViewer4 . (a) Anno-
tated main view.

Data: The circular overview of IslandVierer4 shows the predicted ge-
nomic islands ©, gene annotations ', and the GC content

Feature set type and track encoding: The GC content © is a contigu-
ous point feature set. The track encodes the GC percentage as a function
track. The gene annotations © are associated with the first position of
each gene and are thus sparse point features with categorical attributes
encoded using color. The predicted Islands © are sparse segments with
categorical attributes representing the prediction method, encoded using
color.

Track arrangement: The island tracks ¢ are stacked and the gene an-
notation track © is overlaid. The GC content track = is stacked in the
center. A brush selects a range for the detailed view. (b) The detailed
view shows the positions and extent of genes on the plus and minus strands
as additional stacked tracks beside the islands and annotations. (c) The
table shows detailed information on the genes within the selected range.
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features) or only partly (sparse features). Furthermore, feature sets
can be interconnected, e.g. when two point features are close in the
3D structure of the genome, or when orthologous genes in multiple
genomes are studied. Moreover, feature sets can be associated with
metadata. For example, a feature set containing gene expression
can be associated with an experimental condition.

The genomic islands in IslandViewer4 are sparse segment features
(Figure 3.2h). The gene annotations are associated with the first
position of the genes and are thus sparse point features. For the
GC content in the center, each position in the genome is associated
with an individual value, thus it is a contiguous point feature set.

312 VUisualization Taxonomy

Data, biological questions, and preferences determine which type of
visualization is applied. Visualizations can be categorized by multi-
ple factors as shown in the Visualization Taxonomy in [Figure 3.1p.

Visualizations differ in their genomic coordinate systems, which are
mostly linear or circular, but any type of sequential layout can be
used. Furthermore, chromosomes (or contigs) can be positioned
segregated or contiguous as if they were a single sequence. The
coordinate system can be kept as in the original sequential nature,
or abstracted. Abstraction means that some parts or all parts of the
coordinate system are abstracted to a constant length. For example,
partial abstraction is often applied when analyzing eukaryotic genes.
Introns are sometimes displayed as gaps with a constant size, while
exons are displayed with their actual length. In this case, complete
abstraction would mean that both introns and exons are displayed
as blocks of the same size, which would indicate that their length is
not relevant to the visualization.

For visualization, data are mapped to the coordinate system. Dif-
ferent feature sets are visualized as different tracks. A wide array
of visual encodings can be used depending on the data displayed.
Color is commonly used to visualize numerical or categorical values.
For quantitative attributes, an additional axis can be introduced for
visualizing by position, for example when visualizing GC content per
position. Tracks can be either stacked, which means that each track
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is on a separate lane, or they can be overlaid on top of each other.
Stacking tracks increases the necessary space while overlaying can
lead to visual occlusion.

A set of tracks aligned to a coordinate system is called a view. The
setup of views in a visualization is called its configuration. While
single-view visualizations only allow visualizing a single genomic
window on a single scale at a time, multi-view visualizations can in-
clude multiple scales (multi-scale configuration) or multiple genomic
windows (multi-focus configuration).

Furthermore, not only genomic views are of interest. Utility visu-
alizations show metadata on the genomic visualizations. They can
either be strongly linked, like metadata aligned directly to tracks
with additional information on the feature set, or weakly linked,
such as tables showing additional information.

illustrates the application of the visualization taxonomy
to IslandViewer4 [106]. A circular layout has been used for an
overview visualization (Figure 3.2h) and a linear layout has been
used for the detail visualization (Figure 3.2b). The approach en-
codes the different prediction methods (sparse segments) and gene
annotations (sparse points) using color ) The GC con-
tent track visualizes values on an additional vertical axis (contiguous
points).

The approach uses stacked and overlaid tracks (Figure 3.2p). It dis-
plays the different prediction methods in five stacked tracks with an

overlaid track for the gene annotations. The GC content track is
stacked with the other tracks. Since the dots in the overlaid gene an-
notation track are very sparse features, occlusion is limited and only
occurs if many gene annotations can be found in a small window. By
default, IslandViewer4 has two genomic views in a multi-scale ar-

rangement with a view showing the whole genome (Figure 3.2h) and
a detailed view (Figure 3.2b). A further genome can be added for

visualization. If the same genome is visualized twice, the arrange-
ment is multi-focus, since different parts of the same genome can
be explored in parallel. In an additional non-genomic view Island-
Viewer4 displays a metadata table that shows further information

on the genes visible in the detailed visualization (Figure 3.2f).
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313 Task Taxonomy

In the STAR the task taxonomy developed by Brehmer and Mun-
zner has been adapted for genomic visualizations [101]. Tasks are
grouped into high-level and low-level tasks. High-level tasks relate
to biological questions, such as “Does bacterium X have many ge-
nomic islands?” or even more specifically “Is there a genomic island
containing resistance genes that could explain why bacterium X is
resistant to antibiotic Y?”. Low-level tasks model the tool’s interac-
tions and are grouped into “Why?”, “How?”, and “What?”. “Why”
refers to the low-level motivation behind the task, e.g. identifying
a gene’s annotation within a genomic island. “How” refers to the
interactions needed to perform the task, for example navigating to
the Island of interest. “What” refers to the input and output of the
task, such as the gene name as input and its annotation as output.

The why tasks are grouped into search and query tasks (Figure 3.1k).
While a search task refers to finding a feature of interest, query tasks

refer to interpreting the attribute values of the features. Search
tasks are looking up features of interest if a single feature set is an-
alyzed or browsing different feature sets. If more than one position
is analyzed features of interest can be located or the entirety of fea-
tures can be explored. Query tasks refer to the actual identification
of the attribute value of a feature, comparing attribute values across
feature sets or positions, and summarizing the insights gained.

314 Tools for Prokaryotic Genomes

The tools surveyed in the STAR are characterized using the pre-
sented taxonomies and grouped by the number of axes, the density
of the features, and the interconnectivity of the features. Of all
surveyed tools, prokaryotic visualization has been the minority.

Strikingly, prokaryotic tools are mostly grouped into tools with a
single genomic axis and sparse, non-interconnected features. Due to
the size of the prokaryotic genomes, it is possible to visualize them
as a whole on a linear or circular axis, for example using genome
maps [108], [109]. At the same time, eukaryotic genomes are too
large and have too many features for visualizing them as a whole.
Therefore, more tools exist for eukaryotic genomes with multiple



46 Chapter 3. Uisualizing Genomes

scales and focus points [110], [111]. In the survey IslandViewer4
[106] is the only interactive multi-scale and multi-focus example
specifically designed for prokaryotic genomes [106].

315 Conclusion

The low presence of prokaryotic tools in the STAR report is salient.
Research in eukaryotes, such as cancer research receives massive
amounts of funding. Therefore, more tools focused on cancer re-
search might be developed and approaches on prokaryotes are less
likely to be cited and thus found in literature research.

The visualization approaches for prokaryotes have less advanced
view configurations (multi-scale or multi-view) compared to ap-
proaches for eukaryotes. This might be rooted in the earlier
sequencing dates of prokaryotic genomes. Prokaryotic genomes
are small and thus were the first that were assembled completely.
Therefore, many visualization tools were published in the early
2000s and thus, lack interactivity due to technical limitations.

Moreover, less complex genomes, such as prokaryotic genomes, re-
quire simpler visualization. Prokaryotic genomes are structured dif-
ferently from eukaryotic genomes. While prokaryotes have a high
density of genes, eukaryotes have exons, introns, and sequences of
unknown function, often not considered in analyses. Thus, visu-
alizations for eukaryotes sometimes hide parts of the genome (ab-
straction) or consider alternative splicing, while visualizations for
prokaryotes usually do neither. Furthermore, eukaryotic genomes
often consist of multiple chromosomes. This complicates analy-
sis, for example, when comparing eukaryotic genomes of different
species, since orthologous sequence regions can be found on dif-
ferent chromosomes. Moreover, prokaryotes have more operon-like
structures, which means that a set of genes of interest is often in spa-
tial proximity, requiring visualizations focused on a small genomic
window instead of providing means of navigating the whole genome.

Nevertheless, IslandViewer4 [106] shows that visualizations with
advanced view configurations can help enhance prokaryotic analy-
sis. The tool and its previous versions, of which the first one was
published in 2009, are highly cited and widely applied. In principle,
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this type of analysis can be transferred to other groups of contiguous
genes, such as biosynthetic gene clusters.

32 SeMa-Trap

The insights gained in the STAR have been used for developing
SeMa-Trap, a tool for visualizing biosynthetic gene clusters (BGCs).
It consists of a computational pipeline and interactive visualizations.
The computational pipeline was developed in the Ziemert group by
Mehmet Direng Mungan. I conceptualized and implemented the
visualizations and discussed them in group meetings with our col-
laborators from the Ziemert group and other domain experts. Both
the pipeline and the visualization were published in an article in
Nucleic Acids Research in 2021 [8]. While the publication contains
sections on the visualization, this chapter describes the visualization
and design process in detail. It contextualizes it with my previous
work on classifying genomic visualizations [24].

321 Introduction

Natural products are compounds produced by living organisms. In
a more narrow definition in organic chemistry, natural products are
secondary metabolites. This means that the compound is not es-
sential for the survival of the organism producing it, but might be
beneficial. The compounds produced are of interest in many areas,
ranging from compounds used in industry and cosmetics to the dis-
covery and production of medical compounds, such as antibiotics
[i12], [i13).

In bacteria secondary metabolites are usually produced in biosyn-
thetic gene clusters (BGCs), operonic structures including most of
the genes involved in the production of the compound. BGCs are
only expressed under specific conditions since secondary metabolites
are not essential to the bacterium’s survival and are only produced
if needed. Antibiotics are often produced as secondary metabolites,
for example, in response to competition with another bacterium
[82]. Therefore, finding BGCs producing compounds of interest and
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Figure 3.3: Screenshot of antiSMASH , visualizations (a) Excerpt
of the antiSMASH overview visualization showing the genomic location and
extent of the BGC regions. The BGC regions are listed in a table as rows,
columns include the BGC region number, the type, the extent, the most
similar known cluster, and the similarity value. (b) Detailed visualization of
antiSMASH. The cluster structure is visualized on a genomic axis. Triangle
shapes indicate gene orientation, color indicates gene type.

triggering the conditions necessary for their production is of interest
in discovering novel antibiotics [114].

Whole bacterial genomes can be scanned for BGC regions using
bioinformatics software, such as antiSMASH, an established pipeline
for predicting and visualizing predicted BGC regions of a reference
genome , . The position and extent of predicted BGC re-
gions are visualized on a genomic axis ) Below the
visualization, each region is listed with its extent and most simi-
lar known cluster with a similarity value. Furthermore, each region
can be inspected in detail, showing the genetic structure including
the genes’ position, extent, and annotations ) Further
visualizations and tables show information on specific domains, de-
tailed information on genes, and similar cluster structures on other
organisms. A set of pipelines and tools have been developed based
on antiSMASH. IMG-ABC is a BGC database that uses antiSMASH for
BGC prediction and visualization of clusters . Furthermore, it
includes a separate BGC neighborhood viewer that visualizes the
genes beyond the borders of the BGC. antiSMASH is a purely ge-
nomic tool focused on predicting the structure of a BGC. However,
it does not include other experimental data such as expression data.
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Heatmaps are one of the most common visualizations for expression
data. Usually, gene expression heatmaps are clustered hierarchi-
cally facilitating the identification of co-regulated groups of genes.
However, when visualizing the expression of operonic structures in
bacteria the inherent structure of the operon genes is of interest.
Therefore, tools like Genome2D [117] and MINOMICS [118] visualize
genes on the genomic coordinate system encoded as arrows col-
ored by gene expression using a color scale indicating up-regulation
(green), no change (gray), and down-regulation (red). MINOMICS
visualizes multiple conditions using one line per experimental con-
dition. In addition, it shows additional annotations, such as motifs
or translation stop sites.

While these approaches highlight common routes for visualizing
BGC expression, no native approach exists combining the predic-
tions made using antiSMASH with analysis and visualization of dif-
ferential expression and co-expression. This chapter presents the
SeMa-TRAP visualization approach for exploring BGC expression and
co-expression and showcases how the tasks, data, and techniques can
be abstracted for visualization design using the STAR [24].

322 Pipeline

The SeMa-Trap pipeline computationally predicts BGCs, quanti-
fies gene expression, and processes the data for visualization. This
section provides an overview of the pipeline with the information
relevant to the design of the visualizations. I refer readers to the
original publication for details on the data formats and the bioin-
formatics tools.

The pipeline input consists of RNA-Seq reads, a reference genome,
and the name of the taxonomic clade of the bacterium. The pipeline
predicts BGCs using antiSMASH [115], annotates genes involved in
BGC expression, and identifies housekeeping genes. Moreover, the
potential metabolite produced by each BGC is predicted. For RNA-
Seq data analysis the pipeline maps the RNA-Seq reads to the ref-
erence, counts the reads mapping to each gene, and calculates dif-
ferential expression.
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To find potentially concordantly or discordantly regulated genes and
BGCs a regulation association score dependent on gene expression
is calculated between each BGC and each gene. The fold changes
of the gene and the BGC are multiplied and added up for each
condition. High scores indicate that a gene’s expression could be
(concordantly or discordantly) associated with the expression of the
genes on the BGC. However, it is only reliable when the expression
is studied across many conditions.

In addition, the pipeline calculates the expression of BGCs rela-
tive to a reference set of genes. Thereby, users can deduce if the
BGC is sufficiently expressed for their purposes. As there is no de-
fined threshold for when a BGC can be considered expressed, the
pipeline calculates the average expression of all genes, housekeeping
genes, and non-housekeeping genes. The expression of housekeep-
ing genes represents a conservative threshold for BGC expression,
as they are usually expected to be highly expressed. Yet, even if
a BGC’s expression is below the expression of housekeeping genes,
the expression can be sufficiently high.

323 VUisualization Design

For the SeMa-Trap visualization, we leveraged the insights gained in
the STAR [24] by systematically designing a visualization. The pro-
cess starts with a requirement analysis based on the data and tasks.
The requirements determine the selection of appropriate and effec-
tive visualizations, which take into account domain expert knowl-
edge and expectations.

Task Categorization And Requirement FAnalysis

During the discussions with the collaborators, we identified high-
level tasks for the visualization, as proposed in the STAR [24] and

infsubsection 3.1.3] The tasks are formulated as biological questions:

Q1 Can I use one of the conditions I applied in my experiment to
trigger a relevant expression of my cluster(s) of interest?
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Q2 Are there any other clusters than my cluster(s) of interest ex-
pressed that I might not have expected? If yes, which ones?

Q3 How are the genes of the cluster expressed?

Q4 Are there any other genes in the genome whose expression cor-
relates with the expression of my cluster?

Q5 What is the annotation of my genes of interest? Which genes
have a similar annotation?

First, we grouped the high-level biological questions into detail and
overview tasks. Overview tasks involve multiple BGCs, while de-
tail tasks only involve one BGC and its context. Therefore
and @ are considered overview tasks, while the other three tasks

(Q3lQ4lQ5) are considered detail tasks.

Both, the high-level overview and detail tasks can be translated into
the low-level tasks suggested in the STAR [24]. Often, domain ex-
perts study a specific cluster. Therefore, the visualization should
enable them to look up their desired cluster and identify its overall
expression level . However, if they want to explore the unex-
pected effects of their applied condition, they need to be able to
locate expressed clusters by comparing expression levels (Q2)). For
multiple conditions, researchers should be able to explore the differ-
ent conditions across the clusters. Finally, researchers want to be
able summarize the effects of the different conditions on the different
clusters.

For the detailed tasks, users should be able to look up genes of
interest, locate highly expressed genes or genes with a
specific annotation , browse the expression of a gene under
different conditions, or explore the expression of all genes across
conditions. They should be able to identify expression values as
well as compare them across genes or conditions and summarize
their results, for example when analyzing if the expression across a
cluster is constant or not.
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In addition to the systematically identified tasks, there are addi-
tional requirements for the visualization that involve the tool’s re-
latedness to antiSMASH [115] as well as to the shared potential user
base:

R1 The visual encodings of antiSMASH [115] should be reused wher-
ever possible.

R2 The tool should include visualization and vocabulary for do-
main experts with little affiliation to computer science and
bioinformatics.

Data Categorization

Following the STAR [24], BGC data can be referred to as a sparse
feature set, where each gene represents a segment. The BGC can
also be seen as a segment feature ranging from the first position
of the most 5 gene to the last position of the most 3’ gene. The
gene features are associated with multiple attributes: The gene’s
expression per condition, the gene’s annotation in antiSMASH, and
the gene’s annotation in other databases. The BGCs are associated
with a metabolic product, the genes contained, and their expression.
Co-expression can be seen as an interconnection within a feature set.

324 Designin Taxonomic Context

The visualization consists of two views in separate tabs, one focused
on the overview tasks and one focused on the detail tasks. The
overview contains summary visualizations for the predicted BGC
regions, listing the regions and visualizing their overall expression.
Thereby, a region of interest can be looked up and the overall ex-
pression can be identified , or highly expressed regions can be
located . The detail visualizations are focused on single BGCs

and visualize the expression (Q3]) and annotation (Q5| of genes
within the region and outside of the region to identify co-regulated

or inversely regulated genes (Q4).
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Figure 3.4: Screenshot of the Overview visualization of SeMa-Trap. (a)
Visualization showing the genomic location and extent of the BGC regions.
(b) The BGC regions are listed in a table as rows, columns include the BGC
region number, the name, a visualization of the BGC structure, average
expression of core genes, and relative expression compared to other genes.

Overview

In concordance with antiSMASH the overview consists of a vi-
sualization showing the positions and size of the BGCs along the
genome (Figure 3.4h). The STAR shows that circular layouts are
commonly used for visualizing entire circular bacterial genomes or
interconnections. Yet, a linear layout similar to the overview visu-
alization of antiSMASH allows space-efficient placement of the visu-
alization at the top of the web page and facilitates label orientation.

The objective of the overview tasks is to summarize the
clusters’ expression. Therefore, the main visualization is a table
containing information on the BGCs present ) The
table contains columns showing the BGC region number, its name,
and visualizations for its structure, its average expression of the
core genes in the conditions studied, and the core genes’ expression
relative to the mean expression of all or a subset of genes [Q2).
Each row can be expanded to show a detailed expression of the BGC

as a heatmap (Figure 3.5 Q5).

The structure of the BGC region is visualized on a linear axis where
an arrow-like pentagon or triangle represents each gene if the gene
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is below a certain length (Figure 3.4b, 3rd column). The genes are
colored according to their classification in antiSMASH [115] (see [Fig]

fire 3:3b for a comparison). Showing the cluster structure can help
users identify unexpected patterns (such as missing genes) compared
to their knowledge of the cluster studied. Moreover, it serves as a
point of recognition for the cluster in addition to the name displayed
(R1).

The average fold changes of the core genes and the expression rel-
ative to other genes are visualized as simple bar charts .
The fold change bar charts aim to investigate if a condition applied
had a noticeable effect on increasing or decreasing a BGC region’s
expression. Therefore, a bar in the average fold changes bar chart
represents the comparison of two conditions, such as comparing mu-
tants to wild type.

In addition to the average fold change bar plot, the plot visualizing
the relative fold change aims to investigate if a BGC is expressed
at a relevant level. Users can choose to compare the core genes
of the BGC to an expression threshold they consider relevant, in-
cluding the mean expression and the mean expression of groups of
genes like housekeeping genes or non-housekeeping genes. For the
visualization of relative expression, every condition is visualized sep-
arately. The 0 point of the y-axis is centered on the reference level
and the bars indicate if the expression is above or below the ref-
erence level. The wording “above” and “below” instead of precise
relative expression levels was decided together with our collabora-
tors who are domain experts . Precise expression levels require
understanding the range of values and the normalization performed,
which would call for additional visualizations or explanations that
ultimately complicate the visualization. Furthermore, the negative
relative expression could lead to confusion, as expression is by defi-
nition non-negative.

With an expand icon at the beginning of each row, the row can
be expanded . For a compact representation of the ex-
pression of all genes in a cluster, genes are abstracted to blocks of
the same length and the strand information is omitted. Each track
shows the expression at a different condition forming a heatmap.
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Figure 3.5: Screenshot of expanded row in SeMa-Trap. Each row can
be expanded for details on the expression of a BGC region as a heatmap.
Rows visualize the different conditions, while columns visualize genes. A
color scale from blue to white to red indicates expression. Significantly
differentially expressed genes receive a solid fill, while non-significantly
expressed genes are striped. Core biosynthetic genes are highlighted with
a black frame.

Users can select to show fold changes or normalized expression val-
ues. If fold changes are chosen the color scale ranges from blue to
white to red. Significantly differentially expressed genes receive a
solid color fill while non-significant genes receive a striped fill. If
the normalized expression is chosen, the color ranges from white to
red (low to high). A black frame around the corresponding column
highlights core genes. With the ‘analyze in detail’ button at the end
of each row, users can analyze a BGC in more detail as explained
in the next subsection.

Detailed View

In the detailed view, the expression of a BGC is visualized in detail
and context with the entire genome . The visualization
consists of controls (Figure 3.6h) and three views: A visualization
of the BGC (Figure 3.6p), a genome-browser for the entire genome

(Figure 3.6c), and tables (Figure 3.6d) showing genes discordantly

or concordantly regulated with the BGC core genes.
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Figure 3.6: Screenshot of the detailed visualizations of SeMa-Trap. (a)
Controls provide ways to filter or highlight genes and conditions in the
BGC visualizations. (b) The expression of the BGC at different conditions
is visualized as a line chart. Differentially expressed genes are represented
by solid lines, others by dashed lines. Regions with similar expressions can
be identified (pink rectangle). Below, the structure of the BGC region
is visualized. (c) A genome browser can be used to view the expression
and structure of any region of the genome. (d) A table shows potentially
concordantly regulated genes, their regulation association scores, the con-
ditions at which they are differentially expressed, and their annotations.
Analogously, potentially discordantly regulated genes are displayed in an
additional table below (not shown). The concordantly regulated gene
SCO6666 is highlighted (pink rectangle).
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Visualization controls and search functionalities enable users to
change aspects of the visualization and search for functional cat-
egories ) The controls also serve as a legend for the
different conditions and the antiSMASH [115] categories of the
genes. Conditions can be removed and added to the visualization
and antiSMASH categories can be highlighted.

