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Abstract
Biomedical research models often simplify complex biological processes, with each fo-
cusing on one specific molecular mechanisms. For example, genomics can examine the
heritable genotype of an organism, while the phenotype refers to the observable traits
or characteristics of an organism resulting from the interaction of its genotype with the
environment. However, a single data source is often insufficient to explain complex
genotype-phenotype relationships due to analysis bias. To address this, the integration
of multiple omics data sources, multiomics, provides a more comprehensive approach.
Nevertheless, some omics analysis techniques still rely on reference-based methods,
which can introduce reference bias and complicate the discovery of accurate genotype-
phenotype relationships. Pangenome models offer a solution by relating a representative
set of genomic sequences within a population. Pangenome graphs, in particular, store
both the shared and variant regions of a set of genomes in one data structure. The con-
tributions of this thesis lie in two different fields: Multiomics and pangenomics. On the
multiomics side this thesis showcases the explorative power of integrative multiomics
for genotype-phenotype validation and discovery in cancer immunotherapy. Through
cell surface molecule profiling of cancer cell panel data, and integration with transcrip-
tomics and proteomics data, I identified potential cancer-specific markers. I validated
biomarker candidates using public data to highlight the importance of comprehensive
multiomics analysis and data integration for discovering and validating cancer-specific
biomarkers. On the pangenomics side this thesis explores two main research questions.
First, to overcome the reference bias and implementation limitations of existing pange-
nome graph construction pipelines, I developed a cluster-efficient, reference-free pipeline
to build pangenome graphs, enabling comprehensive genomic diversity studies. The sec-
ond research question addressed the need to efficiently visualize and analyze pangenome
graphs. Therefore, I developed a new layout algorithm that enables efficient visualiza-
tion of pangenome graphs at the gigabase scale. Additionally, I implemented methods
for detecting complex regions, manipulating structure, annotating, and performing ex-
ploratory analysis, which allow for comprehensive analysis of these graphs at the same
scale. This enables researchers to examine the genotype-phenotype relationships en-
coded in gigabase-scale pangenome graphs in an unbiased manner. The results of this
work show that integrating data from different biological origins improves interpreta-
tion and uncovers relationships that single data sources cannot, effectively mitigating
analysis bias. The models proposed and the results presented in this doctoral thesis con-
tribute to advancing current knowledge towards improved genotype-phenotype discovery
in biomedical research.
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Kurzfassung
In der biomedizinischen Forschung nutzen Wissenschaftler häufig vereinfachte Model-
le, die sich auf spezifische molekulare Mechanismen konzentrieren und von den tat-
sächlichen biologischen Prozessen abweichen. So untersucht die Genomik den vererb-
baren Genotyp, während der Phänotyp die durch die Umwelt beeinflussten Merkmale be-
schreibt. Einzelne Datenquellen reichen oft nicht aus, um komplexe Genotyp-Phänotyp-
Beziehungen zu erklären, da sie Verzerrungen verursachen können. Die Integration meh-
rerer Omics-Datenquellen, Multiomics, kann dies mildern, wobei referenzbasierte Me-
thoden jedoch weiterhin zu Verzerrungen führen können. Pangenom-Modelle bieten eine
Lösung, indem sie genomische Variationen innerhalb einer Population abbilden. Pan-
genom-Graphen speichern dabei sowohl gemeinsame als auch variable Regionen von
Genomen in einer Datenstruktur. Diese Dissertation leistet Beiträge in den Bereichen
Multiomics und Pangenomics. Im Bereich Multiomics wird das Potenzial der integra-
tiven Analyse zur Entdeckung und Validierung von Genotyp-Phänotyp-Beziehungen in
der Krebsimmuntherapie aufgezeigt. Ich identifizierte krebspezifische Zelloberflächen-
moleküle durch die Integration von Zelloberflächenprofilen mit Transkriptomik- und
Proteomikdaten und validierte Biomarkerkandidaten mit öffentlichen Daten. Dies un-
terstreicht die Bedeutung der Multiomics-Analyse für die Entdeckung und Validierung
von Biomarkern in der Krebsforschung. In der Pangenomics behandle ich zwei Hauptfra-
gen: Erstens entwickelte ich eine cluster-effiziente, referenzfreie Pipeline zur Konstrukti-
on von Pangenom-Graphen, um Referenzverzerrungen und Implementierungsgrenzen zu
überwinden. Diese Pipeline ermöglicht umfassende Studien zur genomischen Vielfalt ei-
ner Population. Zweitens befasste ich mich mit der Notwendigkeit, Pangenom-Graphen
effizient zu visualisieren und zu analysieren. Daher entwickelte ich einen neuen Layout-
Algorithmus, der eine effiziente Visualisierung von Pangenom-Graphen im Gigabasen-
maßstab ermöglicht. Zudem implementierte ich Methoden zur Erkennung komplexer Re-
gionen, Strukturmanipulation, Annotation und explorativen Analyse, die eine umfassen-
de Analyse dieser Graphen auf demselben Maßstab ermöglichen. Dies erlaubt Forschern,
die Genotyp-Phänotyp-Beziehungen in Gigabasen-Skalierung Pangenom-Graphen un-
voreingenommen zu untersuchen. Die Ergebnisse dieser Arbeit zeigen, dass die Inte-
gration von Daten aus verschiedenen biologischen Quellen die Interpretation verbessert
und Beziehungen aufdeckt, die einzelne Quellen nicht offenbaren können. Dadurch wer-
den Analyseverzerrungen effektiv gemildert. Die entwickelten Modelle und Ergebnis-
se tragen zur Verbesserung des Wissens über die Entdeckung von Genotyp-Phänotyp-
Beziehungen in der biomedizinischen Forschung bei.
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graphs. bioRxiv 2023.
https://doi.org/10.1101/2023.04.05.535718
Accepted at Nature Methods.