For the visualization of individual BGCs, the axis layout should
(i) enable stacking and overlaying of multiple tracks (ii) be space-
efficient and (iii) support the existing mental model of the genomic
sequence of the viewer. We chose a linear layout since it fulfills
all of these requirements. While linear and circular layouts allow
stacking and overlaying tracks, a linear layout better reflects the
linear structure of the BGC.

The expression of the genes is visualized as a line chart along the ge-
nomic axis (Figure 3.6p). The conditions are visualized in overlaid
tracks with different categorical colors. A solid line indicates sig-
nificantly differentially expressed genes, while non-significant genes
are striped. Stacked below, the visualization of the cluster structure
shown in the overview is repeated.

With the controls, users can show genes in their original length
(no abstraction) or as blocks of the same length (complete abstrac-
tion). By default, genes are visualized with their original length, to
increase the recognition of the cluster and to prevent misinterpreta-
tion about the length of the gene. However, line charts for genes of
different lengths can lead to misjudgment of the fold changes, as the
area below the line might be perceived as relevant, while only the
position on the y-axis is of interest. Therefore, the fold changes for
long genes might be overestimated in comparison to those of short
genes. Often coverage, i.e. the number of reads mapping to each
position along a genomic sequence is visualized similarly, leading
to an additional risk of misinterpretation. Therefore, genes can be
abstracted to blocks of the same length, leading to an equal relative
area under the line for each gene.
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Since task requires visualizing genes outside the BGC region,
a multi-focus view arrangement is needed. Therefore, a genome-
browser-like visualization for visualizing any genome region is dis-
played below the cluster ) The visualization is struc-
tured identically to the BGC region view. This visualization shows
the genomic region surrounding a gene entered in the search box or
selected in the table showing concurrently/discordantly regulated
genes (described below). Moreover, it can be navigated to the left
and right and zoomed independently, which renders the view con-
figuration multi-scale.

Two identically structured tables show potentially concordantly or

discordantly regulated genes (Q4l [Figure 3.6{). The table shows the

gene IDs, the requlation association score calculated as described in
the combination of conditions with associated reg-
ulation, the position relative to the cluster, the resulting protein
product, and the KEGG annotations of the gene. Using the “view”
button at the end of each row each gene can be selected for display
in the genome browser ) By default, the table is sorted
by the regulation association score, but can be sorted by any col-
umn. Furthermore, it can be filtered to only show genes with the
same KEGG annotations as the current BGC region or only show a
specific antiSMASH category of genes (resistance, regulation, trans-
port). A search field can be used using any keyword appearing in
any column of the tables.

325 Implemetation

The data are processed using bioinformatics tools and Python
scripts as described in the original publication [§] and
fion 3.2.3. The application consists of a flask server and HTML
and Javascript code for the front end. Users can upload their data
in a web form and run the pipeline on the server. Each pipeline run
is associated with a unique ID supplied to the user which is used
for retrieving the processed data after the run is completed. The
processed data are injected into an HTML template containing the
Javascript code for the visualization. The template is served to
the client, enabling users to view the visualization in the browser
and to download it as an interactive HTML file. The Javascript
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code is implemented using React.js for the application structure,
material Ul for the application style, and d3.js for creating the
visualizations.

326 Use Case

The following use case showcases how the defined tasks can be ad-
dressed with SeMa-Trap. For this, we reanalyze a data set by Lee,
Kim, Chung, et al. |[119], which includes a set of RNA-Seq experi-
ments with Streptomyces coelicolor to activate the expression of the
BGC “T2PKS”, producing the antibiotic actinorhodin. For this, the
authors applied several conditions including an isolated culture of
S. coelicolor or in co-culture with Myzococcus xanthus to mimic the
ecological habitat of S. coelicolor where actinorhodin is produced
due to iron competition. Moreover, different media have been used
to study the effect of iron restriction.

Using the SeMa-Trap overview (Figure 3.4), we can identify that the
core cluster genes of “TP2KS” are differentially expressed and that
genes are above the expression of housekeeping genes in the culture
on the iron-restricted medium . Using the table, other regions
of interest can be located . For example, the regions “T1PKS,
NRPS-like, prodigiosin” and “T1PKS, butyrolactone” have differen-
tially expressed core genes. Like “TP2KS” they produce polyketide
synthases. Similar products might be produced using genetically
similar BGCs. Therefore, the differential expression could arise from
sequence similarity instead of a true signal.

As a next step, the gene cluster of interest is explored in more de-
tail and the detailed view of “TP2KS” is used .
Using the expression view of the BGC region, we can see that not
all genes are differentially expressed but only within a window in
the center of the displayed region. Furthermore, the expression is
similar for the two comparisons (coculture vs single culture and r5
solid media vs ctt media), apart from a region in the center where
the direction of the fold change differs and the differences are only
significant for the media comparison. By hovering over the anno-
tation we see that one of the genes within this central region is an
activator for the operon . One can speculate that this activator
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contributes to the increased expression of the overall cluster in the
media comparison.

Genes outside of the BGC region might influence its expression as
well. Therefore, as a next step, we want to find genes with similar
functions with a similar expression outside the BGC region .
For this, we use the table of concordantly regulated genes and re-
strict the table to genes with the same annotations as in the BGC
region. Only three genes are concordantly regulated with both com-
parisons. Of those, gene SCO6666 has been shown to affect acti-
norhodin production in low-iron conditions [119].

327 Discussion and Future Work

SeMa-Trap represents an extension to the popular tool antiSMASH.
It combines the prediction of BGC regions with expression analysis
and visualizes the data on an overview and detailed level. Fur-
thermore, it enables researchers to identify genes potentially co-
regulated or inversely regulated with BGCs. The design process of
SeMa-Trap demonstrates the systematic development of an effective
visualization by combining abstraction of the visualization problem
with domain expert knowledge.

SeMa-Trap is made available to a large pool of researchers due to the
coupling of the visualization to an established tool, antiSMASH, for
BGC prediction and a computational pipeline. Yet, this coupling
also puts constraints on the design process of the visualization. Lift-
ing these constraints can make SeMa-Trap a universal approach for
visualizing BGCs, or other regions combined with multi-omics data.

The design decisions for the overview on the BGC regions
fire 3-4a) were heavily influenced by the requirement of reusing the
visual encodings of antiSMASH . Like antiSMASH SeMa-Trap
uses a linear axis where the location and extent of the BGC regions
are depicted. A more advanced overview could be achieved by plac-
ing the BGCs on a circular axis and using the circle space to link
BGCs with bands, which could, for example, indicate the calculated
score between two BGCs. This circos-like [120] visualization would
only be effective when a minimum number of conditions for score
calculation is guaranteed.
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However, currently, SeMa-Trap is limited to transcriptomic data in-
tegration. However, it could be extended to include other omics lev-
els. Mutation data could be included to show the effect of changes
on the genome level on gene expression. Furthermore, proteomics
data could be included to show how changes in transcript expression
are reflected in the proteome. Finally, as BGCs produce metabo-
lites, integrating metabolomic data can help assess the activity of a
cluster. In the SeMa-Trap pipeline scores are calculated for identi-
fying potentially co-regulated or inversely regulated genes. With a
multi-omics extension, these scores must also be extended.

Currently, the SeMa-Trap visualization is coupled to the computa-
tional pipeline for the BGC prediction and expression data analy-
sis. However, SeMa-Trap could be transformed into a stand-alone
multi-omics visualization tool for regions of interest. Besides BGCs,
other genomic features, such as genomic islands, operons, or syn-
tenic regions are often studied. A generalized version of SeMa-Trap
could take a list of regions of interest as input and provide sum-
mary and detailed visualizations. The visualization grammar for
genomic visualizations Gosling can help create a generalized stan-
dalone version of SeMa-Trap. Since the Gosling grammar was still
under development while SeMa-Trap was developed, the visualiza-
tions were created using d3.js. The alteration steps and extensions

necessary to Gosling are described in the following

33 Gosling-Meta

331 Introduction

With the advent of sequencing techniques, a multitude of tools for
genomic visualization have been developed. As shown in the STAR
by Nusrat, Harbig, and Gehlenborg [24], the visualization concepts
of the tools are highly repetitive. They can be decomposed into
distinct categories using a taxonomic approach, as described in
Eion 3711

The taxonomic approach can be used to summarize the research
space of genomic visualization as done in the STAR and systemati-
cally design tools using the insights obtained as shown in



62 Chapter 3. Uisualizing Genomes

Gosling.js Visualization

«chri: 50,000,000 «chr1: 100,000,000 «chri: 150,000,000 chri: 200,000,000
PRGN EL [ IR REEnE Bl

ehrz: 1 N2 242103529  ehdi1 ene3: 198,205,550

WA MM AUAMAAMASE b Ao Wi, AN il A A
MU AR e ey SR Epenn e

Gosling Specification (JSON) Structure of Tracks and Views
{..., "views": [

T e O | s

S e | | e s

sooon FHFELCE Weoolh ool s | —

{:.., "tracks": [{...}, {...H} T e |

14}

Figure 3.7: Concept of gosling.js ©2021 IEEE. Gosling creates ge-
nomic visualization based on a JSON specification. The specification con-
tains the structure of the visualization regarding tracks and views, as well
as the data specification and the visual encoding within the tracks.

Furthermore, in the follow-up work of the STAR report, the taxon-
omy has been used for developing Gosling, a grammar for creating
interactive, scalable genomic data .

With Gosling, many different genomic visualizations can be cre-
ated. The approach is a translation visualization taxonomy pre-
sented in into a visualization grammar that can be
used as a Javascript or Python library . Using a JSON for-
mat a wide range of genomic visualizations can be created, similar
to visualizations created using Vega or Vega-Lite [122], [123]. In
the JSON format genomic views and tracks are deﬁn.
The data source has to be defined per view or track. Gosling can
obtain data from simple table-based files (.csv, .tsv), JSON files, or
specific bioinformatics file formats such as .bed, .gff and .bam. The
data can be transformed using the grammar, for example, it can be
filtered, values can be replaced, or a log operation can be applied
to numerical values. For each view, a circular or linear coordinate
system can be chosen. Tracks can be overlaid or stacked and differ-
ent visual encodings can be applied for genomic features. Gosling
provides options for coordinated views by linking a detailed visual-
ization with an overview.
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Non-genomic views touched on in the STAR, are not reflected in
the Gosling grammar. In the STAR, they are called “Utility Vi-
sualizations” which can contain metadata on the genomic views or
summarize the content of the visible genomic window. Non-genomic
views are especially important for providing context on genomic vi-
sualizations, which is necessary for developing fully functional vi-
sualization tools. Integrating metadata views into Gosling is the
main goal of Gosling-Meta.

The contributions of this project can be summarized as follows:
Literature research was conducted on summary visualizations for
genomeic visualizations in prokaryotes to limit the research scope
and to fit the prokaryotic focus of the TRR and the previous work on
SeMa-Trap. Based on this I chose several main visualization types
for implementation. A concept for injecting meta-visualizations into
Gosling was developed jointly with the authors of Gosling. Since
the published version of Gosling was not focused on creating an
extensive programmatic API, we extended the Gosling API. For
Gosling-Meta I implemented six types of metadata visualizations.
The usability of the metadata visualizations is demonstrated by
implementing two examples based on approaches identified in the
literature research.

332 Related Work

Visualization grammars like Vega and Vega-Lite offer ways to cre-
ate a large range of interactive visualizations using a declarative
JSON syntax [122], [123]. In the JSON, users specify the data, e.g.
tabular data, the marks, such as bars, and define how the data are
translated into channels, e.g. the length of the bar. The visual-
izations are highly customizable and can be combined in multiple
linked views. Furthermore, data can be transformed, for example,
quantitative data can be binned or filtered based on specified crite-
ria. While Vega is more low-level and customizable than Vega-lite,
the latter is more concise. Both do not offer genomic views by de-
fault.

Yet, the visualization grammars and the STAR have inspired the
development of grammars targeted on genomic data, like Gosling
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and GenomeSpy. Similar to Gosling GenomeSpy visualizes genomic
data using JSON specifications [124], [125]. In contrast to Gosling,
GenomeSpy includes a way to visualize meta-data heatmaps in multi-
sample visualizations. In the grammar, the metadata and genomic
data are stored in two separate “.tsv” files and linked via a sam-
ple ID, which is contained in both the genomic data file and the
metadata file.

333 Lliterature Research

To get an overview of the scope for summary visualizations or meta-
data visualizations in prokaryotes literature research was conducted
using Google Scholar. Tools fulfilling the following criteria were in-
cluded:

e The publication describes a visualization approach.
e The approach has a prokaryotic focus.

e The approach includes visualization with genome-mapped
data.

e The approach contains additional visualizations.

e There is either an illustrative figure or a working example of
the approach.

e The publication is written in English and is peer-reviewed.

The first 10 pages of the Google Scholar results were considered.
First, general search terms were used such as “genomic visualization
bacteria”.  'When a specific topic was identified, such as “compara-
tive genomics visualization bacteria” it was added to a list of topics.
For the top five identified topics, further searches were conducted.
shows the search terms used and how many tools were
added to the collection in the respective iteration. Terms 1-3 corre-
spond to the broad initial search terms, while the others correspond
to specific topics. In total 53 approaches were identified. Additional
exclusion criteria were defined based on a detailed review of the ap-
proaches. Tools were excluded if genomic and non-genomic views
were not linked or not displayed simultaneously or where the linkage
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Table 3.1: Gosling-Meta search terms used for literature research.

Search

Order  Search Term # Tools added

1 genomic visualization prokaryotes 21

2 genomic visualization bacteria 15

3 sequence visualization bacteria 2

4 comparative genomics visualization 3
prokaryotes

5 biosynthetic gene cluster visualization 7
prokaryotes

6 secondary metabolite visualization 2
prokaryotes

7 genomic island visualization 0

8 CRISPR visualization prokaryotes 1

9 population genomics visualization 0
bacteria

10 pangenome visualization bacteria 2

was unclear. After applying these exclusion criteria, 37 approaches
remained.

The visualization types were categorized as illustrated in
The most common visualization type was a table containing meta-
data (such as IslandViewer4 [106], see Figure [Figure 3.11| for a

reimplementation and [Figure 3.2| for the original visualization), fol-
lowed by a phylogenetic tree and a heatmap aligned directly to

genomic tracks (such as GeCoViz [107], and GeneSpy [126], see
for a similar visualization using Gosling-Meta). Different
kinds of standard visualizations such as bar charts, pie charts, or
histograms were found.

Based on the final collection of visualization approaches, metadata
tables, phylogenetic trees, track heatmaps, bar charts, and his-
tograms were selected for implementation. For custom visualiza-
tions, we decided to enable the integration of custom Vega-Lite
specifications.
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Figure 3.8: Identified Metadata Visualization Types in prokaryotes using
Google Scholar. Tables were found to be the most common visualization
type, followed by phylogenetic trees and track heatmaps.

334 Gosling-Meta Grammar

The insights gained in the STAR and the independent literature re-
search for metadata visualizations have been translated into a gram-
mar called Gosling-Meta, which extends Gosling with metadata
visualizations. Like Gosling, Gosling-Meta is implemented using
Typescript and React. For compartmentalization, the code bases
and JSON specifications are kept separate. This avoids introducing
an overhead of functionality into Gosling and preserving its main
functionality as a grammar for visualization of genomic data. The
Gosling specification (in short Gosling spec) contains all genomic
views and tracks, while the Meta specification (in short Meta spec)
contains non-genomic views.

Connection Type

In the Meta spec the type of the connection has to be defined
("field": "connectionType") specifying how the Gosling views
and tracks are connected to the Gosling-Meta views in terms of
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Figure 3.9: Concepts of Gosling-Meta.

(c) Connection type "strong"

Meta Spec

{ [T I
type": "strong", L]} I
datald": o |} i
"placeholderId”: "placeholder"”

3 "placeholder"

The Gosling spec and the

Meta spec are defined separately. (a) The concept of placeholder tracks
is applied in Gosling to place Gosling-Meta views alongside genomic
views. The placeholderId is set to obtain the position and extent of
(b) For weakly connected views the datald
defines the track displaying the data used for the Gosling-Meta view.
The rangeId defines the genomic range. (c) For strongly connected views
the datald defines the multi-row track with which the non-genomic axis

the Gosling-Meta view.

is shared.
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placement, data, and linkage. For the placement of metadata visu-

alizations within the Gosling view structure (depicted in|Figure 3.7))
the Gosling grammar had to be extended with placeholder tracks

also called “dummy-tracks” ) A placeholder track is an
empty track, which can be associated with an ID in the specification.
Based on this ID, Gosling-Meta can find the position and extent of
the track and place the metadata visualization accordingly. In the
connectionType the placeholderId is the ID of the dummy track
for the placement of the metadata visualization.

As the STAR suggests, metadata visualizations can be classified as
strongly linked or weakly linked [24], which is reflected in the type
field of the connectionType ,c). Strongly linked meta-
data visualizations are directly attached to a Gosling track and
show metadata on feature sets. This means that metadata visual-
ization and genomic visualization have a shared non-genomic axis.
Genomic context visualizations such as GeCoViz [107] or GeneSpy
[126] are strongly linked visualizations where a phylogenetic tree
and a metadata heatmap are directly attached to genomic tracks
(seelsubsection 3.3.5|and [Figure 3.10|for an example). Weakly linked
metadata visualizations show metadata on single features linked via
interactions. For example, a metadata table can show details on the
data within a genomic window which is updated when the window

is moved. IslandViewer4 [106], presented in and reim-
plemented in [subsection 3.3.5| represents a weakly linked approach.

The data linking between the Gosling visualization and the meta-
data visualization is done using IDs, which are set in both specifi-
cations. Often, the same data and genomic range are visualized in
the Gosling-Meta view and a genomic view (see IslandViewer4 in
subsection 3.3.5). However, the Gosling-Meta view can also visual-
ize data from a different source within the linked genomic range, for
example, when the Gosling view shows genes in a genomic window
and the Gosling-Meta view shows the mutations within those genes.
Therefore two separate IDs specify the track showing the genomic
range and the track containing the data. The rangeId specifies the
Gosling track that contains the genomic range, while dataId de-
termines the Gosling track with the data. For weakly linked views,
the dataId is used to obtain the data directly from the Gosling
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track and visualize it in the metadata view (Figure 3.9p). Often-

times, the dataId and the rangeId are the same. . For strongly
linked views the datald is used for the alignment of the axes of the

metadata view and the Gosling visualization (Figure 3.9c).

A difference in the Gosling grammar compared to the taxonomy in
the STAR must be highlighted for strongly linking views. While in
the STAR a track is defined as the graphical representation of a sin-
gle feature set, for example, expression data at a specific condition,
Gosling introduces the concept of rows. This means feature sets of
the same type, such as expression data at different conditions, can
be visualized as a single track with various rows. This is advan-
tageous for strongly linked metadata visualizations as the order of
the non-genomic axis in the Gosling visualization can be obtained
using the dataId.

Uiew Specification

Besides the connectionType, each view in the Meta spec has a
type corresponding to a plot type. Four plot types have been imple-
mented for weakly connected views: table for sortable metadata
tables, hist and bar for summarizing quantitative or categorical
values within a genomic range in a histogram or bar chart, and own
for including custom Vega-Lite visualizations. Two plot types have
been implemented for strongly connected views aligned to multi-row
tracks. With tree a phylogenetic tree can be aligned to the track
and with track-heatmap a heatmap-like visualization shows meta-
data on the different rows.

Furthermore, the data has to be specified, if the views are strongly
connected and thus contain metadata about tracks. Similar to
Gosling, JSON files can be loaded and data transformations can
be applied. For example, fields can be merged, or renamed, or nu-
merical fields can be combined using mathematical operations.

335 Examples

In this section, the usage of Gosling-Meta is demonstrated. First,
a genomic context visualization is implemented inspired by GeneSpy
to demonstrate tightly aligned views, phylogenetic trees, and track
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metadata [126]. Second, the IslandViewer4 visualization is reim-
plemented demonstrating weakly linked views and the metadata ta-
ble [106]. Furthermore, the possibilities of replacing the table with
other visualizations are described.

Reimplementation: Genomic Context Uisualization

GeCoViz [107] and GeneSpy [126] are tools for visualizing genomic
context in different species. Figure [3.10] shows an example of a
genomic context visualization created with Gosling-Meta. Here a
phylogenetic tree is strongly linked with two metadata views. A phy-
logenetic tree shows the species’ relatedness and a track heatmap
encodes additional information using color. In this case, based on
GeneSpy, the heatmap indicates which species are affected by a spe-
cific genetic event.

The goal of the reimplementation was to create a similar visual-
ization to Figure 1 in the paper. The data for the genomic context
visualization has been obtained from NCBI genome. The annotation
files were used to extract the coordinates of the genes around the
gene of interest. The absolute gene coordinates were transformed to
local coordinates with the gene of interest at the center. A phyloge-
netic tree was calculated with Clustal Omega using the 16S rRNA
sequences and transformed into JSON format. A further JSON file
was introduced containing metadata on a specific gene event.

Figure shows the reimplemented version and an excerpt of the
corresponding JSON specifications. Two metadata views are at-
tached to the Gosling visualization. A phylogenetic tree is specified
in the Meta spec and a dummy track for placement is introduced
in the Gosling spec. The datald links the tree to the data of the
genomic track, which is defined as a multi-row track in the Gosling
spec. Internally the order of the leaves of the tree is applied to the
rows of the Gosling track to ensure a consistent ordering. There-
fore, the IDs used in the tree and heatmap data must correspond
to the field used in the track (field: "Accession"). A metadata
heatmap with a single column is placed between the tree and the
genomic visualization. Details about the columns, including the
domain and range of the values are specified in the Meta spec.
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Figure 3.10: Example of a genomic context visualization created us-
ing Gosling-Meta demonstrating tightly aligned views. The visualiza-
tion consists of a phylogenetic tree (blue), a heatmap (green), and a ge-
nomic visualization of a genomic neighborhood (orange). The Meta spec
contains the specifications of the tree and the metadata heatmap. The
placeholderId determines the location of the view by linking them to
placeholder tracks (dummy-track) in the Gosling spec, while the datald
specifies the genomic data used for the axis alignment. For tightly aligned
views a row track must be used in the Gosling spec.
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Reimplementation: Metadata Table

IslandViewer4 (reimplementation: [Figure 3.11} original:
fire 3.2) has a genomic view and a weakly linked metadata table,

showing feature-based metadata within a genomic window. The
goal of the reimplementation was to create a similar visualization
to the example on the IslandViewer website. The data was
downloaded from the website and parsed into a format appropriate
for Gosling visualization. Figure shows the reimplemented
version with an excerpt of the corresponding specifications. The
table is defined in the Meta spec and linked to a placeholder track
in the Gosling spec. In the Meta spec a dataTransform is used
to merge two input data fields into one and the columns to be
displayed are defined. The connection type links the data and the
range displayed with the detailed Gosling view.

In this example, the field jumpLinkage is set to false in the Meta
spec. When it is set to “true” a button at the end of each row of the
table is introduced which can be used to navigate to the coordinates
of the row in the Gosling visualization. This also makes it possible
to display the entire data in the table and use it for navigation.

Furthermore, the example can be enhanced with other visualizations
besides a table. Figure[3.12]shows alternative visualization specifica-
tions. While the Gosling spec remains the same, the Meta spec
can be adapted to show a histogram ), a bar chart
(Figure 3.12p), or a visualization specified using Vega-Lite
). A target column of the tabular gosling data has to be
selected for visualization. Using data transforms the columns can be
transformed before visualization. Figure shows a dataTrans-
form for calculating gene length using the start and end position.

33.6 Discussion

In the literature review only tools explicitly designed for prokaryotes
were considered to limit the research scope and to fit the research
focus on prokaryotes. While the biological questions are different for
eukaryotes and prokaryotes, the types of visualizations are similar.
The main differences are the smaller genome size and less complex
genomic structure of prokaryotes, which leads to visualizations of
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Figure 3.11: Example of a genomic island visualization created using
Gosling-Meta demonstrating weakly aligned views. The visualization
consists of a metadata table (blue), a visualization of the entire genome
(green), and a detailed visualization of a genomic window selected with
a brush (orange). The Meta spec contains the specification of the table.
The placeholderId determines the location of the view by linking it to a
placeholder track (dummy-track) in the Gosling spec, the datald speci-
fies the genomic data displayed in the table, and the rangeId specifies the
genomic range displayed. Since the rangeId corresponds to the detailed
view (orange) the metadata table only shows data within the same range.
A dataTransform is applied to merge two columns of the input data and
the metadata columns to be displayed are defined.
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Figure 3.12: Weakly aligned plot options. (a) A histogram can be created
if quantitative data are displayed in Gosling by setting the plot Type to hist
(blue). Here, a histogram of gene length is created. Using a dataTransform
gene length is calculated using the fields specifying the start and end of
genes (orange). (b) By setting plotType to bar (blue), a bar chart is
created for categorical data. (c) If the plotType is set to “own” a Vega-
Lite specification can be included and any plot can be created.

exon-intron structure and alternative splicing not being considered
in the literature review. Moreover, track-based metadata has mostly
been found in the form of trees. Metadata heatmaps are commonly
used for large sample-based data sets where cohorts of patients are
analyzed. While metadata on microbial samples certainly exists, it
is not as abundant and complex as, for example, metadata on cancer
patients.

The Gosling API has been extended to accommodate the injec-
tion of non-genomic visualizations. However, some limitations re-
main. Gosling uses HiGlass for its internal representation of tracks.
While the two approaches share similar concepts, a HiGlass track
is not equivalent to a Gosling track. The mapping between the two
track types has been improved for Gosling-Meta, but the internal
representation is not yet fully representative of the specification of
tracks in the original Gosling specification, especially for overlaid
tracks.

As an initial idea, I aimed at integrating non-genomic views directly
into Gosling. This would allow placing non-genomic views directly
using the nested view and track structure of Gosling. Moreover, it
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would be a straightforward concept for users, as it accurately reflects
the visualization structure. However, for the compartmentalization
of functions and separation of code bases, placeholder tracks have
been implemented. For direct integration, a joint specification could
be implemented, while the existing concept could be used in the
background to keep the code bases mostly separate.

In the current implementation of Gosling, there is no direct API
access to the parsed data sets and data are only parsed if displayed
in a track. This means that Gosling-Meta only has access to data
displayed in genomic tracks within the currently displayed range.
Therefore, if other data should be displayed in a Gosling-Meta
view, invisible tracks containing the data must be created as a
workaround. In future versions of Gosling, data sets associated
with IDs parsed independently of the rendering can help alleviate
this issue. Using the API, data sets could then be loaded directly
into Gosling-Meta. Moreover, data in Gosling is currently speci-
fied for a track or a view and hierarchically passed down to tracks.
Associating data with IDs could make them reusable between differ-
ent views, which would shorten the specification and prevent parsing
the same data multiple times.

Similarly, Gosling-Meta can only visualize data for a specific range
if there is a Gosling track visualizing the specified range instead of
obtaining the genomic range directly from a Gosling brush. The
selection of genomic ranges using brushes within Gosling is not
yet well reflected as an API functionality. Currently, two types of
brushes exist for linear layout, one for linking the selected range
with another Gosling view, and one for an external visualization,
such as a Gosling-Meta view. Circular brushes can only be linked
with internal Gosling visualizations. This can be exemplified for
the IslandViewer4 reimplementation example .
The linear detailed view is needed for retrieving the data displayed
in the table. It is currently impossible to remove the detailed view
and only visualize the selected range in the table.

In conclusion, the work on Gosling-Meta has sparked many ideas
on extending the Gosling API. While some ideas have already been
implemented, such as placeholder tracks, others will be implemented
in future releases. This is relevant for Gosling-Meta but also for
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any project integrating Gosling visualizations programmatically.
Gosling-Meta itself offers many visualizations to be combined with
Gosling visualizations, which brings Gosling one step closer to a
universal tool for building enhanced genomic visualizations.

34 Joint Conclusion

This chapter explored different levels of research on genomic visu-
alization. First, the STAR contributes to shaping the field of ge-
nomic visualization by acting as a guide for the development of tools
[8], [127], for the design of user studies evaluating genomic layouts
[128], and for the direct translation of the visualization taxonomy
into visualization grammar [25]. Second, SeMa-Trap represents vi-
sualization research with direct application in the biological domain.
The tool development illustrates how systematic knowledge about
the field of genomic visualization as well as the involvement of do-
main experts contribute to the development of domain-specific tools.
Finally, Gosling and Gosling-Meta represent a middle ground of
visualization research between categorizing the research space and
developing approaches for end-users. The grammars are focused on
translating the insights from the STAR into a tool for developers
contributing to the quick development of genomic visualizations. It
is easy to assess the impact of domain-specific visualization tools, for
example when SeMa-Trap contributes to research on novel antibi-
otics. Yet, state-of-the-art reports and visualization grammars can
be considered equally important, as they contribute to the evolution
of the research area on a more foundational level.
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Chapter 4

Uisualizing Gene Function: GO-Compass

Multi-omics integration requires connecting the omics entities such
as genes, transcripts, proteins, and metabolites across omics layers.
One way of doing this is by analyzing the pathways or, more general,
functions that they are involved in. The Gene Ontology provides a
standardized vocabulary for describing function. GO-Compass uses
the Gene Ontology to visualize the functional composition of lists of
entities. Originally intended for visualizing lists of differentially ex-
pressed genes, the approach applies to any multi-omics entity trans-
latable to Gene Ontology terms.

This chapter includes previously published work on GO-Compass pre-
sented at the EuroVis Conference 2023 [26]. For readability, funding
information has been removed and figures originally included in the
supplementary material have been included in the main text.

GO-Compass: Uisual Navigation of Multiple
Lists of GO terms

41 Flbstract

Analysis pipelines in genomics, transcriptomics, and proteomics
commonly produce lists of genes, e.g., differentially expressed genes.
Often these lists overlap only partly or not at all and contain too
many genes for manual comparison. However, using background
knowledge, such as the functional annotations of the genes, the
lists can be abstracted to functional terms. One approach is to
run Gene Ontology (GO) enrichment analyses to determine over-
and/or underrepresented functions for every list of genes. Due to
the hierarchical structure of the Gene Ontology, lists of enriched
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GO terms can contain many closely related terms, rendering the
lists still long, redundant, and difficult to interpret for researchers.

In this paper, we present GO-Compass (Gene Ontology list com-
parison using Semantic Similarity), a visual analytics tool for the
dispensability reduction and visual comparison of lists of GO terms.
For dispensability reduction, we adapted the REVIGO algorithm,
a summarization method based on the semantic similarity of GO
terms, to perform hierarchical dispensability clustering on multiple
lists. In an interactive dashboard, GO-Compass offers several visu-
alizations for the comparison and improved interpretability of GO
terms lists. The hierarchical dispensability clustering is visualized
as a tree, where users can interactively filter out dispensable GO
terms and create flat clusters by cutting the tree at a chosen dis-
pensability. The flat clusters are visualized in animated treemaps
and are compared using a correlation heatmap, UpSet plots, and
bar charts.

With two use cases on published data sets from different omics
domains, we demonstrate the general applicability and effec-
tiveness of our approach. In the first use case, we show how
the tool can be used to compare lists of differentially expressed
genes from a transcriptomics pipeline and incorporate gene in-
formation into the analysis. In the second use case using ge-
nomics data, we show how GO-Compass facilitates the analysis
of many hundreds of GO terms. For qualitative evaluation of
the tool, we conducted feedback sessions with five domain ex-
perts and received positive comments. GO-Compass is part of
the TueVis Visualization Server as a web application available at
https://go-compass-tuevis.cs.uni-tuebingen.de/

42 Introduction

Lists of genes are one of the most common analysis results in bioin-
formatics. Often, multiple lists of genes are produced in large-scale
molecular biology experiments, so-called “omics” studies. These
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lists are interpreted and compared by bioinformaticians and biolo-
gists to gain insight into the structure, function, and dynamics of
an organism.

In genomics, mutations or single nucleotide polymorphisms (SNPs)
located in genes are of interest since they can alter the function of
genes. For example, when comparing cancerous to non-cancerous
cells, researchers aim to identify all genes containing mutations
and study how these mutations may affect the function of the cell.
Moreover, in microbiological studies, bacterial strains are compared
which have specific properties, such as antibiotic resistance. Study-
ing lists of genes showing SNPs between the strains can enhance
insights into resistance mechanisms |129)].

In transcriptomics and proteomics the expression of genes is stud-
ied, i.e., the intensity with which genes are transcribed into mRNA
and translated into proteins. Usually, the expression of altered or-
ganisms (with induced mutations) and/or the expression at different
conditions, such as timepoints or different environmental conditions,
is studied. Multiple biological replicates are created for each con-
dition, which allows calculating lists of significantly differentially
expressed genes associated with fold changes between conditions.
Moreover, genes can be clustered by their behavior across condi-
tions resulting in a list of genes per cluster.

Comparing lists of genes is a non-trivial task. While sometimes
genes can be compared individually, for example, if a gene is con-
tained in multiple lists of differentially expressed genes, usually the
lists overlap only partly or not at all. Therefore, gene lists are often
compared in terms of their functional composition using underlying
knowledge such as pathways or gene ontology terms associated with
the genes [130].

The gene ontology (GO) is a graph-based, species-agnostic represen-
tation of information about the functions of genes, with respect to
three domains: molecular function, biological process, and cellular
component. It is organized in single GO terms encoding for specific
functions. Every gene can be annotated with one or multiple GO
terms. Each domain of the ontology is organized roughly hierar-
chically in a directed acyclic graph, which means that terms higher
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Figure 4.1: Example of GO term hierarchy for GO:0006771 created using
QuickGO (https://www.ebi.ac.uk/QuickG0/)

up in the hierarchy are more general terms of function than terms
further down the hierarchy (see Figure for an example). This
structure is both machine-readable and human-readable, which al-
lows applying a range of methods that make use of the ontology and
produce easily interpretable results. GO terms can be used to sum-
marize the overall functions present in a list of genes, which is often
done using gene ontology enrichment, a method to find statistically

overrepresented GO terms [77], [131].

Not every gene is annotated with the same level of specificity. While
some genes are annotated with very specific GO terms, others are
annotated with very general terms. Therefore, the GO annotation
of genes is usually propagated, which means that a gene is not only
annotated with the specific GO term but also with all its parents
to allow finding enriched GO terms even if not all the annotations
are very specific. In practice, this means that a GO enrichment
often results in long lists of GO terms containing many, possibly
nearly identical terms. For example, if a very specific term, such as


https://www.ebi.ac.uk/QuickGO/

4.3. Related Work 81

riboflavin metabolic process (GO:0006771, [Figure 4.1)), is enriched,

its parent terms including water-soluble vitamin metabolic process
(GO:0006767), vitamin metabolic process (GO:0006766), and small
molecule metabolic process (GO:0044281) might be present as well,
but do not add much information.

While the structure of the GO graph causes this redundancy, it can
also be used to combat it. The graph can be used to calculate the
semantic similarity of GO terms which serves as a measurement to
filter out highly similar terms [132]. One of the most simple similar-
ity measures is the number of edges in the shortest path between two
GO terms, but usually, more advanced methods are preferred. Our
tool GO-Compass uses semantic similarity to hierarchically cluster
GO terms. The tool lets users decide on the desired level of re-
dundancy by visualizing the clustering result and allowing them to
decide on a cutoff. The filtered GO term lists are then visualized in
an interactive dashboard that contains comparative visualizations
including an animated treemap, a correlation heatmap, an UpSet
plot [100], and a comparative bar chart. We demonstrate how GO-
Compass provides an efficient approach applicable in the omics do-
mains by showing two use cases on published data sets. Moreover,
in structured expert feedback sessions, we qualitatively evaluated
our tool.

43 Related Work

For the downstream analysis and comparison of lists of GO terms
various packages in R or Python have been developed. The Python
package goatools implements functionalities such as statistical
testing, summarizing gene lists, GO enrichment, and semantic
similarity calculation [131]. The R package Viseago provides a
comparative heatmap visualization of multiple sets of GO terms
while clustering them by their semantic similarity [133]. However,
the initial list of GO terms is not reduced, which can lead to very
large heatmaps. GOsummaries is an R package that focuses on
creating word clouds of GO terms [134]. It allows the processing of
the data using filtering, clustering, and dimension reduction. While
these packages are extremely powerful, since they can be easily
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extended and combined with other packages, the requirement of
programming skills limits the size of the user base. However, they
can serve as the basis for the backends of other tools.

Furthermore, tools with a graphical interface have been developed,
which can be accessed by a broader audience. REVIGO is a tool for
reducing the redundancy in a list of GO terms and for visualizing
the results [135]. The tool is based on a clustering algorithm, which
ranks the GO terms by their dispensability based on their semantic
similarity, their frequency, their p-values, and their relationship to
each other in the GO graph. The visualizations consist of a treemap,
a scatterplot, and a table. REVIGO is one of the most frequently used
tools for reducing the redundancy and visualizing lists of GO-terms
as reflected by its citation count. Moreover, the clustering result
is used as an input for other tools, such as CirGO, a visualization
tool that uses the REVIGO clustering results for visualization with
sunburst charts instead of treemaps [136].

BACA is a tool for the comparative visualization of GO terms [137].
It does not only visualize GO terms, but it also includes information
about gene expression. Each row in the visualization corresponds to
a GO term and each column to a condition. For each condition and
term, two circles are drawn corresponding to up- and downregulated
genes. The size of the circles corresponds to the number of genes.
The tool itself does not decrease the redundancy of lists of GO
terms. Moreover, the number of genes might be a misleading value,
as the size of sets of genes associated with different GO terms varies
immensely due to the hierarchical structure of the GO graph.

44 Method

GO-Compass is a domain-specific tool for the comparison of lists of
GO terms that arise from the analysis of large-scale omics experi-
ments. The tool implements semantic similarity clustering of GO
terms to reduce the redundancy in the lists. In a visualization dash-
board, the clustering result is visualized and multiple visualizations
are offered for the comparison of the reduced GO term lists.
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GO-Compass makes use of several packages and methods introduced
in Section For GO enrichment and semantic similarity calcu-
lation, the goatools package is used. Moreover, GO-Compass in-
cludes an adapted re-implementation of the clustering algorithm of
REVIGO that can handle multiple lists of GO terms. Similar to RE-
VIGO, it implements a treemap for the visualization of the results
of each list with an animated transition between treemaps of dif-
ferent lists. Gene information is incorporated using a glyph in the
treemap. However, our visualization is not limited to gene lists from
differential expression experiments, it can also be used for lists of
GO terms and genes from other sources.

4.41 Data Input and Preprocessing

GO-Compass offers an internal enrichment method that can be used
by submitting lists of genes. The genes can optionally be associated
with numerical values (e.g., fold changes when calculating differ-
ential expression) that are used for visualization. Moreover, users
can submit lists of GO terms with associated p-values arising from
other enrichment methods. The GO term lists are arranged in a
table where each column contains the p-values of one of the lists.
In this case, the lists of genes are optional.

Furthermore, GO-Compass requires one or multiple background files
containing the association of genes with GO terms for the enrich-
ment and the clustering of GO terms. The lists of genes, GO terms,
and backgrounds can originate from different species to enable inter-
species comparisons or from different types of omics data (such as
transcriptomic and proteomics) for multi-omics comparisons. GO-
Compass propagates the backgrounds, which means that for every
GO term, all parent GO terms are associated with its set of genes.
Propagation can be disabled by the user if the lists have been pre-
viously propagated.

With a p-value filter, users can define their own significance level to
filter out GO terms. Thus, only the GO terms are kept whose p-
value is lower than the specified filter in at least one list. Moreover,
a method for calculating the semantic similarity of GO terms can
be selected, which is described in Section |4.4.2
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If lists of genes but no custom enrichment results have been submit-
ted, GO-Compass performs GO enrichment with the Python package
goatools |131] using the propagated background. For every list, the
enrichment is calculated using Fisher’s exact test. The resulting p-
values are corrected using Benjamini-Hochberg’s False Discovery
Rate (FDR) [74].

4.42 Semantic Similarity

GO-Compass clusters GO terms based on their semantic similarity.
There are various definitions of semantic similarity. The simplest
measure is the shortest path between two GO terms A and B in
the GO graph (Edge-distance measurement). A problem with this
approach is that it assumes uniform distances in the graph. Since
the GO graph is highly imbalanced, GO-Compass offers three other
commonly used measures, the Resnik, Lin, and Wang semantic sim-
ilarity [138]-[140]. Resnik semantic similarity is a node-based mea-
sure, defined as the information content (IC) of the lowest common
subsumer of two GO terms, also called the most informative com-
mon ancestor (MICA) [138]. Let S(A, B) denote the set of common
ancestors of terms A and B and p(f) the probability of term t. Then
the Resnik similarity of A and B is defined as:

SiMResnik(A, B) = IC(MICA) = teISIaXB)(_ log(p(t))) (4.1)

The Lin semantic similarity represents a normalized version of the
Resnik similarity [139)]:

simpi, (A, B) = m (4.2)

Wang semantic similarity is a graph-based method, which considers
the contribution of all ancestors to the semantics of a term, with
closer terms contributing more than more distant terms [140]. The
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contribution of a term t to the semantics of term A is defined by
the S-value:

1 ift=A
Sa(t) = N 1 (43)
max{w, X S4o(t')||t' € children of t} else

w, is the contribution factor of edge e linking t and #. The semantic
value is then the sum of all S-values of the set T4 which contains

all ancestors of A:
SV(A) =) Sa(t) (4.4)
tETA

The Wang similarity between two terms A and B is then defined as:

. Yierynty (Sa(t) + Sp(t))
siMwang (A, B) = ! SV(A) +SV(B) (4.5)

In this equation, the semantic contributions of the shared ancestors
of A and B are summed up and divided by the total contribution of
each term’s ancestors.

GO-Compass uses goatools for the calculation of semantic similar-
ity with these four measures [131]. At our request, the authors of
goatools have also added Wang’s method to their repertoire.

443 Flgorithm

GO-Compass applies an adapted version of the REVIGO algorithm
to perform hierarchical dispensability clustering separately for each
GO domain. For every pair of GO terms, semantic similarity is
computed and the pairs are sorted. Starting with the most similar
pair A and B, a term is rejected, i.e., set as a child of the other
term if one of several criteria, is fulfilled. The criteria are based
on the terms’ frequencies, their significance, and their relation in
the graph. More concretely, the rejection criteria for term A are
(applied in this order, and vice versa for B):

1. A has a frequency in the background data > 5% and the fre-
quency of A is bigger than B.
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2. The majority of p-values of A is less significant (difference
>5% of the p-value range in the data).

3. A is the parent of B and contains more than 75% of its genes.
4. A is a child of B.

5. (Pseudo) random rejection: A term is rejected at random us-
ing the numbers of the GO ID corresponding to term A as a
seed to guarantee that the result is consistent when the tool
is run multiple times.

Criterion 3 guarantees that if two GO terms in a parent-child rela-
tionship are associated with a similar set of genes, the one that is
less specific, i.e., the parent is rejected, while criterion 4 rejects the
child if the sets of genes are different.

The semantic similarity at which a term is rejected corresponds to
the term’s dispensability. The term’s uniqueness is calculated in
the following way, where T corresponds to the set of all present GO

terms: )
_ Liersim(A,t)
|T|

While REVIGO offers the Resnik, Lin, and two further IC-based meth-
ods, our adapted algorithm uses additionally and by default the
Wang method, which takes the semantics of all ancestors of the GO
terms into account to calculate their similarity. Moreover, the Wang
method does not rely on the frequency of GO terms in the annota-
tion of a species and is thus especially suited for comparisons using
multiple different annotation backgrounds.

uniqueness(A) =1 (4.6)

Furthermore, the p-value rejection criterion has been adapted to
handle multiple p-values and thus to cluster terms from many lists
of GO terms. Instead of rejecting the less significant p-value, the
term for which the majority of p-values is less significant is rejected.
The other rejection criteria have been implemented as described
in the original REVIGO publication. Moreover, while the original
algorithm stops clustering at a dispensability cutoff value provided
by the user, GO-Compass always clusters all terms. The resulting
structure is a tree with rejected terms as child nodes of accepted
terms. The closer a term is to the root, the less dispensable it is.
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45 Uisualization

Based on our survey of related work we created multiple objectives
for the development of GO-Compass:

1. Show all clustered GO terms to increase the explainability of
the results. Users should see how their choice on a dispensabil-
ity cutoff affects the final list of GO terms. Moreover, make
terms that did not pass the filter accessible.