My contributions: I co-developed the pipeline, co-wrote tests and documenta-
tion, helped with testing, contributed to Figure 1, wrote Section A1, made Figure
A1, and contributed to paper writing and editing.

Author contributions: Project conception was done by EG. Project guidance was
given by EG, SN, NS, VC, RWW, and PP. The tool was developed by EG, AG,
SH, SMS, and MNM. EG, AG, SH, FV, ZB, LT, JH, SV, CK, KT, RLRP, AAG,
SN, ZY, MNM, FLN, HC, JL, and PHS tested the software. Quality evaluation
was conducted by EG, AG, LT. Experiments were designed by EG. Experiments
were executed by AG. Documentation was written by AG and SH. Parameter
settings was evaluated by SV. Algorithmic development was done by SMS. High
Performance Computing environments were managed by PP. In the following the
contributors of each pangenome: Mus musculus, Rattus Norvegicus: FV, DGA,
HC, VC; Tomato: ZB; S. cerevisiae, S. paradoxus: LT, GL; Soy G. max: JH; A.
thaliana: SV, CK, ZB, DW; Helicobacter pylori: KT, ER; Neisseria mingitidis:
JL; SARS-CoV-2: MNM; E. coli, Coliphages: FLN, YW; Primates: PHS. EG,
AG, SH, VC, RWW, and PP wrote and edited the manuscript draft together to its
final form.

2. Wen-Wei Liao*, Mobin Asri*, Jana Eble*, Daniel Doerr, Marina Haukness, Glenn
Hickey, Shuangjia Lu, Julian K. Lucas, Jean Monlong, Haley J. Abel, Silvia Buon-
aiuto, Xian H. Chang, Haoyu Cheng, Justin Chu, Vincenza Colonna, Jordan M.
Eizenga, Xiaowen Feng, Christian Fischer, Robert S. Fulton, Shilpa Garg, Cristian
Groza, Andrea Guarracino, William T. Harvey, Simon Heumos, Kerstin Howe,
Miten Jain, Tsung-Yu Lu, Charles Markello, Fergal J. Martin, Matthew W. Mitchell,
Katherine M. Munson, Moses Njagi Mwaniki, Adam M. Novak, Hugh E. Olsen,
Trevor Pesout, David Porubsky, Pjotr Prins, Jonas A. Sibbesen, Jouni Sirén, Chad
Tomlinson, Flavia Villani, Mitchell R. Vollger, Lucinda L. Antonacci-Fulton, Gun-
jan Baid, Carl A. Baker, Anastasiya Belyaeva, Konstantinos Billis, Andrew Car-