2. Provide visualizations that have a high acceptance and are
commonly used in the field, like bar charts and REVIGO
treemaps.

3. Summarize the overall similarity of the lists using, e.g., corre-
lation values or the number of common enriched GO terms.

4. If available, also incorporate and visualize gene information.

Moreover, we refined the visualizations after testing the first version
of the tool with domain experts in expert feedback sessions (see
Section . In the following, we describe the implementation of
our objectives in the current version of GO-Compass.

451 Dashboard Components

GO-Compass provides multiple visualizations organized in a dash-
board for the comparison of the lists of GO terms based on the dis-
pensability clustering. The dashboard consists of five components
(Figurc original screenshot in Figurc. Two components pro-
vide an overview of the data set by showing the clustering results
(Figure ) or by summarizing the comparison of different GO
term lists into single values (Figure ) The other components
(Figure and D) provide more detailed views of the individ-
ual GO term lists. All visualizations are interactive, provide linked
highlighting, and are enhanced using tooltips displaying the full GO
term names and further information. All GO terms together with
their associated genes, p-values, dispensabilty, and uniqueness are
collected in a table below the visualization components of the dash-
board (see Figure for an example).
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Figure 4.2: Overview of the dashboard components of GO-Compass using
a data set from a time-series gene expression experiment [141]. (A) The
REVIGO clustering results are visualized in an indented tree layout. Two
sliders enable the interactive filtering of GO terms and the selection of a
cutoff for the creation of flat clusters at chosen dispensability. The flat
clusters are visualized using a set of categorical colors. The numbers next
to the left and the right slider indicate the number of currently created
flat clusters and the number of GO terms passing the filter cutoff. The
number next to the GO terms indicates the number of direct descendants
in the clustering that are currently filtered out. To visualize the p-values
of each GO term, a heatmap is aligned to the tree on the right side. Guid-
ing lines connect the GO terms in the tree with the heatmap. On the
left side of the tree, an overview component is located which shows the
current position in the tree is larger than the currently visible part. (B.i) A
treemap shows the significance of GO terms at a selected list and encodes
the flat clusters depending on the selected cutoff value. (B.ii) Using small
multiples, different conditions can be selected. (C) A Venn diagram vi-
sualizes the intersection of significant GO terms across the different lists.
The number of each subset represents the current selection (left) and the
total size of each set (right). The subsets can be hovered (indicated by an
orange highlight) for a more detailed comparison using bar charts showing
the —log(p-values) in the hovered lists. (D) The dotted lines represent
the chosen p-value threshold.
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Figure 4.3: Original screenshot of the interface of GO-compass. It shows
all visualization components as shown in Figure 1. For the view Overview
List Comparison, only significant GO terms are used for the comparison,
and hence a Venn diagram is shown.
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Figure 4.4: Screenshot of the table used in GO-compass to collect all visu-
alized data. The columns show the ID of the GO term and its description.
The next columns show the frequency, uniqueness, and dispensability for
each term, as well as a detailed view of the p-values per list. The last
column shows all genes present in the data set related to the GO term.
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Using the controls menu of the dashboard, users can switch the
GO domain displayed and define the significance threshold for the
visualizations. Every visualization as well as the final filtered list
of GO terms together with their p-values and dispensability can be
exported.

Hierarchical Clustering Uisualization and Cutoff Selection

To improve the explainability of the dispensability clustering re-
sults, created with the modified REVIGO algorithm (Objective 1),
the clustering tree is visualized using an indented tree layout (Fig-
ure ) The nodes in the tree represent GO terms, positioned by
their dispensability indicated on the x-axis. For interactive cutoff
selection, two sliders in the tree can be used for selecting the data
for the other visualizations. With the right slider, redundant terms
can be filtered out. The left slider cuts the tree at a specific dis-
pensability to produce flat clusters, which are colored using a set of
categorical colors. These colors are used as the background color of
the flat clusters in the tree, as well as in the other components of the
dashboard. Next to each slider a number is shown indicating the
number of flat clusters and the total number of GO terms currently
visualized. Numbers next to the GO terms indicate the number of
direct descendants of this term in the hierarchical clustering that
are currently filtered out. By allowing an interactive selection of
the cutoffs, users have full control over the number of clusters and
GO terms that are visualized.

To facilitate the creation of flat clusters in the tree, child terms
are always placed below parent terms in decreasing sort order by
dispensability. Thereby, when a new flat cluster is created, all GO
terms belonging to this cluster are placed in a block. Moreover, this
layout prevents crossing edges and terms from changing positions
when the filter slider is moved.

The p-values of the GO terms across different lists are visualized in
a heatmap, which is aligned horizontally to the tree using guiding
lines as a visual aid. The heatmap shows the negative logarithm of
the p-values in the different lists using a color scale from white (high
p-value) to red (low p-value). The p-values that pass the significance
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Figure 4.5: Example of a visualization in GO-compass for a large tree that
is bigger than the available space. The summary visualization on the left
of the tree shows the current position and size of the visible section of the
tree. The colors of the summary visualization encode the colors of the flat
clusters.

threshold defined by the user are indicated using a black dot in the
center of the heatmap cell.

To deal with trees larger than the designated component, the tree
and the aligned heatmap are vertically scrollable. A custom scroll
bar that serves as a summary visualization on the left side shows
the current position and size of the visible section of the full tree
relative to the currently created flat clusters (Figure .

Treemaps

For list-centered overviews, the significance of GO terms at each
condition is visualized using treemaps, similar to REVIGO treemaps
(Objective 2, Figure ) The size of a rectangle corresponds to
the negative logarithm of the p-value. Rectangles representing GO
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A Color:
A B Relation between positive/negative
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B Brightness:
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Figure 4.6: Glyph for the visualization of gene information. (A) The
color of the bar either encodes the median value in a set of genes or
the proportion of positive/negative values on a color scale from blue to
white to red, where blue and red shades correspond to the majority of
values being negative and positive, respectively. A white shade encodes
an equal number of positive and negative values. (B) The brightness of
the background in the glyph corresponds to the set size of the GO term,
where smaller sets receive darker fills than bigger sets. (C) The length of
the bar encodes for the relative number of present genes associated with
the GO term.

terms with significant p-values receive a full color fill, and non-
significant GO terms are indicated with a striped fill. One list is
selected to be shown as the main treemap (Figure .i)7 while
the others are visualized in small multiples in a scrollable container
(Figure [4.2B.ii). By clicking on a small multiple, the correspond-
ing list is selected and triggers an animation where the rectangles
dynamically change their size. This helps find especially prominent
changes between lists. For smooth transitions, the treemap is im-
plemented using a modified version of the squarify algorithm [142],
where nodes only change size but not positions when the animation
is triggered.

A glyph is used to additionally show gene information if avail-
able (Figure Objective 4). The glyph consists of a bar showing
the proportion of genes associated with a GO term that are present
in the corresponding genes. The color shade of the bar is used to
encode additional numerical information if the genes are associated
with numbers (e.g., fold changes in differential expression). Users
can choose to either show the median value or the proportions of
negative to positive values on a color scale from blue to red. A small
flag-like attachment on the right end of the bar ensures that the color
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is still recognizable even if the bar is short. If no information about
fold changes is available, the bar is colored black. Furthermore, the
background of the glyph encodes the gene set size of a GO term
using a grayscale color scale, where dark values encode for larger
sets than bright values. If no gene information has been uploaded,
only the gene set size is shown, which is always available since it is
calculated using the uploaded background lists.

When hovering over a rectangle in the treemap the p-values of
the corresponding GO term in the different lists are displayed in
a tooltip with bar charts or line charts. Moreover, the full GO-term
name, as well as the gene information is shown in the tooltip.

Summary Visualizations and Bar Charts

In order to allow a quick comparison of the lists (Objective 3), two
summary visualizations show the similarity of GO terms between
the lists (Figure ) The user can choose between visualizing
the correlation of the p-values of the GO terms (Figure [£.2C.i) or
the intersecting sets of significant GO terms across the lists (Fig-
ure .ii). A correlation heatmap visualizes Pearson’s correlation
of the p-values of GO terms between the lists regardless of the sig-
nificance threshold (as seen in the use case in Figure ) using a
blue (negative correlation) to red (positive correlation) color scale.
The set summary visualization shows the overlap of significantly en-
riched GO terms between the conditions. For less than four lists,
a Venn diagram is used (Figure .ii). For more than three lists
an UpSet plot is visualized instead (as shown in the use case in
Figure [£.7D) [100]. UpSet plots show set intersections as a matrix,
where rows correspond to the sets and columns to the intersections.

For detailed comparison of subsets of lists, cells in the correlation
heatmap or intersections of the Venn diagram or UpSet plot can be
hovered and the GO terms can be compared in vertically juxtaposed
bar charts (Figure [£.2D), where each bar chart corresponds to one
of the hovered lists. All GO terms present in the hierarchy after
filtering are shown on the horizontal axis.
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452 Implementation

GO-Compass is implemented as a client-server application using
Python for the enrichment calculation and dispensability clustering
with goatools in the backend and JavaScript for the visualization
in the front end. The Python package Flask [143] is used for
client-server communication. The frontend is implemented using
a combination of React [144] for the component structure of the
application, Mobx [145] for storing the application’s state, and
D3 [146] for the visualizations, i.e., scales, animations, and the
treemap layout.

46 Use Cases

To demonstrate the general applicability of GO-Compass in the omics
field, we present two use cases. The first use case shows how GO-
Compass allows the exploration of many GO term lists from a tran-
scriptomics experiment and also includes further important gene
information. In the second use case, we present the results of an
enrichment analysis of genomics data and demonstrate how GO-
Compass facilitates the analysis of a few hundred of GO terms.

461 Use Case 1. Functional Enrichment of Fintibiotic Re-
sponse in the Mouse Transcriptome

In the study by Lavelle et al. [147], the authors addressed the ques-
tion how antibiotics change the transcriptome response across a time
window of 18 days in two mice. For this, they sampled RNA at four
different time points (Day 0, 8, 11, and 18), analyzed the expres-
sion levels using microarrays, and computed differentially expressed
genes between each time point. Of the six pairwise comparisons, one
did not return significant differential expression (day 18 compared to
day 11, in short D18vsD11). To acquire a functional overview of the
differences, the authors ran an enrichment analysis using goana [148]
on the five lists of genes. Independently for each comparison, they
extracted the 100 most significant GO terms and reduced the data
sets to those terms with a dispensability lower than 0.4 by using
REVIGO for each of the lists. For visualization of the results they
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Figure 4.7: Use case for GO-Compass with the transcriptome data from
the study by Lavelle et al. (2019). All subfigures visualize terms from the
ontology domain Biological process. (A) Visualization of the clustering
results. The clusters were cut at a dispensability level of 0.2 using the
left slider. Terms with a dispensability lower than 0.4 have been filtered
out using the right slider. (B) Correlation heatmap of all p-values of the
terms contained in the five lists. The list comparing day 8 with day 0
(D8vsDO) shows an anticorrelation of GO terms with all other lists, except
for a minimal positive correlation with the list D18vsD8. (C) Treemap
visualizations for the conditions D8vsDO and D18vsD8. The transition
animation (middle treemap) helps to follow the changes between the two
treemaps. The glyph shows the median log,-fold change of the genes
linked to each GO term. (D) UpSet plot comparing the specific terms
shared across conditions. Three GO terms are found significant in all four
lists. The juxtaposed bar charts containing all terms of these four lists are
shown, and the bars for the common terms are highlighted.
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created a tailored visualization using custom R scripts. Figure 3C
in the original article visualizes the results using bar charts encoding
for the negative logarithm of the p-value |147].

We reproduced the results with GO-Compass to show how it is able to
provide the same information and furthermore include exploratory
as well as other informative features. The preprocessing was repro-
duced from the data and scripts provided by Lavelle et al., resulting
in five lists of differentially expressed genes for each comparison (re-
ferred to as D8vsDO, etc. in the following) and the significant GO
terms identified by goana. To make the results comparable, we also
reduced the data set of each comparison to the 100 most significant
terms as done by the authors. The five lists of genes with their
log,-fold changes, the results of the GO enrichment, and the used
GO background were loaded into GO-Compass for the dispensability
computation and visualization. Wang’s similarity measurement and
a p-value filtering of 5 x 1072 were selected as further parameters.

We first focus on those terms related to the domain Biological pro-
cess. For this domain, GO-Compass returns a visualization with 179
GO terms, which can be reduced to 25 terms by filtering terms with
a dispensability higher than 0.4 (Figure ), as done in the orig-
inal analysis. To gain more insight into the different GO terms,
the cluster cutoff of GO-Compass was set to 0.2, returning seven flat
clusters (Figure 4.7). The visualization of many aspects of the lists
within the graphical interface allows simultaneous exploration. For
example, the heatmap aligned next to the tree shows that all but
the first list of GO terms contain terms of the cluster rooted at ez-
tracellular matrix organization. This dissimilarity can be confirmed
by looking at the correlation heatmap (Figure[£.7[B) that shows how
D8vsDO is negatively correlated with all but one comparison at this
dispensability level (D18vsD8, Pearson correlation p =~ 0.08).

By using the treemaps, users are able to compare the flat clusters
between these two lists and account for further data, such as the
log,-fold change of the genes. The animated transition facilitates
the finding of the common terms between the lists and tracking ma-
jor changes (Figure ) The visualization of the median shows
that the expression of genes corresponding to the lists is not similar.
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Figure 4.8: Tree showing the clustering results for all terms related to
the ontology domain Molecular function for the study by Lavelle et al.
(2019). The cluster cutoff was defined at a dispensability level close to 0.2
to visualize a cluster rooted at glycosaminoglycan binding (purple cluster).

While the genes related to the terms rhythmic process and regula-
tion of circadian rhythm in D8vsDO0 are upregulated, the genes in
D18vsD8 are strongly downregulated (see glyphs in Figure [£.7[C).

The UpSet plot can be used to compare the terms that are signif-
icant in more than one list (Figure ) For example, the GO
terms extracellular matriz organization, blood vessel development
and localization of cell are found significant in four lists and their
corresponding p-values can be easily compared using the bar charts.
Interestingly, in the dispensability reduction of the original analysis,
the term extracellular matriz organization appears only in three of
the five lists. However, this term is actually significant in four of
the lists, which is evident in the analysis with GO-Compass.
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Lavelle et al. also analyzed significant GO terms for the ontology
domain Molecular function, for which they identified ten different
GO terms, all related to binding. With the visualization of GO-
Compass, the user is able to visualize the hierarchy of the clusters
and identify the most important terms regarding their dispensabil-
ity (Figure . In this case, by setting a cluster cutoff at 0.2
a meaningful flat cluster is created containing all terms related to
binding rooted at glycosaminoglycan binding. Moreover, by visualiz-
ing the whole clustering and interactively selecting the filter cutoff,
the user can decide whether general terms such as binding should
be filtered out to reduce the redundancy of the results for further
analysis. This cutoff is independent of the filter cutoffs selected for
the other GO domains, while in the original analysis with REVIGO a
single cutoff value for all domains had to be chosen.

462 Use Case 2: Genomic Variability in the Syphilis
Agent, Treponema pallidum

We demonstrate the wide applicability of GO-Compass for study-
ing the genetic variability of Treponema pallidum, the bacterium
responsible for syphilis [149]. For this, the data published by Pla-
Diaz et al. [150] was analyzed using the tool Evidente[13] to identify
enriched GO terms for genes associated with SNPs in phylogenetic
clades. A clade is a set of organisms that share a common ancestor
in a phylogenetic tree. The data of Pla-Diaz et al. consists of ge-
nomic samples from four main strains of T. pallidum: ten samples
from the strain Nichols and 58 samples from the strain SS14 (both
belong to subspecies T. pallidum pallidum, TPA), seven samples
from subspecies pertenue (TPE) and one sample from subspecies
endemicum (TEN). All samples were compared to one Nichols ref-
erence genome to identify single-nucleotide polymorphisms (SNPs).
Using Evidente we identified GO terms that are enriched for genes
affected by mutations within one clade compared to the rest of the
phylogenetic tree. A GO enrichment was calculated for four main
phylogenetic clades, producing a list of significantly enriched GO
terms per clade (p-value < 0.05). All non-reference clades showed
enriched GO terms: 61 within the SS14 clade, 70 within TPE and
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Figure 4.9: Use case for GO-Compass resulting from the GO enrichment
of phylogenetic clades of Treponema pallidum. All subfigures visualize
terms from the ontology domain Biological process with a dispensability
lower than 0.5. (A) Visualization of the clustering results. The cluster
cutoff was set at a dispensability level of 0.1. (B) Correlation heatmap
of all p-values of the terms contained in the three clades. (C) Treemap
visualization for the SS14 clade. The numbers above or beside the gene
information glyph encode the total number of genes associated with the
GO term, the genes associated with the GO term containing SNPs, and
the median number of SNPs found within these genes. The same values
are encoded in the gene information glyph using the background color, the
length of the bar and the color of the bar, respectively.
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514 within the TEN clade. Since Evidente does not contain fea-
tures for direct comparison of GO terms, these three lists, containing
a total of 576 unique significant GO terms, were loaded into GO-
Compass. Furthermore, for each clade, a list containing the number
of SNPs per gene across all strains and positions was uploaded as
further gene information. Wang’s semantic similarity measure and
p-value < 0.05 were used as parameters for the redundancy calcu-
lation.

All three GO domains (biological process, molecular function, and
cellular component) show high correlation and GO term similarity
across the TPE and TEN lists, while the SS14 clade shows distinct
GO terms over all three domains. We further reduced the data by
filtering out GO terms with a dispensability larger than 0.5. In
the case of the domain Biological process, the data set of 306 GO
terms was reduced to 41 terms which still reflects the similarities
between TPE and TEN as well as their differences with SS14 (Fig-
ure /B). Interestingly, the GO terms specific for the SS14 clade
include low dispensability terms such as membrane assembly and
response to antibiotic (Figure ) The low dispensability and the
position of the terms in the tree indicate that they are specific to the
SS14 clade and are only very distantly related to terms enriched in
TPE and TEN. This is in agreement with the information presented
by Pla-Diaz et al., where they discuss the changes in the membrane
of SS14 strains and the antibiotic-resistant potential across SS14
samples when compared to strains from the Nichols clade. With
the glyph visualization in the treemap, we were able to identify
that a single gene is linked to the term membrane assembly. The
red color of the bar indicates that there is a high number of SNPs
(695) associated with this gene across all samples and positions of
the gene (Figure[1.9C). This specific gene (TPANIC _RS01590) can
be identified using the tabular view for further analysis, for example,
to study the effect of the SNPs on the translated protein.

47 Qualitative Evaluation

For qualitative evaluation of our tool, we performed semi-structured
interviews with five domain experts including two bioinformaticians,
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Table 4.1: Tasks for the empirical case study

Task 1  Simplify the visualization/reduce the size of the tree.

Task 2 Which lists are the most similar/least similar ones?

Task 3  Which GO terms are the three most significant GO
terms shared between the two most similar lists?

Task 4 Summarize the biological processes happening at
D11vsDO.

Task 5 For the GO term regulation of transmembrane trans-
port is the majority of the genes upregulated or down-
regulated in list D11vsD0? Which fraction of genes is
expressed? Is the set of genes associated with this GO-
term higher or lower than regulation of biological qual-
ity?

two biologists, and a clinical doctor who is one of the authors of the
original publication discussed in the first use case (see Section|4.6.1]).
None of the experts was involved in the development of the tool or
had used our tool before. The interviews were conducted in an on-
line video session and took around 1h each. First, the experts were
interviewed about their experiences using GO terms. Depending on
their level of expertise the concept of Gene Ontology was recapitu-
lated and the central ideas of the tool were introduced. Apart from
the dispensability clustering tree, none of the visualizations were
explained to get an unbiased view of the tool’s intuitiveness. After
the session, the experts were asked to fill out a short survey that
includes a selected subset of the system usability scale questionnaire
(see Table for the questions) [151].

For the testing, the data from the first use case was used. During the
session, the experts were presented with five tasks, each related to
a different visualization component (Table 4.1]). The first task (T1)
was to reduce the size of the dispensability tree and simplify the
visualization. In the second task (T2) users were asked which lists
are the most/least similar ones. For the third task (T3) they were
asked which three GO terms are the most significant ones shared
between the two most similar lists. The fourth task (T4) was about
gaining an overview of a single list and the experts were asked to
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summarize the biological processes happening in the list D11vsDO.
The last task (T5) was made up of subtasks for comparing the gene
sets between two GO terms in the treemap based on the underlying
gene information.

471 Expert Feedback

All participants were able to successfully reduce the size of the tree
(T1) by using the filter slider. Two participants were initially con-
fused by the cluster slider but were able to figure out its function
when being told to observe the effect of moving the slider in the
other visualizations. Moreover, all participants were able to com-
pare lists using the correlation heatmap (T2). While they were not
able to tell which values are correlated (p-values), they had the in-
tuition that similar lists were indicated by a red color (see Figure
,1). All participants were able to compare the lists in detail us-
ing the bar chart (T3) and found the linkage between the correlation
heatmap and the bar charts useful.

For the fourth task, all users were able to navigate to the list in
question in the treemap visualization and could summarize the bi-
ological processes. Similar to the second task, users were not able
to explicitly tell what is encoded, but still were able to solve the
task. The glyph visualization (T5) received mixed feedback from
the users. It is important to note, that the version tested did not
include a legend for the gene set glyph. Two users wrongly assumed
that the blue-to-red color scale of the glyph is related to the corre-
lation displayed in the correlation heatmap. Moreover, initially, two
users could not tell that the background of the glyph was colored
using different shades of gray. In the tested version big gene sets
received brighter fills than small gene sets, which was considered
unintuitive by all users. We, therefore, decided to reverse the color
encoding of the gene set sizes for the final published version of GO-
Compass. Eventually, all users were able to solve the subtasks and
considered the glyph useful after the explanation.

Overall, the tool received positive feedback from all experts. One ex-
pert noted that although she could not tell why it was very intuitive
for her to know where to click and hover. While the visualization
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m Strongly disagree Somewhat disagree Neither agree nor disagree Somewhat agree  m Strongly agree

1 found the tool unnecessarily complex 2

I needed to learn a lot of things before | could get going with this tool 1

I found the tool very cumbersome to use 2

I think | would need the support of a technical person to be able to use this tool |

I thought the tool was easy to use 1 1

I think | would like to use this tool frequently 1

| would imagine most people would learn to use this tool very quickly 1 2 2|

Figure 4.10: Survey results for empirical case study. Overall, the visual-
ization received positive feedback.

dashboard was first considered slightly overwhelming by some users,
all found it useful and consider using it for their own research or for
teaching. One expert noted, that the tool obviously shows a lot of
information. However, they did not consider it to be a flaw as the
underlying data contributes a lot to the complexity and the tool
already reduces the mental load for analyzing the data. One expert
noted that he “can’t think of anything that beats this” when being
asked for an overall evaluation of the tool.

From the feedback session, we deducted several action items and fea-
tures for implementing the tool that we then included in the current
version. Many of these features relate to improving the labeling and
legends of the visualizations as well as solving minor usability issues.
Legends were included for the glyph and a label now indicates that
the correlation heatmap shows the correlation of p-values. More-
over, the scrolling behavior of the dispensability tree was improved
by making the overview visualization draggable. Furthermore, a
user suggested a more detailed visualization of gene information as
well as a simplified version of the dispensability tree which we con-
sider enhancements for future versions of the tool. The answers
collected from the survey after the interview supported the positive
impression we had during the interviews (Figure . While the
tool was considered complex, all users found it useful and would like
to use it frequently for their own research.
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48 Discussion

We presented GO-Compass, an application with a unique set of fea-
tures enabling the interactive visual comparison of lists of gene
ontology terms. The tool extends the REVIGO algorithm and the
treemap visualization for the analysis of multiple lists of GO terms
and has a wide field of applicability for lists created in different omics
studies due to the simple input formats it requires. With its tree
visualization, it increases the explainability of the underlying hierar-
chical clustering and gives users full control over the desired level of
dispensability in the lists of GO terms. Furthermore, it effectively
combines well-known visualization techniques, for the direct com-
parison of sets such as UpSet plots and correlation heatmaps with
detailed-focused visualizations like bar charts and treemaps for a
comprehensive analysis. Moreover, with the glyph in the treemaps
gene information is included, if available.

GO-Compass is based on the structure of the gene ontology, semantic
similarity calculations, and on GO enrichment. Since the GO graph
is created using expert knowledge, which differs for the different
sub-domains of the graph, it lacks uniform density and uniform re-
latedness of parent-child relationships. The edges of the GO graph
are not weighted according to relatedness, therefore it is not possible
to take this factor into account for semantic similarity calculation.
GO-Compass counteracts these factors by allowing interactive selec-
tion of the filter cutoff and therefore gives users the opportunity to
decide on a desired level of redundancy with computational support.
Furthermore, different dispensability cutoffs can be chosen for each
gene ontology domain. Thus, with our interactive dispensability fil-
tering we compensate for the bias that all GO terms are treated the
same regardless of their relatedness in the GO graph. When reduc-
ing the dispensability in lists separately, for example using REVIGO,
it can happen that a term is filtered out in some of the lists despite
being significant in all of them. Our simultaneous analysis of all
lists avoids losing information, as seen with the term extracellular
matriz organization in the first use case, which was filtered out in
one of the lists in the original analysis.
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GO-Compass clusters the complete lists of GO terms instead of stop-
ping at a fixed dispensability cutoff. This gives the users insights
into the underlying algorithm and increases their control over the
desired level of redundancy. This can be seen especially prominently
in the first use case, where dispensable terms could easily be iden-
tified and filtered out using the visualization. The indented layout
of the tree is designed to facilitate the process of filtering and the
creation of flat clusters, as it ensures that all children of a GO term
in the hierarchical clustering are organized in a block without the
need of rearranging the tree after moving the sliders.

GO-Compass implements treemaps for visualizing the functional
composition of a single list. An animation is triggered to show the
changes when the condition is switched. While it is difficult to
compare the areas of rectangles of different sizes and follow multiple
concurrent animations, the most drastic changes are underlined
using the animation. A more detailed comparison can be done
using the bar chart appearing in a tooltip when hovering over a
GO term. Moreover, with the designed glyph any type of numerical
information associated with genes can be included in the analysis.
Moreover, by including linked summarizing charts (the correlation
heatmap and the UpSet plot) and detailed views (treemap and
juxtaposed bar charts), users can access different levels of informa-
tion of the data sets. This helps to compare the lists using many
relevant aspects for the domain, such as further gene information
or shared GO terms.

In our use cases, we demonstrated the applicability of GO-Compass
for two different omics data types. In our first use case, we presented
a use case for functional analysis in transcriptomics studies, which is
one of the most common use cases where GO enrichment is applied.
In the second use case, we show how the tool can be applied to
genomics data and handle data up to a few hundred GO terms.
However, GO-Compass can be applied in many other contexts, such
as the integration of lists originating from different omics layers in
multi-omics experiments, as well as lists originating from different
species.

GO-Compass compares lists of genes regarding their functional com-
position using GO terms. However, also other annotation systems,
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such as KEGG Pathways or protein families, are frequently used
by researchers for functional analysis. Compared to these annota-
tions, the advantage of GO terms is the inherent structure of the
GO graph, which allows the simple calculation of semantic similar-
ity to serve as the basis for dispensability clustering. Nevertheless,
we plan to extend our tool to be able to deal with other types of
enrichments using custom algorithms for dispensability calculation.

To conclude, as omics experiments increasingly consist of the com-
parison of many conditions, semantic-similarity-based reduction for
generating visualizations of multiple GO term lists has become more
and more popular and useful. With GO-Compass we provide an easy-
to-use visualization tool for this task with the ultimate aim to help
researchers interpret the biology of the systems studied.
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Chapter 5

Uisualizing Cluster Patterns: OmicsTIDE

Mutli-omics data can be integrated using joint clustering in an early
integration approach. This is especially useful for transcriptomics
and proteomics data as they are similar from a data perspective.
OmicsTIDE leverages this property by performing joint clustering of
transcriptomics and proteomics abundance data with shared condi-
tions and visualizes the result.

This chapter includes previously published work on OmicsTIDE [27].
For readability, funding and contact information on the correspond-
ing author have been removed. Figures and tables originally in-
cluded in the supplementary material have been included in the
main text.

OmicsTIDE: Interactive Exploration of Trends in
Multi-Omics Data

51 Flbstract

Motivation: The increasing amount of data produced by omics
technologies has enabled researchers to study phenomena across
multiple omics layers. Besides data-driven analysis strategies,
interactive visualization tools have been developed for a more
transparent analysis. However, most state-of-the-art tools do not
reconstruct the impact of a single omics layer on the integration
result.

Results: We developed a data classification scheme focusing on
different aspects of multi-omics data sets for a systemic under-
standing. Based on this classification we developed the Omics
Trend-comparing Interactive Data Explorer (OmicsTIDE), an in-
teractive visualization tool for the comparison of gene-based
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quantitative omics data. The tool consists of a computational part
that clusters omics data sets to determine trends and an interactive
visualization. The trends are visualized as profile plots and are
connected by a Sankey diagram that allows for an interactive
pairwise trend comparison to discover concordant and discordant
trends. Moreover, large-scale omics data sets are broken down
into small subsets that can be analyzed functionally using Gene
Ontology enrichment within few analysis steps. We demonstrate
the interactive analysis using OmicsTIDE with two case studies
focusing on different experimental designs.

Availability: OmicsTIDE is a web tool available via http://omicstide-
tuevis.cs.uni-tuebingen.de/

52 Introduction

With the advent of high-throughput technologies, it has become
affordable to comprehensively study all entities in one omics layer
of a sample, e.g. all genes, transcripts, proteins, or metabolites.
While studying single omics layers already requires sophisticated
method, analyzing multiple omics layers across several experimental
conditions adds a whole new level of complexity. Therefore, the
demand for methods that integrate and visualize multiple omics
data sets has been steadily increasing over the past decades.

While a data-driven integration can derive interesting relations be-
tween different omics layers, it often is perceived as a black box.
For instance, the impact of single genes or groups of genes on the
integration is not always evident. To overcome this limitation of
purely data-driven methods, different approaches have been devel-
oped [21], [152]. Many of these approaches reduce the complexity
of the data sets by classifying single genes into different categories
based on their “behaviour”. For example, in a data set that deals
with two conditions, a gene could be classified as being up-regulated
in one condition with respect to the other condition. The situ-
ation becomes more complex when more than two conditions are
observed. This requires the application of clustering methods to
obtain representative trends for sets of genes. Here, we define a
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trend in omics abundance data as a set of omics-entities that follow
a distinct trajectory across at least two conditions.

In order to provide a tool that overcomes the current limitations
in the omics visualization field, we first devised a general classifica-
tion system for omics data that categorizes the data to be analyzed
and compared with respect to their data type as well as experimen-
tal design. A detailed categorization preceding an integrated omics
analysis will help to choose a suitable analysis approach. This classi-
fication builds the framework for the Omics Trend-comparing Inter-
active Data Frplorer (OmicsTIDE), a tool that creates a connection
between the single genes and the trends derived from gene-based
quantitative multi-omics data sets including, for example, transcrip-
tomic and proteomic data.

The comparison of trends found in two omics layers is the central
concept of OmicsTIDE, which visualizes trends as profile plots, also
known as parallel coordinate plots [153], and compares trends be-
tween two data sets using a Sankey diagram [154]. OmicsTIDE aims
to identify the same trends in both data sets, therefore, genes are
further grouped into whether they follow concordant (i.e., the same)
or discordant (i.e., different) trends. Moreover, the tool breaks down
large-scale data sets into small subsets within a few steps based on
selecting groups of genes in the Sankey diagram. These subsets can
be functionally analyzed using Gene Ontology enrichment analysis.
By allowing several pairwise comparisons within a single analysis,
OmicsTIDE combines insights from different pairwise comparisons
into one large analysis. We demonstrate the effectiveness of Omic-
sTIDE in two case studies with different experimental designs.

53 Related Work

For this paper, we define a multi-omics tool as a tool that integrates
and visualizes data of two or more omics layers concurrently. In this
related work section, we therefore focus on tools that analyze differ-
ent omics data in a combined instead of a separated or sequential
manner.
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The most straightforward way of visualizing multi-omics data is
mapping them directly to a genome sequence or a pathway. Any
kind of omics data that can be mapped to a genome sequence can
be represented in genome coordinate-based visualizations such as
genome browsers [24]. With tracks stacked upon each other, vari-
ous omics layers can be displayed simultaneously. Similarly, omics
data can be mapped to a pathway ID in a node-link diagram,
where genes, proteins, and metabolites can be shown simultane-
ously [20]. While genome browsers and pathway maps intuitively
visualize multi-omics data, they usually show only a small window
of the genome or a single pathway of interest and are limited to a
small number of conditions that can be displayed simultaneously.

Moreover, various computational methods have been developed
for the integration of multi-omics data, as reviewed by Bersanelli,
Mosca, Remondini, et al. [155] and Huang, Chaudhary, and Garmire
[156]. Often omics data are clustered using advanced clustering
approaches [157], [158], which can be divided into early integration
and late integration approaches. While early integration approaches
first concatenate the data of different omics layers and then cluster
the merged data, late integration methods find patterns in the
features of each layer separately, which can be combined as input
for a regression or classification [84]. For early integration, data
can either be concatenated by omics-features (rows) or conditions
(columns). OmicsTIDE applies an early integration approach by
concatenating two omics data sets by condition and clustering the
concatenated matrix.

Commonly, the results of the integration methods are visualized in
node-link diagrams or in trend visualizations, such as heatmaps and
profile plots. The tool 30mics clusters up to three different omics
layers, e.g. transcriptomics, proteomics, and metabolomics data hi-
erarchically and visualizes the results as a clustered heatmap [21].
Alternatively, it creates correlation networks as node-link diagrams.
A similar heatmap visualization has been implemented in the tool
multiSLIDE, which combines two heatmaps side-by-side compar-
ing transcriptomics and proteomics data [159]. While heatmaps
represent one of the most commonly used approaches for visualiz-
ing abundance data, they can become huge when analyzing a large
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number of genes. Due to their size and because of the usage of the
color encoding, trends may become difficult to determine [160].

Paintomics follows an alternative integration approach for multi-
ple omics layers by associating the omics-features, such as genes,
proteins, and metabolites with their respective KEGG pathways and
conducting pathway enrichment [152]. Each pathway can be ana-
lyzed in detail where the major trends of the associated features in
different omics layers are displayed. However, it does not show to
what degree the single omics-features contribute to the final trend
and trends cannot directly be compared between pathways.

For trend comparison different strategies have been developed. For
instance, an approach to visualize and compare trends was demon-
strated in a study on the comparison of the transcriptomes of Ara-
bidopsis thaliana and Zea mays |161], where trends in orthologous
genes in leaf development were determined and compared. For the
visualization of trends, the authors use profile plots, which are com-
pared between the organisms using a table showing the orthologous
genes overlapping between the trends. This approach provides a
good overview of the trends in the two data sets. However, for the
hierarchical clustering for categorization into discrete trends, clus-
ters have to be separated manually. Moreover, as clustering was
done independently for each data set, there is no inherent concept
for trends having the same or different trajectories in the data sets.
Thus, genes can not be classified as following the same or different
behaviors.

Despite the fact that many tools have been developed to integrate
multi-omics data, approaches integrating the data computation-
ally, while keeping the integration process transparent using an ex-
ploratory visualization are rare. Overcoming this limitation was the
main motivation for the development of OmicsTIDE.
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OVS-A or OVS.A multiple OVS-AVS-D

Figure 5.1: Omics data can be classified in different ways. (a) The
attributes of omics features are either of categorical (e.g. mutations) or
quantitative (e.g. transcript/protein levels) type. (b) Omics data analysis
can also be classified by the experimental design. The analysis typically
includes either the comparison of different conditions in the same omics
layers (inter-condition and intra-omics) or the comparison of data from
different omics layers within the same condition (intra-condition and inter-
omics). (c) The combined analysis of omics data sets can be classified by
whether the data sets can be joined by a common key attribute or not. (d)
The integration of different omics layers can either be done in a pairwise
fashion or by directly comparing multiple layers at once.
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54 Classification of Omics Data

To identify the requirements for a novel multi-omics visualization
tool and to create an abstract representation of the data, we devel-
oped a classification scheme. This classification builds the require-
ment framework for OmicsTIDE. First, omics data can be classified
by the attribute type, which can either be categorical, such as the
different bases of SNPs in genomics research, or quantitative, such
as expression levels of genes, proteins, or metabolites (Figure )

Secondly, comparative omics experiments can be classified by ex-
perimental design, which depends on the research goals (Figure
5.1p). Experiments are often performed within an omics layer
(intra-omics) and between different conditions (inter-condition).
Alternatively, omics experiments can include multiple omics
layers (inter-omics) studying the same biological condition (intra-
condition). In the case studies section we show a use case with an
inter-omics and intra-omics experimental design. The design is
applied to find differences in the transcriptomes of two strains under
the effect of phosphate depletion (intra-omics, inter-condition),
and to study how these differences are reflected in the proteome
(inter-omics, intra-condition) [141).

When the inter-omics approach is chosen as experimental design,
the connection between data sets can be created based on common
keys with which the data sets can be combined or compared (Figure
). If the data sets do not share keys, a direct comparison cannot
be conducted.

For inter-omics experimental designs, the decision on the number of
omics layers determines the subsequent downstream analysis steps
(Figure ) In order to study a given biological question it might
be sufficient to compare two omics layers. More complex questions
might require more than two omics studies (multi-omics) for a more
powerful analysis to find specific patterns in the integrated data sets.
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Figure 5.2: Basic workflow using OmicsTIDE. (a) Either multiple abun-
dance files or a single custom trend-comparison file can be uploaded. (b)
An overview of all conducted pairwise trend comparisons is shown as hor-
izontal stacked bar chart showing the count of genes either being found
in both compared files (intersecting) or only in one of the two files (non-
intersecting). The number of intersecting genes in the bar chart is further
categorized by either following a concordant (blue bar) or discordant trend
(orange bar) in the two compared files. (c) After selecting a pairwise
comparison in the overview visualization the data can be analyzed in the
first-level analysis, consisting of a Sankey diagram comparing trends in
both abundance files. (d) Users can switch between different trend dia-
grams, (e) highlight genes using gene IDs and filter data by abundance
and variance. (f) For a more detailed analysis subsets of genes can be
analyzed in the second-level analysis in detailed profile plots showing the
expression of single genes (y-axis) across conditions (x-axis). Moreover,
second-level analysis includes (g) viewing the NCBI entries of single genes
and GO term enrichment analysis in a bar chart. The x-axis corresponds
to the —log10(FDR) (False Discovery Rate) values and the y-axis corre-
sponds to the significantly enriched GO-tems (FDR < 0.05). The color of
the bars encodes for the term being overrepresented (red) or underrepre-
sented (blue).
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55 Method

Based on the classification scheme and our survey of related work,
we developed four goals for the development of OmicsTIDE:

1. Interpretability: Provide a balance between sophisticated
integration and interpretability for users.

2. Applicability: Focus on data that is widely available. Pro-
teomics and Transcriptomics data are some of the most com-
monly produced data types.

3. Overview-Detail: Provide an overview of the integration,
while also allowing detailed analysis of small subsets of the
data or even single omics-features.

4. Functional analysis: Summarize subsets of omics features
functionally to gain insights about the underlying biological
context.

OmicsTIDE employs pairwise integration of two omics layers (inter-
omics, intra-condition) and the comparison of two data sets within
an omics layer (intra-omics, inter-condition) using a simple concept
of clustering the data into trends of omics features following the
same trajectory (Goal . OmicsTIDE only requires data from one or
two omics layers to produce meaningful results (Goal . The tools
offers a detailed analysis of omics-features of interest identified in
the overview visualization (Goal [3). Groups of omics-features can
be analyzed functionally using GO-term enrichment (Goal .

OmicsTIDE computes and visualizes trends for two-dimensional ex-
perimental designs. The first dimension is represented by the data
sets that are compared, which can be from one or two different
omics layers. The second dimension is represented by conditions
that need to be consistent across data sets, such as time points or
environmental conditions.

The central idea of the visualization approach is to compare trends
occurring in two omics data sets using a Sankey diagram, which
is a graphical representation of flows between sets. The trends of
the different data sets are visualized adjacent to the nodes of the
Sankey diagram. The height of the nodes encodes for the number of
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genes found in the trends, while the thickness of the bands (links)
between the nodes encodes for the number of genes that either show
the same trends (concordant trends) or different trends (discordant
trends) in the two data sets.

Data sets are compared in three major steps referred to as compar-
ison selection, first-level analysis and second-level analysis (Figure
5.2]). The separation of the analysis is reflected in the dynamic tab-
based design of OmicsTIDE, with which new tabs corresponding to
the respective analysis steps can be added. With this design, choices
made in any tab can be reviewed, refined, or removed.

During all steps of the analysis intermediate results can be exported
in CSV format for downstream analysis with other tools. For easy
sharing of the visualizations, they can be exported in PNG or PDF
format.

551 Data Loading and Comparison Selection

OmicsTIDE offers two distinct data input options in form of abun-
dance files or a custom clustering file (Figure ) Users can load
multiple abundance files that are compared in a pairwise fashion
and clustered by OmicsTIDE to obtain trends. Each abundance file
containes genes (rows), conditions (columns) and normalized abun-
dance (cells). After choosing abundance files, users can choose to
restrict the analysis to variant genes by removing genes based on the
percentile range of their variances across different conditions. This
reduces the formation of trends that are influenced by low-variance
genes. Moreover, if more than two data sets are to be analyzed,
the pairwise comparisons of interest can be selected. For fast explo-
ration of the data OmicsTIDE uses k-means. For this, the number
of trends to be derived from the data has to be chosen in a range
between 2 and 10. To make all data sets comparable, OmicsTIDE
applies z-score normalization to each data set prior to clustering. To
guarantee flexibility in the choice of clustering algorithms, users can
upload their own clustering results for a pairwise trend comparison.

For each pairwise combination, OmicsTIDE conducts two separate
trend comparisons: One for the genes found in both data sets (in-
tersecting genes) and one for the genes found only in one of the two
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data sets (non-intersecting genes). While non-intersecting genes are
clustered separately for each data set, for the intersecting genes,
OmicsTIDE makes use of an early integration approach by first com-
bining the two data sets using the shared conditions and then clus-
tering the combined matrix with k-means++ [162]. Therefore, each
gene is associated with two clusters, one for each data set. With
this approach, the genes can easily be classified as following concor-
dant or discordant trends, which represents an intuitive concept for
users.

An overview visualization helps users choose a comparison for the
trend exploration in the first-level analysis (Figure[5.2p). The com-
parisons are visualized using stacked bar charts showing concordant,
discordant, intersecting, and non-intersecting genes and are thus
providing a useful rationale to select a comparison of interest.

55.2 First-level Analysis: Trend Exploration

The first-level analysis tab provides a detailed visualization of the
selected trend comparison of intersecting genes in a Sankey dia-
gram together with profile plots (Figure , Figure, as well as
a sidebar containing controls for interactive features (Figure [5.3]).
The Sankey diagrams shows the size of the gene sets correspond-
ing to the trends (nodes) and how many genes are contained in the
trend intersections, i.e. shared between the trends of the two data
sets (links). The trends, nodes, and links are colored using a set
of categorical colors. A color-gradient is used for the bands tran-
sitioning between the colors of the connected nodes. The gradient
is inverted and shows the color of the left node on the right side
and vice versa to simplify the identification of trends in one data
set connected to a single trend in the other data set by looking at
the corresponding node. A summary of the comparison is displayed
at the top of the visualization, showing the number and percentage
of concordant and discordant genes.