* indicates equal contribution
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roll, Pi-Chuan Chang, Sarah Cody, Daniel E. Cook, Robert M. Cook-Deegan,
Omar E. Cornejo, Mark Diekhans, Peter Ebert, Susan Fairley, Olivier Fedrigo,
Adam L. Felsenfeld, Giulio Formenti, Adam Frankish, Yan Gao, Nanibaa’ A. Gar-
rison, Carlos Garcia Giron, Richard E. Green, Leanne Haggerty, Kendra Hoekzema,
Thibaut Hourlier, Hanlee P. Ji, Eimear E. Kenny, Barbara A. Koenig, Alexey
Kolesnikov, Jan O. Korbel, Jennifer Kordosky, Sergey Koren, HoJoon Lee, Alexan-
dra P. Lewis, Hugo Magalhães, Santiago Marco-Sola, Pierre Marijon, Ann Mc-
Cartney, Jennifer McDaniel, Jacquelyn Mountcastle, Maria Nattestad, Sergey Nurk,
Nathan D. Olson, Alice B. Popejoy, Daniela Puiu, Mikko Rautiainen, Allison A.
Regier, Arang Rhie, Samuel Sacco, Ashley D. Sanders, Valerie A. Schneider, Baer-
gen I. Schultz, Kishwar Shafin, Michael W. Smith, Heidi J. Sofia, Ahmad N. Abou
Tayoun, Françoise Thibaud-Nissen, Francesca Floriana Tricomi, Justin Wagner,
Brian Walenz, Jonathan M. D. Wood, Aleksey V. Zimin, Guillaume Bourque, Mark
J. P. Chaisson, Paul Flicek, Adam M. Phillippy, Justin M. Zook, Evan E. Eichler,
David Haussler, Ting Wang, Erich D. Jarvis, Karen H. Miga, Erik Garrison, To-
bias Marschall, Ira M. Hall, Heng Li, Benedict Paten. A draft human pangenome
reference. Nature 617 (2023), 312–324.
https://doi.org/10.1038/s41586-023-05896-x

My contributions: I contributed to the development of algorithms and software in
PGGB, and to the pangenome graph construction with PGGB.

Author contributions: Pangenome empirical analysis and pangenome quality
control: W-WL, DD, MH, GH, CM, J Monlong, HJA, JMZ, EEE, TM, IMH, PM,
JW. Paper writing: W-WL, MA, JE, DD, MH, GH, SL, J Monlong, RSF, SG, T-YL,
MWM, AMN, HEO, TP, JAS, MRV, G Bourque, KHM, EG, TM, IMH, BP, REG
and LH. Paper editing: W-WL, DD, MH, GH, XHC, HC, AG, AMN, PP, AMP,
EEE, EDJ, KHM, EG, EEK, TM, IMH, HL, BP, OEC, PE, GF, ANAT, AVZ. As-
sembly creation: MA, JKL, HC, AMP, HL, D Puiu, AAR, AVZ. Assembly quality
control and assembly reliability analysis: MA, JKL, HC, JC, SG, K Howe, TP,
D Porubsky, CT, MRV, AMP, JMZ, EEE, KHM, HL, REG, SK, J McDaniel, SN,
NDO, D Puiu, MR, AAR, AR, VAS, KS, FT-N, JW, BW, JM DW, ABP. Pange-
nome applications (structural variants): JE, GH, HJA, WTH, PP, EEE, TM, HPJ,
HM. Pangenome graph creation: DD, GH, AG, SH, MNM, FV, EG, YG, SM-S.
Data coordination and management: MH, JKL, RSF, WTH, MJ, CT, AMP, EDJ,
KHM, TW, LLA-F, SC, MD, SF, REG. Transcriptome and annotation: MH, JME,
FJM, MRV, MJPC, KB, MD, AF, CGG, LH, TH, FFT. Pangenome applications
(small variants): GH, J Monlong, CM, AMN, PP, JMZ, G Baid, AB, AC, P-CC,
DEC, HPJ, AK, MN, KS, JW. Pangenome visualization and complex loci analysis:
SL, JC, CF, AG. Population genetic analysis: SB, AG, VC. Sample selection: XF,
KMM, AMP, EEK, EEE, KHM, SF, JOK. Sequencing: RSF, MJ, MWM, KMM,
HEO, AMP, EEE, EDJ, KHM, CAB, OF, REG, K Hoekzema, JOK, JK, APL, J
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Mountcastle, SS, ADS. Pangenome applications (ChIP-seq analysis): CG and G
Bourque. Principal investigator and laboratory organizer within the HPRC: MJ,
MWM, MJPC, PF, EEK, AMP, EEE, DH, EDJ, KHM, TW, TM, BP, REG, VAS.
Pangenome applications (VNTR analysis): T-YL and MJPC. Pangenome applica-
tions (RNA-seq analysis): JAS and JME. Development of algorithms and software:
JS, HPJ, HL, GH, AMN, PP, AG, SH, DD, MNM, FV, EG, YG, SM-S, HL, JME,
JAS, BP, TM, XHC. Ethical, legal and social implications: RMC-D, NAG, BAK,
AM, ABP. Programme organization: ALF, BIS, MWS, HJS.