By default, the trends are visualized using centroid profile plots,
which provide an overview by showing the centroid line as well as
the standard deviation of the trend as a band. Alternatively, us-
ing the controls sidebar users can choose profile plots, where each
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Figure 5.3: Screenshot of OmicsTIDE. OmicsTIDE employs a tab-based
design for easy exploration of multiple comparisons. The selected tab
(Intersect 2) corresponds to the intersecting analysis of the second com-
parison. The visualization consists of centroid profile plots representing
trends of genes as well as a Sankey diagram showing the intersections of
trends between the data sets. Each trend represents a set of genes be-
longing to a cluster and a data set. The trends are visualized as centroid
profile plots and colored with a set of categorical colors. These colors are
repeated in the nodes of the Sankey diagram showing the sizes of the gene
sets corresponding to the trends. The bands (links) of the Sankey diagram
encode for the intersections between the trends. The band connecting the
orange and green trend has been highlighted. The color gradient of the
bands is inverted to allow a quick identification of all target nodes be-
longing to a source node. In the sidebar (on the left), interactive controls
allow the user to change plot types of the trends, filter the data, export
results, and search for genes.
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Figure 5.4: First level analysis of non-intersecting genes. For non-
intersecting genes, trends can be visualized as centroid profile plots (as
shown here), profile plots, and box plots. Gene set sizes are shown as
horizontal bar charts, next to the respective profile plots.

gene is plotted as a line for a more detailed view on the composi-
tion of each trend (Figure ) This visualization is more suitable
for a low number of genes since the visualization of a large num-
ber of gene profiles may result in overplotting. As a third option,
the user can study the abundance variation per condition within a
trend in more detail using box plots. In addition to the analysis of
intersecting genes, the trend visualizations are used for analyzing
non-intersecting genes. Since non-intersecting genes do not share
identifiers, they are not connected with a Sankey diagram but only
show trend visualizations and horizontal bar charts to show sizes of
the gene sets corresponding to the trends (Figure.

The nodes and links in the Sankey diagram can be hovered to study
the single trends between the two data sets in more detail. When
a node is hovered, all connected links are highlighted by reducing
the opacity of other elements (focus-on-hover strategy). Hovering
over elements in the visualization updates the detail diagrams ac-
cordingly. This update is facilitated via an animated transition to
visually link the hovering and the data update. Moreover, all con-
cordant or discordant intersections can be highlighted by hovering
over the concordance/discordance summary.
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Users can check their own hypotheses about gene sets of interest,
such as genes from specific pathways, and analyze their behavior
across trends and data sets by highlighting genes of interest by their
gene IDs (Figure ) Users can directly type in one or more gene
IDs into a text field or upload a text file with gene IDs. The profiles
of the genes in the diagram corresponding to the given IDs in the
query are marked in black.

To study the effects of the variance or abundance levels of genes on
the trends, OmicsTIDE can dynamically filter data by the percentile
ranges of the variance or the median abundance of the genes dur-
ing first-level analysis. The variance and the median abundance and
their respective percentiles are calculated prior to z-score normaliza-
tion. The variance filtering in the first-level analysis can be applied
as an alternative or in addition of the variance filtering provided
when loading the data. In contrast to the variance filtering before
loading the data, which is considered a preprocessing step, the filter-
ing in the first-level analysis allows users to explore different ranges
of variances quickly. Additionally, users can filter intersections by
size to remove small intersections from the visualization and to thus
reduce visual clutter.

553 Second-level flnalysis: Detailed Trend flnalysis

Sets of genes corresponding to trends or the intersection of trends
can be analyzed in detail to find, for example, enriched functions,
thus implementing our fourth goal. OmicsTIDE allows users to select
either links or nodes in the visualization to extract subsets of genes.
A table placed in the controls side bar shows the source node and
the target node of each selected link as well as the number and per-
centage of the corresponding genes (Figure , bottom). Thereby,
users can compare the actual numbers of genes corresponding to a
link.

Selected genes can then be analyzed in detail in the second-level
analysis (Figure ) Users can study gene sets on the single-gene
level by hovering the single gene profiles and accessing informa-
tion of an individual gene by clicking and being redirected to the
corresponding NCBI entry. Furthermore, the gene subsets can be



5.6. Case Studies 121

analyzed in a Gene Ontology (GO) context (Figure[5.2). Thereby,
users can find GO terms that are enriched in in the selected sub-
set and form hypotheses about the regulatory processes causing the
patterns. The PantherDB API is used to perform GO enrichment for
the three main GO categories molecular function, biological process,
and cellular component using Fisher’s exact test and a multiple test
correction with False Discovery Rate (FDR) [163]. Users can either
choose to use the whole genome as a background for the enrich-
ment, or only the genes contained in the current first-level analysis,
as certain classes of proteins can, for example, be underrepresented
in proteomics data. The results are visualized as horizontal bar
charts where length encodes for the negative logarithm of the FDR
and color encodes for the term being overrepresented or underrepre-
sented to allow users to quickly identify the most significant results.
Hovering the single bars will show a tool tip with more detailed in-
formation on the corresponding GO term. Clicking on the bar will
open a tab with further information about the GO term on Amigo
(http://amigo.geneontology.org/ ).

554 Implementation

OmicsTIDE is a web-based client-server application that uses
Python for complex computations, such as the trend determination
via clustering in the back-end and Flask for communication with
the front-end |164]. The libraries React (https://reactjs.org/) and
Mobx (https://mobx.js.org/)) are used for the application struc-
ture of the front-end and state-management! The JavaScript
library D3.js is used for creating the visualizations and anima-
tion [146]. The application styles are created using Material-ui
(https://mui.com/). The source code of OmicsTIDE is available at
https://github.com/Integrative-Transcriptomics/Omics TIDE2.0.

56 Case Studies

To demonstrate the applicability of the pairwise trend comparison
approach in OmicsTIDE, we conducted two case studies. In the first
case study, we show how the combined analysis of transcriptomics
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a) Trend “RNA-binding protems b) Trend: Granule Development

Figure 5.5: First-level analysis: Interactively studying the trend compari-
son between the transcriptome and proteome during blood cell differenti-
ation by hovering reveals several concordant and discordant trends.
(a-d) Four trends found by OmicsTIDE were associated with functionally
annotated modules found in the study. The tooltip displays the number
of contained genes.

and proteomics data can be used to extract biologically relevant con-
cordant as well as discordant trends with few clicks only. The sec-
ond case study combines two pairwise trend comparisons to extract
information from both, different experimental conditions and differ-
ent omics layers to demonstrate the synergy that can be achieved
by OmicsTIDE.

56.1 Blood Cell Differentiation in Bone Marrow

Neutrophils are an essential part of the human immune system.
They are differentiated in the bone marrow and released to the
bloodstream. The regulation of the neutrophil differentiation is sub-
ject of the first case study, examining granulopoiesis in vivo .
The experimental design uses both transcriptome and proteome
data from the five differentiation stages (pro)myelocytes (PMs),
metamyelocytes (MMs), immature neutrophils with band-shaped
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nucleus (BN), mature neutrophils with segmented nucleus (SNs)
and the actual peripheral mature neutrophils (PMNs). Here, we
show how OmicsTIDE can be used to efficiently reproduce the find-
ings made by Hoogendijk, Pourfarzad, Aarts, et al. |[165] by explor-
ing the trends between the two omics layers. The data was taken
from the supplementary material that contained quantified tran-
scripts and proteins in the form of Fragments Per Kilobase Million
(FPKM) and imputed logy Label Free Quantification (LFQ) mea-
sures, respectively. The data included four replicates for transcripts
and three replicates for proteins for each of the five conditions. The
analysis was performed on the mean values of all biological replicates
for each condition.

To explore the trends shown by the transcriptome and the proteome
of different blood cell types, the selection of k = 4 initial clusters
resulted in clearly distinguishable trends that are shown as centroid
profile diagrams for either data set resulting in 16 trend intersec-
tions (the maximum possible for k = 4) (Figure [5.5). Similarly,
Hoogendijk, Pourfarzad, Aarts, et al. [165] extracted 12 modules
from the data, which represent combinations of trends in the tran-
scriptome and proteome. The authors combined the modules based
on their main trajectories, such as concordant increasing, concor-
dant decreasing, and increasing in the transcriptome while decreas-
ing in the proteome. They classified the combined modules based
on GO enrichment and the enrichment of specific database entries.

We visually identified four combined modules using OmicsTIDE by
hovering the single links in the Sankey diagram (Figure . As
a next step we applied GO-enrichment analysis using OmicsTIDE
to confirm the classifications. Fitting GO-terms were found for
“RNA-binding protein” (G0:0003723, RNA-binding Figure )
and “Granule Development” (G0:0042581, specific granule, Figure
[5.5b). For “biosynthesis and metabolism” (Figure [5.5¢) we found a
number of terms that are involved in these processes (for example
G0:1901566, GO:0009205, GO:0006754) rather than finding a sin-
gle fitting term. A reason for this could be that “biosynthesis and
metabolism” is a very broad category involving a lot of GO-terms.
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Table 5.1: Comparison of modules created by Hoogendijk, Pourfarzad,
Aarts, et al. [165] with trend intersections created in OmicsTIDE.

Trend

transcriptome Increasing Decreasing Increasing Curved

Trend

Proteome Increasing Decreasing Decreasing Increasing

Function ROS Ma- Biosyn- RNA- Granule de-
chinery thesis and binding velopment

Metabolism proteins

# genes

Hoogendijk et al. 621 1320 212 192

# genes

OmicsTIDE 617 1439 508 270

Intersection 486 1131 177 132

)

The annotation “ROS machinery” could not be solely reproduced
using the GO-enrichment of OmicsTIDE (Figure ), since the au-
thors used a combination of GO enrichment and manual enrich-
ment using other databases specialized on the annotation of human
proteins. To confirm that the underlying gene sets are similar we
compared them manually. Since the authors grouped the modules
into broader categories the sets of concordant genes stemming from
both decreasing trends were merged for OmicsTIDE as well. Over-
all, OmicsTIDE produced 617 increasing concordant genes, while 621
were found in the blood cell study with an overlap of 486 genes (Ta-
ble. This indicates that OmicsTIDE includes a trend intersection
containing a gene set similar to the one annotated with “ROS ma-
chinery”. Similarly, of the 1320 decreasing concordant genes, 1131
could be found in similar patterns in OmicsTIDE (yellow and green
trend, total of 1439 genes). The other modules compared were much
smaller and we found more genes in OmicsTIDE. Yet, we could find
more than 70 % of the genes of each module.

56.2 Transcriptome and Proteome Time Series Data Set
of Streptomyces coelicolor

To demonstrate how inter-omics as well as intra-omics analysis can
be combined using OmicsTIDE, we re-analyzed the data sets of a
study exploring two Streptomyces coelicolor strains with respect
to changes in their metabolisms under phosphate-starving growth
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Figure 5.6: Combination of intra-omics and inter-omics analysis for Strep-
tomyces coelicolor. (a) First-level analysis of the transcriptomes of the
strains M1152 and M145 after focusing on genes with a median abun-
dance above the 80th percentile. A custom list containing genes involved
in the metabolic switch to nitrate respiration under phosphate starvation
has been highlighted (black lines). The green and orange trend show
exactly inverse patterns. (b) First-level analysis of M1152 transcriptome
(left) vs. M1152 proteome (right) trend in the transcriptome. Only a
small fraction of genes follows the same trend in the proteome. Three
trends in the proteome have a peak at a later timepoint than the peak of
the orange trend in the transcriptome.

conditions in a time-course experiment [141]. The Streptomyces
coelicolor strains M145 and M1152 were used to study the role of
biosynthetic gene clusters (BGCs) for the production of antibiotics.
M1152 is a genetically-engineered derivate of the M145 wild-type
strain that was subject to the deletion of different BGCs . For
both strains samples were collected at eight timepoints. Phosphate
was depleted between timepoint 3 and timepoint 4. For each of the
time points, three biological replicates were generated for each omics
layer. Both, transcriptome and proteome data was first quantified
and logp-transformed. Next, the data was normalized by an intra-
strain and intra-omics quantile-normalization across all replicates.
Finally, the mean of the three replicates was calculated.

In OmicsTIDE the four data sets (M145 transcriptome, M1152 tran-
scriptome, M145 proteome, M1152 proteome) were loaded resulting
in six pairwise trend comparisons. For the k-Means clustering k = 4
was chosen since it produced the most clearly distinguishable trends.
We first focused on the comparison of two different strains across a
single omics layer (M1152 transcriptome vs. M145 transcriptome)
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to find differences on the transcript level. The insights from this first
pairwise comparison were then used to study whether these insights
are reflected in the proteome of the mutant strain. In particular
this inter-omics comparison had not been subject to the study of
Sulheim, Kumelj, Dissel, et al. [141].

Intra-Omics: M1152 transcriptome vs. M145 transcriptome

The intra-omics comparison of the M1152 transcriptome and the
M145 transcriptome revealed a total of 7,904 genes that appear in
both data sets, whereof around 55 % follow concordant trends (data
not shown). After applying the abundance filtering to focus on
genes with a high median abundance of above the 80th percentile
in both data sets the shape of the trends becomes clearly visible
(Figure ) Interestingly, the centroid profile plots show that the
green trend and the orange one show the exact inverse trend in the
M1152 transcriptome. The same can be observed for the blue trend
and the red trend. The inverse behavior of the trends is also partly
reflected in the M145 transcriptome. However, about 64 % of the
genes show discordant expression trends, indicating that the effect
of phosphate depletion on gene expression differs between the two
strains.

These findings were investigated in more detail by combining
the trend comparison with information on genes involved in the
metabolic switch to nitrate respiration under phosphate depletion
[167]. The corresponding gene IDs were highlighted in the profile
diagrams (Figure ) Intriguingly, all but one highlighted gene
follow the same trend in the M145 transcriptome and are downregu-
lated until timepoint four (red trend), followed by an up-regulation.
In the M1152 transcriptome the genes are distributed across three
trends, most strikingly the green and orange trend where the
highlighted genes show a peak at time point 4, but go back to the
expression level observed before the depletion.

Inter-Omics: M1152 transcriptome vs. M1152 proteome

We investigated how the patterns of trends co-ouccuring with phos-
phate depletion in the M1152 transcriptome are reflected in the
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Figure 5.7: The inter-omics trend comparison between the transcriptome
and proteome of S. coelicolor M1152. The concordant intersections are
highlighted. While the trends with prominent peaks (blue and orange) of
the transcriptome show little concordance with the Proteome, the more
constantly increasing (green) or decreasing (red) trends show higher inter-
omics concordance.
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corresponding proteome (Figure , Figure . The peaks in
the blue and orange trends of the transcriptome appear shortly af-
ter phosphate depletion and the trends show low concordance with
trends in the proteome. In contrast, the green and red trend show
constantly increasing and decreasing behaviors with high concor-
dance in the proteome. Therefore, we can conclude that the tran-
scriptomic trends with peaks associated with phosphate depletion
are not directly evident in the proteome, while the constant trends
are more concordant in their behavior across the two omics layers.
However, when hovering over the orange trend, we detected that
the remaining three trends in the proteome all share a small peak
at a later time point (Figure[5.6p). Since this small peak appears at
a later time point than the peak in the orange trend of the M1152
transcriptome, it could be further investigated whether this suggests
a time-delayed translation of the protein cognates.

57 Discussion

In this paper, we present OmicsTIDE, an easy to use analysis and
visualization tool for the concurrent exploration of multi-omics data
implementing our goal of interpretability (Goal [)).

In the context of developing OmicsTIDE we also devised a classifica-
tion system for multi-omics data, which offers an underlying frame-
work for our tool, but may also serve useful for future developments
in this field. The interactive trend comparison in OmicsTIDE using
the concept of concordance and discordance emphasizes the simi-
larities and differences between two omics data sets. With this, it
marks an innovation compared to other tools that mainly aim to
integrate a large number of omics data sets to derive a combined
pattern. It should be noted that the pairwise analysis and the multi-
omics integration are not mutually exclusive ways of analysis, but
rather complement each other.

OmicsTIDE uses a Sankey diagram to compare trends across data
sets. With this visualization, concordance and discordance between
trends can be intuitively explored. The trends are either visual-
ized using centroid profile plots, profile plots, or boxplots. While
centroid profile plots visualize an overview of the profile, detailed
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profile plots show every gene separately. With this detailed visu-
alization it is easier to track the behaviour of single genes. Profile
plots are especially useful if the order of conditions is inherent, such
as time series [160]. In contrast, boxplots do not assume that the
conditions are ordered and are, therefore, better suited for cate-
gorical data. Moreover, they focus on visualizing the distribution of
values at each condition. This is especially useful to identify outliers
or for assessing consistency across replicates.

To compute trends from multi-omics data, OmicsTIDE uses an early
integration approach by first concatenating and then clustering the
data. Currently, for the clustering k-Means++ is applied in Omic-
sTIDE. In addition, OmicsTIDE can use any early integration clus-
tering uploaded manually by the user. While we were able to show
that applying k-means extracts the main trends which can clearly
be distinguished, we plan to implement more sophisticated cluster-
ing algorithms, such as dbscan [168] or iCluster [169] in a future
version. Such approaches might prevent biased trends, especially if
the number of genes in one of the compared data sets is very high
compared to the other data set. To counteract this bias, we analyze
intersecting and non-intersecting genes separately, which guaran-
tees an equal number of genes for both data sets in the intersecting
analysis.

The ability of OmicsTIDE to extract and compare trends was demon-
strated in two case studies using different experimental designs. In
the first case study, the integrated analysis of transcriptome and
proteome data shows that OmicsTIDE can derive the most impor-
tant information in few steps leading to findings similar to the ones
in the original study. These findings were further consolidated by
a manual comparison of the genes extracted from the intersections
of the trends in OmicsTIDE and the modules defined by the authors
of the publication. Although the modules could not be reproduced
perfectly in OmicsTIDE due to the much simpler clustering approach,
between 70 % and 85 % of the genes found in the respective modules
agreed with the trends identified in OmicsTIDE.

The second case study applies a more complex experimental de-
sign enabling an intra-omics as well as inter-omics comparison. As
OmicsTIDE provides the option of combining different pairwise omics
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data comparisons within a single analysis according to our third
goal, trends could be analyzed in the intra-omics as well as the
inter-omics comparison while keeping an overview of all involved
data sets. The exploration of the Sankey diagram using the focus-
on-hover strategy could show that the trends initially found in the
intra-omics analysis (the transcriptome comparison) are also re-
vealed in the proteome. In summary, the parallel analysis of intra-
and inter-omics data in OmicsTIDE leads to easily interpretable ex-
pression trends and possible hypotheses.

In OmicsTIDE, we compare data sets using shared keys (e.g., gene
IDs), which facilitates the comparative visualization of trends. In
a future version, a pairwise comparison between omics layers not
sharing keys and an advanced comparison of non-intersecting genes
could be achieved by linking keys using meta-information, such as
common pathway IDs.

With OmicsTIDE we present a tool for initial exploration and
hypothesis generation, which complements advanced statistical
or machine-learning methods. The choice of additional analysis
methods depends on the generated hypothesis. Yet, in future
versions, we plan to integrate methods for statistical validation of
the extracted trends.

OmicsTIDE is designed in particular for biologists; its user interface
creates clear default views that show the concordant and discor-
dant patterns in omics abundance data in a pairwise manner. The
simple input format (numerical matrices) leads to great flexibility
in OmicsTIDE as it can perform inter-omics as well as intra-omics
comparisons, thus allowing for example also the comparison of two
transcriptomic, proteomic, or metabolomic data sets as well as the
analysis of complex mixed-omics experimental designs.
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Chapter 6

Uisualizing Cohorts: OncoThreads

Multi-omics data is of more and more relevance in medical research.
Especially in cancer research, many different types of data are stud-
ied for large cohorts to characterize the different types and stages
of the disease. Defining subgroups of cohorts based on multi-omics
data can help understand the underlying mechanisms and develop
more targeted treatments.

This chapter includes previously published work on OncoThreads
presented at ISMB 2021 [28]. For readability, figures originally in-
cluded in the supplementary material have been included in the
main text. References to the supplementary video, available in the
supplementary material of the publication have been removed. The
published correction about a figure doubled in the manuscript has
been applied directly to the text.

OncoThreads: visualization of large-scale longi-
tudinal cancer molecular data

61 Flbstract

Motivation: Molecular profiling of patient tumors and liquid biop-
sies over time with next-generation sequencing technologies and new
immuno-profile assays are becoming part of standard research and
clinical practice. With the wealth of new longitudinal data, there is
a critical need for visualizations for cancer researchers to explore and
interpret temporal patterns not just in a single patient but across
cohorts.

Results: To address this need we developed OncoThreads, a tool
for the visualization of longitudinal clinical and cancer genomics and
other molecular data in patient cohorts. The tool visualizes patient
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Figure 6.1: A schematic view of the components of OncoThreads. Molec-
ular data can be visualized in two separate views, the block view (a), which
aligns shared events of patients as blocks and the timeline view (b), which
shows a timeline for each patient. Features of interest can be found and
selected in the Feature Explorer (c) and added to the Feature Manager
(d), which supplies them to the visualization. The application also enables
feature modification using different types of transformations depending on
the type of the feature (e).

cohorts as temporal heatmaps and Sankey diagrams that support
the interactive exploration and ranking of a wide range of clinical
and molecular features. This allows analysts to discover temporal
patterns in longitudinal data, such as the impact of mutations on
response to a treatment, e.g. emergence of resistant clones. We
demonstrate the functionality of OncoThreads using a cohort of 23
glioma patients sampled at 2-4 timepoints.

Availability: Freely available at http://oncothreads.gehlenbo
rglab.org. Implemented in Javascript using the cBioPortal web
API as a backend.

62 Introduction

New profiling technologies, including next generation sequencing,
have significantly expanded our molecular understanding of cancer.
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Projects such as The Cancer Genome Atlas (TCGA), the Interna-
tional Cancer Genome Consortium (ICGC) and the Human Tumor
Atlas Network (HTAN) have set out to comprehensively character-
ize tumor samples by generating multi-omic data sets which support
the identification of molecular subtypes and new, targeted treatment
opportunities [36]-[3§].

These projects have sparked the development of new tools to visu-
alize and explore these large data sets, including: the cBioPortal
for Cancer Genomics, a widely used platform for the analysis and
visual exploration of cancer genomic data sets [104], [L05]; genomic
browsers like UCSC Xena [103] and others [24]; and cohort visualiza-
tion tools like StratomeX [154], [170], [171].

Despite the advancement of cancer-specific visualizations and por-
tals, temporal visualizations are often lacking. cBioPortal offers
a temporal view for individual patients which supports a range of
data types, including procedure and treatments [104], [105]. An-
other temporal visualization is the “fishplot”, which shows the de-
velopment of tumor subclones in an individual over time [172], [173].
However, neither approach scales well for entire cohorts, as subclone
evolution is highly individual and cohort visualizations with individ-
ual patient timelines become cluttered even for a small number of
patients and time points. Tools like EventFlow [174] and Decision-
Flow [175] tackle this problem by aligning shared events in cohorts
in blocks with transitions between events displayed as flows. An-
other approach has been implemented by Perer et al., where events
in a cohort are grouped into timepoints and displayed in matrices
showing the co-occurrence of events [176]. While these approaches
are useful for analyzing event sequences, as well as for selecting and
comparing cohorts [177], they do not integrate multiple features for
events, such as mutation data and expression data for sample col-
lection events. A more flexible block-based technique is Domino,
which is a visualization technique for the creation of multiple con-
nected visualizations [178|. Despite not being developed specifically
for temporal data, a wide range of temporal visualizations can be
implemented and modified directly in the tool. However, due to its
high flexibility and the novel underlying concept, it is difficult to
apply for users who are not visualization experts.
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OncoThreads was designed for cancer researchers and developed to
address the lack of temporal cohort visualization tools, which specif-
ically integrate multiple molecular data types and clinical data. On-
coThreads provides exploratory visualizations of longitudinal can-
cer molecular data across patient cohorts and supports a wide range
of biological data types, including mutations, copy number alter-
ations, mRNA expression and protein expression. Furthermore, On-
coThreads offers a temporal cohort visualization based on heatmaps
and Sankey diagrams as well as a timeline overview for all patients.
Moreover, it provides a feature explorer to discover features of in-
terest - variables that are defined for each patient and timepoint,
such as tumor stage or mutation burden - and feature modification
in order to adjust their visual representation and facilitate interpre-
tation. We demonstrate the ability of OncoThreads to enable the
exploration of longitudinal cancer molecular data in a comprehen-
sive case study with a cohort of 23 glioma patients (Section .
Moreover, we assess the usefulness of the design sprint approach
[179] for the development of exploratory visualizations.

63 Meterial &§ Methods

6.31 0OncoThreads Overview

OncoThreads enables researchers to dynamically visualize longitu-
dinal clinical and molecular data across an entire patient cohort,
allowing for the identification of patterns in cancer evolution. For
example, researchers can visualize tumor stage, mutations, mRNA
expression levels or tumor mutation burden at multiple timepoints
for an entire patient cohort. The application consists of several
components for the selection of features and temporal visualization

(Figure [6.1)).

OncoThreads displays time as a vertical flow from top to bottom
in order to accommodate large patient cohorts, which are presented
horizontally. The selected features can be visualized in two sepa-
rate views. In the block view, samples and events are aligned in
blocks in order to show general event patterns of the cohort over
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Figure 6.2: Visualization operations in OncoThreads. Blocks represent
timepoints, which are ordered vertically. (a) Heatmap view with multi-
ple sample-level clinical features (Mutation Count, MGMT Status, and
Neoplasm Histologic Grade). Patients are connected by lines. Multidi-
mensional sorting is applied to the second timepoint, which is primarily
sorted by Neoplasm Histologic Grade, while the secondary order is given
by the other features. Patients in the other blocks have been aligned based
on the order of this timepoint. (b) The same data with all blocks grouped
by MGMT Status. Grouped blocks show proportions of patients instead
of single patients. Within the primary grouping (MGMT status) the other
features are grouped as well. Bands show the proportion of patients tran-
sitioning between feature values of two blocks.
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time (Figure[6.1h). The timeline view shows a timeline for each pa-
tient reflecting the actual temporal distance between samples and
events (Figure ) A user can alternate between these two views
as data is explored. In order to keep track of the exploration, every
action is saved in an accessible log and undo/redo functionality is
provided. Additionally, users can export the current view, includ-
ing detailed metadata about the displayed features, in multiple file
formats (PNG, PDF or SVG).

Data can either be loaded using the cBioPortal API or local files.
With the Feature Explorer, features can be ranked and selected
according to attributes, such as their variability over time (Figure
). Additionally, features can be transformed in the Feature Man-
ager, for example, to change a feature’s color scale or to convert a
continuous feature to an ordinal feature by binning or to aggregate

genes into gene sets (Figure ,e).

6.3.2 Block View

The main visual element of the OncoThreads cohort visualization
is a block. OncoThreads supports two types of blocks: timepoint
blocks and event blocks. A timepoint block represents the samples
of a patient cohort at a certain timepoint with associated clinical,
genomic, or other molecular data (for example, samples acquired at
initial and recurrent surgeries, or prior to and following a therapy).
An event block represents events that occur between two timepoints
(for example, treatment with a drug). Timepoint blocks are always
visible, while event blocks can be added as desired; when both are
visible, event and timepoint blocks alternate (Figure , also see
Section . The rows of a block represent a set of features. Upon
loading a study, data within the blocks is visualized as a heatmap.
Data within blocks can be rearranged to explore the data by sorting
the entire heatmap with respect to a feature at a specific timepoint,
or transforming it into a Sankey diagram by grouping.

Sorting enables the exploration of the distribution of values of a
feature. Fach block can be sorted individually with respect to a
feature (called the primary feature). Since sorting may change the
order of the patients to be different across timepoints, the connecting
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lines are curved and may cross. In order to eliminate crossing lines,
the patients can be realigned with respect to the patient order in
any of the blocks (Figure ) Moreover, we also implemented
multidimensional sorting, which sorts based on multiple features
at once. When a block is sorted repeatedly by different features,
the previous order of patients is retained and applied in case of
ambiguities. This can be seen in Figure [6.2h, where the second
timepoint is sorted by all three features.

The block view visualization can be transformed iteratively into
a Sankey diagram by grouping timepoints to analyze the data as
groups of patients rather than individual patients (Figure [6.2p).
A grouped block shows information about the proportions of pa-
tients based on the primary feature, rather than showing individual
patient data (see also the case study in Section . It therefore
represents an aggregated view, while the heatmap shows the data
in more detail. Due to the independent grouping and ungrouping of
blocks, detail can be viewed selectively for certain timepoints, while
others stay grouped and show proportions. Furthermore, grouping
is especially useful for large cohorts since it might not be possible
to visualize the entire cohort as a heatmap depending on the screen
width.

If the primary feature is categorical, the proportions in grouped
blocks are displayed as horizontal bars with widths corresponding
to the size of the proportion. The proportions and distributions of
other features are shown within the groupings of the primary feature
to allow a comprehensive comparison of the compositions of differ-
ent grouped blocks. Values of continuous features are summarized
by visualizing their distributions using color gradients or boxplots.
For continuous features many patients have unique values, which
would lead to one patient per group. Consequently, a continuous
feature has to be binned before grouping to transform it into a cat-
egorical feature as described in Section A Sankey diagram is
created whenever two adjacent blocks are grouped. The connection
between blocks changes to bands showing the fraction of patients
transitioning between the proportions of the blocks. To highlight
that the bands originate from the primary feature and not from the
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last row of the grouped block, the colors of the primary feature are
repeated as a proxy at both ends of the connections (Figure [6.2p).

By default, patient samples are aligned with the first available time-
point for each patient as the first timepoint in the visualization.
However, a cohort may have variability in the first available time-
point, or it may be of interest to analyze a cohort relative to an
event instead, such as the administration of a treatment. Therefore
we implemented flexible timepoint alignment. Patient columns can
be selected in an ungrouped block and moved up or down using a
context menu. Section shows how this functionality is applied
in a sample data set.

In order to track a subset of patients in the visualization, On-
coThreads allows a user to select individual patients as well as
groups of patients. The selected patients or patient groups are
highlighted in all blocks and bands allowing the user to gain an un-
derstanding of the composition of a subset of patients in all blocks
simultaneously.

6.3.3 Timeline View

In the timeline view, data is visualized as a series of adjacent vertical
timelines, one timeline for each patient. Users can switch between
the block view and the timeline view to analyze different aspects of
the data. The timeline view can address questions such as the rela-
tionship between the duration of a therapy and time to progression.
In this view, only one feature is displayed for each sample. Differ-
ent events are encoded using different colors, and the duration of
an event is encoded by the length of the bar (Figure [6.1p). Similar
to the block view, patients can be selected interactively. Selected
patients are retained in both views. Therefore, patients can be an-
alyzed as an aligned cohort in the block view and their temporal
patterns can be viewed by switching to the timeline view.

6.3.4 Feature Operations

OncoThreads supports a wide range of data types, including gene-
specific data like mutations or expression as well as clinical data,
which may be timepoint- and patient-specific or just patient-specific.
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Clinical data is pre-loaded upon study selection, while gene-specific
data is queried on-demand using the HUGO gene symbol and the
datatype of interest. OncoThreads includes a Feature Manager to
transform features and change the order of currently displayed fea-
tures. Additionally, a Feature Explorer is provided for the discovery
of features to be added to the visualization via guided exploration
[171]. For convenience, known features of interest can also be se-
lected using a drop down menu in the toolbar of the visualization.

Feature Manager

Features are added to the view exactly as the data is provided, which
may not be optimal for visualization. For example, application of a
log scale might enhance the interpretation of continuous data with
a wide range of values or combining multiple genetic features can
enable pathway-based analysis. Therefore, the Feature Manager
enables users to transform features (Figure [6.1d,e). All currently
displayed features can be modified. Continuous features can be
log transformed or binned to transform them to an ordinal feature,
categorical features can be converted to ordinal features and vice
versa, and binary features can be inverted. Moreover, features of the
same kind can be combined. For example, binary features encoding
for the presence of mutations in specific genes can be combined using
a Boolean operator in order to quickly identify patients or groups
of patients showing a combination of these mutations. In addition,
every feature can be renamed and the color scale can be changed.
The Feature Manager also enables changing the order of the features
in the view, either manually or through sorting by an attribute like
datatype, source (clinical, expression, mutation etc.), or name. In
Section we demonstrate the usage of the feature operations in a
case study.

6.3.5 Feature Explorer

The Feature Explorer supports guided exploration and selection of
features (Figure ¢). It provides an overview of all clinical fea-
tures and any genomic or molecular features that have been added,
including range for continuous features, or data types, data source
etc. In addition, the Feature Explorer provides variability scores
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Figure 6.3: The framework shows four basic steps for feature exploration
(i) Column scores and row scores can be selected to assess both variability
within timepoints and across timepoints for each feature in the Feature
Explorer. Scores are calculated for each timepoint or patient and aggre-
gated using a method of choice (grey box). (ii) Features can be ranked
by the calculated scores using LineUp . (iii) Features of interest can
be selected in LineUp and added to the visualization.
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Figure 6.4: The examples in (a) and (c) show high variability within a
timepoint, but no variability across timepoints for categorical and numer-
ical data. Examples in (b) and (d) show the opposite pattern.

to highlight features that may be of biological interest due to high
variability within a timepoint or across timepoints. These scores are
measures of statistical dispersion that indicate the extent to which
a distribution is stretched or squeezed. Users can select different
scores using a drop down menu and can see the ranking of every
feature based on these scores (Figure . This ranking is shown
with an interactive technique called LineUp which helps users
prioritize features, evaluate them, and understand any correlations
among them. Similarly to StratomeX [154], [171], features can be
selected in LineUp and added to the visualization.
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We examine two types of variability of features in OncoThreads:
within timepoint and across timepoints (Figure . Variability
within a timepoint examines how consistent the data for a feature
is across all patients at each timepoint. Variability across timepoints
examines how a feature changes over time for individual patients.
Figure shows data with high within timepoint variability, but
low variability across timepoints. In contrast, Figure [6.4p shows
low variability within timepoints and high variability across time-
points. A similar concept can be applied for numerical data (Figure
,d). However, different methods are required to calculate vari-
ability scores for the different data types.

Variability scores can be calculated both within timepoints (row
scores) and across timepoints (column scores). We can aggregate
these scores to obtain a single score for every feature. For example,
consider a feature in four timepoints. We can calculate variability
scores for this feature for each timepoint. These scores can then be
aggregated to a single score by selecting the maximum, minimum
or average of the four timepoint scores (Figure . Scores for all
features can be compared within the Feature Explorer, allowing a
user to rank features and find correlations among them. ModVR
measures variation around the mode [181]. It is a standardized form
of the variation ratio, a measure of statistical dispersion in nominal
data, or the proportion of cases which are not in the “mode” cate-
gory. The ModVR values range from 0, indicating low variability, to
1, indicating high variability. The Coefficient of Unalikeability mea-
sures variability for categorical data. It represents the proportion
of observations that differ. The higher the value, the more unalike
the data are [182]. The Coefficient of Variation (CV) is the ratio
of the standard deviation to the mean. A CV less than 1 indicates
low variance, whereas a CV greater than 1 indicates high variance.
For categorical features the Rate of Change is the number of values
that changed relative to the total number of value transitions. For
continuous features it represents the rate of the average change to
the observed range. Developers can implement additional scores for
this extensible ranking framework.
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Design Process

We employed the design sprint methodology [179] to enable our
multi-institutional team to develop consensus goals as well as to
obtain user feedback prior to undertaking a full development and
implementation process. We also set out to evaluate the success of
applying a design sprint to visualization problems. We performed
the design sprint with a group of six people with backgrounds in
biology, biomedical informatics, and visualization over five consec-
utive days, for 6 hours each day. The overall goal for our effort
was to “develop the ‘go-to’ visualization approach for longitudinal
cancer molecular data through an agile framework that will have
measurable technical and scientific impact.”

As part of the process, we interviewed three cancer researchers for 30
minutes each in addition to the authors to identify the most impor-
tant challenges that needed to be addressed, which raised questions
such as: “How might we visualize an entire cohort over time?”;
“How might we integrate multiple data types into one visualiza-
tion?”; “How might we define timepoints?”, and “How might we
enable the flexible analysis of a cohort relative to any event, e.g.
diagnosis or treatment?”

We examined existing tools and visualization strategies, including
StratomeX [154], Domino [178], streamgraphs and Sankey diagrams;
these inspired sketches from which we decided to utilize heatmaps
and Sankey diagrams as the core components of the visualization.
The visualization consists of connected blocks with the rows rep-
resenting multiple features at different points in time. In order to
facilitate finding patterns in the data, users can switch between the
heatmap and the Sankey diagram as well as sort the visualization by
a chosen feature. We reviewed an existing cancer evolution study
[183] and used one of its main findings to define a path through
the data which we could implement as a prototype of linked slides
with the presentation software Apple Keynote. Given the time con-
straints of the design sprint, the prototype allowed for just a single
path, rather than all possible paths of exploration.

We tested the prototype with four cancer researchers, all of whom
successfully arrived at the scientific conclusion that we intended and
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found the tool useful overall. However, users also identified many
opportunities for improvement; the primary issues were that users
struggled due to the limited interactivity of the prototype and that
the Sankey visualization in the prototype was confusing and did not
provide an advantage over the heatmap.

Based on the feedback we received, we made two major changes
to the concept: (i) instead of sorting the whole visualization by a
single feature, we enabled independent sorting for each block, and
similarly (ii) transform from a heatmap to a Sankey diagram iter-
atively by grouping blocks individually. The independent sorting
and grouping of blocks prevents the visualization from changing too
quickly, which we identified as a potential reason for misinterpre-
tation of the prototype visualization. Moreover, selectively viewing
blocks in detail enhances the exploration by adding flexibility.

6.3.6 Flvailability and Implementation

OncoThreads is a web application available at http://oncothread
s.gehlenborglab.org and its source code is available at https:
//github.com/hms-dbmi/oncothreads under the MIT license.
OncoThreads is implemented in JavaScript using the libraries React
(https://reactjs.org/), mobx (https://mobx.js.org) and D3
(https://d3js.org/)) [146] for the application structure, state
management, and visualization respectively. React-bootstrap (ht
tps://react-bootstrap.github.io) has been used to apply
bootstrap styles to the React components. We retrieve data from
the cBioPortal using their REST (Representational State Transfer)
API with the promise-based library axios (https://github.com
/axios/axios). Additionally, OncoThreads can be obtained as an
Electron app (https://electronjs.org) available for download
at https://github.com/hms-dbmi/oncothreads/releases.

64 Results: case study in low-grade glioma co-
hort

In a study by Johnson et al., the authors explored the genomic
evolution of low-grade glioma by analyzing a cohort of 23 patients
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Figure 6.5: Exploring the glioma data set of a study by Johnson et al..
(a) Overview of the exploration. (b) Detailed view of the final step. Time
is vertical, and two timepoints are shown. We can observe that most
patients are classified as grade Il at timepoint 1, and that most patients
progress to grade Ill or IV at timepoint 2. Further, all patients with a high
mutation count received prior TMZ treatment and methylation of MGMT
and mutations in mismatch repair genes co-occur with high mutation count
(magenta box).
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Figure 6.6: First step of example analysis of glioma data using On-
coThreads. Four time points are displayed vertically, along with two fea-
tures at each time point: Neoplasm Histologic Grade and overall mutation
count. Timepoints 1 and 2 are grouped by Neoplasm Histologic Grade.
Visual inspection shows that all patients are grade Il at timepoint 1, but
many develop a higher grade tumor at later timepoints. Grade IV tumors
at timepoint 2 are also associated with increased mutation rate (high-
lighted in magenta outline).

with samples from an initial resection as well as one or more recur-
rences . Samples were profiled with whole-exome sequencing
and patients were clinically annotated. Among the findings of the
paper was the impact of the chemotherapy temozolomide (TMZ)
on low-grade gliomas; in six patients, tumor samples acquired af-
ter treatment with TMZ showed hypermutation and progression to
high-grade glioblastoma in the context of MGMT silencing and loss
of mismatch repair.

Figure illustrates specific steps in an exploration of the data
from Johnson et al. that demonstrates how the features of On-
coThreads support the discovery of relevant subgroups within the
patient cohort. After selection of the relevant data set (“Low-Grade
Gliomas (UCSF, Science 2014)”), a single feature, neoplasm histo-
logic grade, is automatically rendered in the block view. By using
the Feature Explorer and applying the Rate of Change score, we
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Figure 6.7: Second step of an example analysis of glioma data using On-
coThreads. TMZ treatment has been added and the event block between
timepoints 1 and 2 has been grouped by TMZ. Most patients showing a
high grade have been treated with TMZ (highlighted in magenta outline).

find that several features, including mutation count, show variabil-
ity over time and are therefore especially interesting for analyzing
differences between initial resection and recurrence. To explore the
temporal patterns in more detail, we add mutation count and group
both timepoints 1 and 2 by neoplasm histologic grade. This allows
us to visualize specific trends in the data; for example, we observe
that all patients have grade II tumors in the first timepoint block,
but many develop a higher grade tumor at later timepoints. We also
observe significantly increased mutation counts in grade IV tumors
at timepoint 2 (Figure . We can now ask what factors may have
influenced tumor development from grade II to grades III and IV.

In the Feature Manager we add temozolomide treatment (TMZ),
and subsequently group the event block between timepoints 1 and
2 by TMZ treatment. We can then see that there is a notable flow
from patients receiving TMZ to patients having a high grade in
the second sample, suggesting that TMZ treatment may result in
a higher grade recurrence (Figure . To further assess the effect
of TMZ treatments for all patients, we realign the entire cohort
relative to the treatment. We also want to see if the patients who
received TMZ and developed a high grade recurrence also have a
high mutation count. Since mutation count is a continuous feature,
we have to bin it first to transform it into a categorical feature as
described in Section Based on the distribution of mutations
indicating that there are six samples exhibiting very high mutation
counts, we create bins for low (< 150 mutations) and high (>=
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Figure 6.8: Third step of an example analysis of glioma data using On-
coThreads. Patients have been realigned based on TMZ treatment, and
mutation count has been binned into high and low. All patients with a
high mutation count were treated with TMZ and have a grade IV tumor
(highlighted in magenta outline).

150 mutations) mutation counts. Based on this exploration we can
formulate the hypothesis that TMZ treatments correlate with high
mutation count and grade IV at recurrence (Figure .

Given this correlation between TMZ treatment and increased muta-
tional burden, we next look for additional evidence to functionally
connect these two features. TMZ is a mutagen, and TMZ-induced
mutations are believed to be mitigated by MGMT protein and the
mismatch repair pathway [184]. Leveraging the available molecu-
lar data, we add additional tracks to show the mutational status of
mismatch repair pathway genes MLH1, MSH6 and MSH3, and then
use the Feature Manager to combine those tracks into a single track
showing the overall mismatch repair pathway mutation status. We
also add a track showing the MGMT methylation status of each
sample. Now, examining those samples with high mutation count
following TMZ treatment, we see that all samples show methylation
of MGMT, indicating silencing of the gene and subsequent lack of
protein, and almost all have mutations in mismatch repair pathway
genes, which together support a potential causative role for TMZ in
inducing hypermutation in these tumors (Figure )
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65 Discussion

651 Fpplication

The results of the case study demonstrate how the visual explo-
ration features of OncoThreads support users in efficiently generat-
ing testable hypotheses and identifying supporting evidence through
an effective combination of visualization and data integration tools.
For example, OncoThreads helps researchers to explore the influ-
ence of a specific treatment on tumors in an entire patient cohort
and to find patterns for the prediction of the outcome of a therapy.
Furthermore, it may be used to discover patterns of genetic predis-
positions which can affect the effectiveness of a drug or help analyze
the effects of different drug dosages.

Currently, OncoThreads utilizes variation around the mode
(ModVR) for categorical data, and variance or coefficient of varia-
tion for numerical data [185] to rank features based on variability
(Figure 1c). However, these variability scores are implemented
in an easily extensible framework, such that additional scores or
aggregation approaches can be added, for example, calculating the
variability score of a single timepoint rather than the aggregate
across all timepoints to enable a query like “How do the features
compare to each other based on their variability in timepoint 27”

In the future, additional user interactions could trigger more com-
plex queries in OncoThreads. An example of such a query could
be: “Find all features that show a similar pattern in a specific time-
point”. Such a query would help users to identify correlations among
features. In addition to queries involving sample features, event fea-
tures could be taken into account in scoring functions to evaluate
their relationship to sample features of subsequent timepoints. In
general, these scoring mechanisms could guide users to features that
provide additional insights and to generate new hypotheses.

With the undo and redo operation OncoThreads allows going back
to previous steps during the exploration process. Yet, when a new
action is performed after undoing, the previous path of exploration
is lost. Therefore, it would be desirable to incorporate visualization
provenance approaches such as Vistories [186] or Trrack [187]
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into OncoThreads. In those approaches the user’s actions are saved
in a graph that captures all relevant interactions. Therefore, it is
possible to go back to parts of the exploration that would be lost
in regular undo/redo implementations. Moreover, those approaches
allow the presentation of the results of the exploration by enabling
the creation of a “replay” that communicates the results by showing
certain steps of the exploration with annotations.

In the future, we plan to improve scalability in the number of fea-
tures and timepoints. One promising direction is to integrate se-
quential pattern mining and clustering techniques into the visual
exploration of longitudinal patient data. These techniques can ef-
fectively learn patterns from complex sequential data and facilitate
the identification of disease states. Moreover, we plan to enhance
the representation of patient specific data, as well as tumor hetero-
geneity. Although OncoThreads has been developed specifically for
cancer data, it can also be applied to many other kinds of multidi-
mensional temporal data.

6.52 Design Sprint

To our knowledge, the design sprint technique has not been docu-
mented for the development of a biomedical data visualization tool
before. In the examples described by Knapp et al., the design sprint
methodology is used for the development of tools and products with-
out exploratory functionality [179]. For example, when a website is
designed for selling a product there are a few well defined steps that
a user has to conduct to purchase the product. In contrast, an ex-
plorative visualization can be used in many different ways and no
clear endpoint is defined. Therefore, we recommend adapting the
technique to visualization problems, especially to deal with the com-
plexity of modeling their exploratory and interactive nature. For
example, defining the workflow of the planned tool before conduct-
ing user interviews might introduce bias in the downstream process.
It might be more useful to define required steps without specifying
their order. Moreover, during prototyping, it is likely not feasible
to implement all possible exploratory steps in the given timeframe,
so we had to limit the exploration to one path. Similarly, time for
sketching needs to be increased. Nevertheless, we found that the
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approach can be applied effectively to efficiently develop and test
ideas despite the complexity of the data and to create a shared vi-
sion for the team. While the design sprint technique allowed us
to get early feedback from users, a validation of OncoThreads with
an insight-based evaluation approach [188] could provide more in-
formation about the quality of the hypotheses generated with On-
coThreads.
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Chapter 7

Uisualizing Networks: ProtEGOnist

Small-world networks, such as protein-protein interaction networks
or gene co-ocurrence networks, are common in biology. The central
property of small-world networks is the high clustering coefficient
and low distances. This means that the shortest path between any
two nodes is comparatively short as the network contains central
nodes with many interactions. Visualizing small-world networks
as simple node-link diagrams often leads to hairballs, which led to
the creation of the Bio+MedVis Challenge 2023. This challenge
asked for contributions comprehensively visualizing a large Protein-
protein interaction network while being able to also focus on single
proteins of interest and their interactions. The approach ProtE-
GOnist presented in this chapter was the winner of this challenge.
It solves this challenge by aggregating the network into ego-graphs,
which reduces its size and provides a structured network layout.

This chapter includes previously published work on ProtEGOnist,
presented at the EuroVis Conference 2024 [29]. For readability,
funding information has been removed and figures originally in-
cluded in the supplementary material have been included in the
main text. Supplementary Figure S2, showing a larger cutout of

the table displayed in has been removed.

ProtEGOnist: Uisual Analysis of Interactions in
Small World Networks Using Ego-graphs

71 Flbstract

Visualizing small-world networks such as protein-protein interac-
tion networks or social networks often leads to visual clutter and
limited interpretability. To overcome these problems, we present
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ProtEGOnist, a visualization approach designed to explore small-
world networks. ProtEGOnist visualizes networks using ego-graphs
that represent local neighborhoods. Ego-graphs are visualized in
an aggregated state as a glyph where the size encodes the size of
the neighborhood and in a detailed version where the original net-
work nodes can be explored. The ego-graphs are arranged in an
ego-graph network, where edges encode similarity using the Jaccard
index. Our design aims to reduce visual complexity and clutter
while enabling detailed exploration and facilitating the discovery of
meaningful patterns. To achieve this, our approach offers a net-
work overview using ego-graphs, a radar chart for a one-to-many
ego-graph comparison and meta-data integration, and detailed ego-
graph subnetworks for interactive exploration. We demonstrate the
applicability of our approach on a co-author network and two dif-
ferent protein-protein interaction networks. A web-based prototype
of ProtEGOnist can be accessed online at https://protegonist-t
uevis.cs.uni-tuebingen.de/.

72 Introduction

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 [189],
[190]. A famous example of this property is the idea of the 6-
handshakes rule also known as siz degrees of separation, stating
that every person in the world only has a distance of a maximum
of six handshakes from any other person [191], [192].

The small world property is also prevalent in many biological net-
works [193] like protein-protein interaction (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 by edges. Tradition-
ally, two proteins are considered interacting if they bind physically.
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However, the concept is often extended to other indirect connec-
tions, 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 di-
agrams or matrix representations |194]. Links in our case represent
any type of interaction, e.g., interacting proteins or “interacting” re-
searchers 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 [195]. Moreover, the sheer number of nodes and in-
teractions makes it challenging to find nodes of interest and do a
targeted comparison of their neighborhoods.

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 per-
son’s happiness [196] and their ability to find a job [197]. 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 an-
alyzing metabolic pathways. This is, e.g., important in PPIs show-
ing physical interactions. It has been shown that proteins with the
same interaction partners rarely interact directly [198]. Common
path lengths for PPI networks are between four and five [199], thus,
contacts with a distance higher than two tend to cover very large
portions of the network [200].

To study such local subnetworks around nodes of interest, ego-
graphs can be used [201]. 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 [202], i.e., “friends-of-friends” networks.
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Figure 7.1: ProtEGOnist uses ego-graphs for the visualization of small-
world networks (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. (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.
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We developed ProtEGOnist, a novel visualization approach for the
exploration of small-world networks that uses 2-level ego-graphs
to aggregate local neighborhoods represented by glyphs. (Figure
. Initially, ProtEGOnist was submitted as a contribution to the
Bio+MedVis Challenge 2023 [203| for redesigning the visualization
of a specific PPI network by Gongalves et al. [204]. The challenge
data set included a PPI network together with protein-drug associ-
ations predicted using a deep learning approach developed by the
authors called DeeProM. The original visualization was a static fig-
ure (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 the network that includes overviews as well as detailed visual-
izations that are enriched with metadata. Moreover, the challenge
specified the need to focus on specific proteins and explore their re-
lationship. Based on the visualization of this data set, ProtEGOnist
was awarded as the best contribution to the Bio+MedVis Challenge
2023.

Our contributions can be summarized as follows: we present a uni-
versal approach for the exploration of small-world networks with
many thousands 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 . To achieve this, Pro-
tEGOnist creates a network of ego-graphs from an input interaction
network and uses specifically designed glyphs to visualize these ego-
graphs . 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 exploration from an overview level down to
analyzing subsets of ego-graphs, comparing up to three ego-graphs
in detail, and inspecting single ego-graphs (subsection 7.4.3)). Using
the taxonomy proposed by Filipov et al. [194], 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 Tazonomy by Vehlow et al. [205], we would de-
scribe ProtEGOnist as an owerlapping hierarchical structure, which
they found only in a single approach.
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We demonstrate the effectiveness of our approach using three exem-
plary use cases. The first one is a co-author network built from IEEE
VIS authors [206], i.e., a social network (subsection 7.5.1). The
other two show that our approach can be used for domain-specific
data sets, such as visualizing PPI networks: we applied ProtEGO-

nist to a PPI network of Escherichia coli (subsection 7.5.2) and

a human PPI with metadata on drug-protein associations provided

for the Bio+MedVis Challenge 2023 (subsection 7.5.3|).

73 Related Work

Simple node-link diagrams are the most commonly used visualiza-
tion techniques for networks [207]. They are, e.g., popular for vi-
sualizing PPIs and are used by STRING [22| and the well-known
network visualization tool Cytoscape [208]. Although node-link di-
agrams are conceptually intuitive and powerful for visual analysis,
they quickly suffer from overdraw, layout problems, and clutter for
larger networks [195].

Therefore, approaches beyond force-directed node-link diagrams,
different layouts [209] including hierarchical layouts [210], on-node
encodings [211], and hybrid network visualizations [212], [213] have
been developed. As an in-depth review of the vast literature on
network visualization is beyond the scope of our paper, we refer to
the recent state-of-the-art reports by Filipov et al. [194] and Nobre
et al. [207].

To reduce the amount of clutter created by the edges, various ap-
proaches are used. Edges can be partially indicated [214] or even
omitted completely. 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 draw-
ing the edges in full on-demand [215]. Moreover, edge bundling can
be used to use topological or semantic information to merge edges
into bundles [216], [217]

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
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information to generate containment for groups sharing specific at-
tributes [215], [218]. These approaches depend on semantic meta-
data 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,
increasing readability [219]. In one such example, Vehlow et al. [220]
visualize 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 membership-heterogenicity using the fuzziness of
the shape.

Alternative techniques go further by substituting glyphs for other
standalone visualization types, like adjacency-matrices [212],
chord diagrams [213| or customizable plots such as line- and bar-
charts [211]. While these approaches aim at visualizing groups
in general, specialized visualization types have been developed
for ego-graphs, aiming at displaying their inherent hierarchical
structure with an ego and alters. The EgoComp approach uses a
hybrid network visualization for comparing ego-graphs in social
networks [221]. It applies both an implicit hierarchical 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 dy-
namic graphs, as shown in a recent review by Kale et al. [222].
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 [223] circular
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glyphs [224], radial layouts [225], [226], linear layouts [202], [227]
as well as combinations of the aforementioned approaches [228§].
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, argu-
ing that the design serves as a “metaphor of an ego surrounded by
alters” [224]. This metaphor corresponds to a radial approach to vi-
sualizing target-based graphs, where the center node of the node-link
diagram effectively considers the graph as the root of a rooted tree.
It is an approach commonly found in the literature [229]-231], es-
pecially in literature focused on ego-graph visualization [221], [232],
[233]. Differently, EgoLines is an example of a technique applying
non-circular layouts when comparing an ego-graph at different states
of a dynamic network [202]. 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 [203]. The STRING database [30] is
a popular resource for PPI networks. It uses different interaction
types to calculate a confidence score for each protein-protein inter-
action. Ego-graphs are shown when searching for a protein of inter-
est [22]. 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 [234]
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 [235], which identifies disease subnetworks.
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EgoNet can be applied to PPIs where each protein is associated with
protein abundances (also called protein expression) at different clin-
ical 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.

74 Flpproach

Based on the Bio+MedVis Challenge 2023 [203] and aided by the
task taxonomy for graph visualization by Lee et al. |236], we iden-
tified the following tasks for the development of ProtEGOnist:

Overviews can provide a starting point for the analysis [95], es-
pecially in previously unexplored data sets 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 PPT is of special interest. Van Ham and Perer [237]
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 neighborhoods of nodes of interest and need to find
the nodes accessible from these nodes (Topology-Based Task - Ac-
cessibility).

Moreover, we want to empower users to find similarities between
nodes, for example, by estimating the overlap between meta-nodes.



160 Chapter 7. Visualizing Networks: ProtEGOnist

We also want to allow for a more meaningful and in-depth com-
parison 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.

Based on these described tasks, we identified the following require-
ments 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 visual-
ization in comparison to force-directed node-link diagrams like the
one of the Bio+MedVis Challenge.

741 Ego-graph Concept & Uisualization Design

We address the requirements defined above with ProtEGOnist us-
ing ego-graphs. Interaction networks consist of nodes representing
entities, such as proteins in PPI networks or people in social net-
works, and edges representing 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,
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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 comparatively small
set of ego-graphs is sufficient to cover a relatively large set of nodes
of the original network . The glyphs provide additional details
about the ego-graphs contained in the network and their relation to

each other (R2R3]).

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 7.2p).

The detailed glyph (Figure 7.2, 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 the alters
as well as the ego circle are colored to represent their node-degree
in the network (few interactions T3l many interactions). To avoid
clutter, the interaction edges of the alters are only shown on hover.
The aggregated glyph (Figure 7.2, 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 . The font size is scaled with the
size of the glyph, and the text labels are automatically discarded if
the glyph is too small.
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Figure 7.2: Ego-graphs and ego-graph networks, the concept of
ProtEGOnist. (a) A single ego-graph can be visualized in detail or aggre-
gated. 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 T3 many interactions). The interac-
tion 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.
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The glyphs can also be used as the nodes of an ego-graph network
, 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, ) 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 . The groups show the ego-graphs as
detailed glyphs and the numbers of shared alters as identity bands
(Figure 7.2c). 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 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 correspond-
ing 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 sin-
gle 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 . Thus, distinct subsections
within the sections emerge, facilitating the location of shared nodes
with a specific distance to the different egos.
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742 Glyph and Ego-Graph Group Redesign

As an initial idea for the submission to the Bio+MedVis Challenge,
we followed the approach implemented in egoComp [221], in which
alters shared between two ego-graphs are connected using edges
(Figure 7.3h). While this is feasible for comparing two ego-graphs
in detail, we encountered 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 propor-
tions 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, identity edges could not easily be
distinguished from similarity edges. Furthermore, alters were en-
coded 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 (Fig-
fire 7.3b), 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 visualization 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 indi-
vidual 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 , 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
subsection 7.4.1] Furthermore, as individual identity edges are no
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Figure 7.3: Different concepts for visualizing ego-graph groups: (a) First
concept as submitted to the Bio+MedVis Challenge 2023. Nodes are en-
coded 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.

longer drawn, more advanced sorting criteria could be introduced
for the segments leading to a natural partitioning into subsections.

743 VUisual Interface & Application Design

ProtEGOnist uses three main visualization components (Fig-

re 7.1): a simplified overview of the original network showing
a static ego-graph network ), a radar chart showing
information about ego-graphs similar to one specific ego-graph
(Figure 7.1p), and an ego-graph subnetwork (Figure 7.1¢), 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 (Fig-
fire 7-Ta, [R1)). Depending on the data set, the set of most relevant
ego-graphs is already known (section 7.5, DeeProM use case). For

a general solution, we propose the following algorithm to extract an
informative subnetwork of relevant nodes: provided that the input
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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.
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Figure 7.4: 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% 3 100%). A node is colored orange ® when it
has been selected for visualization in the subnetwork view. A yellow node
represents the current ego selected for the radar chart visualization.
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network has the small-world property, it is possible to cover a large
portion of nodes and edges with a comparatively small subset of
ego-graphs. That is, the problem can be translated into the Set
Cover problem. Since this is an NP-hard problem [238], 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 7.4). 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.
Following 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 vi-
sualized in the radar chart. Ego-graph glyphs in the overview that
are not selected are colored using a white-to-gray gradient, illus-
trating the percentage of nodes in the ego-graph that are contained
in the ego-graph subnetwork (0% 3 100%). 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.

Radar Chart

The radar chart provides information about a metadata attribute of
egos whose ego-networks are similar to the one of the selected ego.
7 . Similar to the aggregated glyphs, each circle rep-
resents 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 al-
ters it shares with the selected ego. This places the radar chart
in close relation to the concept of monadic exploration [239]. The
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Figure 7.5: Similar ego-graphs to a reference ego-graph (radar center) in
a co-authorship 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.
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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 cen-
ter 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 associated with the
egos, such as author affiliation in a co-author network or the BRITE
functional hierarchy in the case of proteins [64]. 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 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

Ego-graph Subnetwork

Ego-graphs selected in the overview or the radar chart are visual-
ized in the ego-graph subnetwork ), showing different
levels of details of the respective ego-graphs. As mentioned in
Bection 741, the ego-graphs are initially visualized using the aggre-
gated glyphs, but can be de-aggregated to the detailed glyphs on
demand [R3). The color of each aggregated ego-graph
glyph in this view encodes a quantitative metadata value associated
with the ego (min value T3 maz value). Up to three connected

ego-graphs can form an ego-graph group, as explained in
Eon 777

Selection Table

Groups of nodes in ego-graphs or intersections can be selected for
investigation in the selection table (Figure 7.7), shown on demand
using a menu button. The table contains additional attributes for
each node, such as metadata 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 contain-
ing the attributes. The user can select any node for visualization in
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Figure 7.6: 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 iden-
tical nodes within an ego-graph group.

Il COLUMNS Tu FILTERS

B Radar nodelD instituti D N Citations Found in Ov...
O @ Kwan-Liu Ma University of Califo.. 73 1931 Yes
O @ M. Eduard Gréller TU Wien, Austria 69 1680 No
@ Huamin Qu Hong Kong Univer... 68 2615 Yes
O @ Arie E. Kaufman Department of Co.. 61 788 Yes
@ Hanspeter Pfister John A. PaulsonS.. 60 3568 Yes
@ Nanial A Kaim lnivarsity nf Konet &R U Vas

Figure 7.7: Excerpt of the selection table showing the top 5 entries of
the co-author data set (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.
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the ego-graph network and the radar chart. For a detailed analysis
of intersections between ego-graphs, the user can select the cor-
responding intersection band in the ego-graph subnetwork, which
allows to filter and sort the table by this subset.

744 Implementation

We implemented ProtEGOnist as a web-based application with
a client-server architecture. The server backend was written in
Python using Flask [143]. The user interface and the visualizations
in the frontend were mainly implemented in TypeScript using Re-
act [144], Jotai [240|], Material-UI [241], and D3 [146]. In the back-
end, we use the Python library networkX [242] for the extraction of
relevant features from the graph structure. ProtEGOnist is available
at https://protegonist-tuevis.cs.uni-tuebingen.de/|

75 Use Cases

In this section, we demonstrate the applicability of our approach us-
ing three use cases. The first one shows the utility of ProtEGOnist
and the interaction of its components for exploring a co-author net-
work. 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 ex-
ample data set 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 data sets.

751 Co-author network

To showcase the usefulness of our ProtEGOnist approach for explor-
ing social networks, we applied it to the Visualization Publications
data set [206]. This data set contains all publications of the IEEE
VIS conference (SciVis, InfoVis, VAST) and its predecessor sym-
posia 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
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metadata were extracted directly from the data, and the citation
count provided by CrossRef [243] 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 Qwverview, the user can determine that the nodes for
Huamin Qu, Hanspeter Pfister, and Wei Chen are the largest,
indicating that they have the largest number of 1st and 2nd-degree
coauthors . We selected these three nodes for
the ego-graph subnetwork view, which helps to visually compare
node sizes (R2). The color mapping (0 28 maz) in the ego-graph
subnetwork reveals that they all have a high number of publications
. 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 #b5, respectively. Interestingly, Chen is
only #13 , 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 Groller—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 . One reason for the
comparably large co-author ego-graph of Chen might be his joint
publications 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 . It also shows that
the ego-graph of Chen contains researchers from institutions from
all over the world.

752 lac operon in E. coli Protein-Protein Interaction Net-
work

For protein-protein interactions, specific proteins and their context
are often of interest. In the bacterium FE. coli, the lactose operon
(short lac operon) is a well-studied set of proteins that is required
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Figure 7.8: 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.
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Figure 7.9: Visualizing the /ac operon of E. coli using a node-link diagram
created with Cytoscape (a). lacZ, lacA, and lacY are colored in ®, ® and
©, respectively. Nodes of distance one are colored @ while the ones of
distance two are colored ®. 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 /acl is hovered and shown in all ego-graphs.
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for the metabolism 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 F. coli as
found in the STRING database [22] and demonstrate the effect of
the ego-graph layout for analyzing three proteins in detail . As
a baseline, we loaded the PPI network into Cytoscape |208]. Figure
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 cre-
ated using the Cytoscape StringApp [244]. 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
ire 7.9). 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 oc-
cluding edges.

In comparison, with ProtEGOnist the neighborhood of the lac
operon proteins can be grouped into three ego-graphs (Figure
7.9b). Strikingly, we 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 inves-
tigated, for example, the relationship of the lac operon and the
citrate cycle. The citrate cycle is one of the central metabolic path-
ways providing energy to the cell. When comparing the ego graphs
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Figure 7.10: 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.

of lacZ and aceF, a pivotal enzyme in the citrate cycle, by investi-
gating the respective degree-1 alters we can see that they only have

multi-degree associations (Figure 7.10)).

753 Human DeeProM Protein-Protein Interaction Net-
work

We used the current version of ProtEGOnist to analyze the data
set by Gongalves et al. originally provided for the Bio+Med-
Vis 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.
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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 7.11: Network overview for the DeeProM data set. The set of 91
ego-graphs is based on the proteins identified by Goncalves et al [GPC*22]
as part of the 108 most-prominent protein-drug associations of their data
set. 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.
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Analysis Using ProtEGOnist

For the overview, the ego-graphs of 91 proteins identified in the orig-
inal publication to have relevant drug-protein associations were cho-
sen . 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 . The metadata
loaded into ProtEGOnist containted the drug-protein associations
and the BRITE classification of the proteins.

Using ProtEGOnist, the results of DeeProM can be explored, open-
ing 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 se-
lected as an ego-graph group . The lesser connected
protein SMARCC1 has been identified as a suppressor in some types
of cancers [245], while the others act as possible drug targets or can-
cer biomarkers [246]-[248]. All three proteins are associated with
the BRITE class Spliceosome, i.e., these proteins are involved in
the maturation of mRNA before translation [249]. This association
is even more prominent when inspecting the proteins PPIH and
RBM39 using the radar chart . In the ego-graph
group, similarities of the highly connected ego-graphs can be ex-
plored 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 7.12: Ego-graph subnetwork for all proteins of the overview net-
work 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).
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Figure 7.13: Radar charts for the proteins (a) PPIH and (b) RBM39.
The closer the circles are to the center of the radar chart, the more similar
the ego-graphs.

Expert Feedback

Due to the positive outcome of the Bio+MedVis Challenge
2023 [203], we contacted the authors of the DeeProM data set
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 data set using ProtEGOnist. Subsequently, we
provided a structured questionnaire of ten questions based on the
System Usability Scale (SUS) framework [151] and further open-
ended questions. The expert that evaluated our tool had explored
similar data sets using visualizations provided by STRING [22] and
Reactome |250]. ProtEGOnist was assessed as slightly cumbersome,
but they considered the complexity of our approach necessary, and
its learning curve not steep. Overall, the expert enjoyed the explo-
ration 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 additional arbitrary
metadata, the pathway annotations were added as a new column
to the selection table by adapting the input data.
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76 Discussion

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 concept can be applied to data sets 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 con-
trast to the conventional node-link diagram, ProtEGOnist allows
us to immediately