3. Jordan M. Eizenga, Adam M. Novak, Jonas A. Sibbesen, Simon Heumos, Ali
Ghaffaari, Glenn Hickey, Xian Chang, Josiah D. Seaman, Robin Rounthwaite,
Jana Ebler, Mikko Rautiainen, Shilpa Garg, Benedict Paten, Tobias Marschall,
Jouni Sirén, Erik Garrison. Pangenome Graphs. Annual Review of Genomics and
Human Genetics 21, 1 (2020), 139-162.
https://doi.org/10.1146/annurev-genom-120219-080406

My contributions:
I made Table 1 and contributed to Sections 4.4 and 6.1 and Figure 2.

Author contributions: JME wrote Sections 4.5, 6.2, 6.3, and 8.1; made Table 2;
and helped revise the article. AMN wrote Section 6.1, contributed to Section 6.3,
and helped revise the article. JAS wrote Sections 8.2 and 8.3 and contributed to
Section 6.3. SH made Table 1 and contributed to Sections 4.4 and 6.1 and Fig-
ure 2. AG made Figure 1. G.H. contributed to Section 8.1. XC contributed to
Section 6.3. JDS contributed to Table 1 and contributed significantly to Section
6.1. RR contributed to Section 4. JE contributed to Section 8.1. MR contributed to
Section 8. SG contributed to Section 8.2. BP provided guidance and opinion. TM
contributed to Sections 1, 2, and 6.2. JS wrote Section 5. EG organized the work;
wrote Sections 1–3, 7, and 9; made Figures 2 and 3; and helped revise the article.

4. Jordan M. Eizenga, Adam M. Novak, Emily Kobayashi, Flavia Villani, Cecilia
Cisar, Simon Heumos, Glenn Hickey, Vincenza Colonna, Benedict Paten, Erik
Garrison. Efficient dynamic variation graphs. Bioinformatics 36, 21 (2020), 5139-
5144.
https://doi.org/10.1093/bioinformatics/btaa640

My contributions:
I implemented some ODGI subcommands (pathindex, server, panpos), optimized
one (bin), and wrote the whole documentation for ODGI.
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1.3 Additional Publications
1. Gisela Gabernet, Susanna Marquez, Robert Bjornson, Alexander Peltzer, Hailong

Meng, Edel Aron, Noah Y. Lee, Cole Jensen, David Ladd, Friederike Hanssen,
Simon Heumos, nf-core community, Gur Yaari, Markus C. Kowarik, Sven Nahn-
sen, Steven H. Kleinstein. nf-core/airrflow: An adaptive immune receptor reper-
toire analysis workflow employing the Immcantation framework. PLOS Compu-
tational Biology 20, 7 (2024).
https://doi.org/10.1371/journal.pcbi.1012265

My contributions:
When the pipeline development started, I helped to get the initial docker image
running and edited the manuscript.

2. Amr Aly, Zsofia I. Laszlo, Sandeep Rajkumar, Tugba Demir, Nicole Hindley, Dou-
glas J. Lamont, Johannes Lehmann, Mira Seidel, Daniel Sommer, Mirita Franz-
Wachtel, Francesca Barletta, Simon Heumos, Stefan Czemmel, Edor Kabashi, Al-
bert Ludolph, Tobias M. Boeckers, Christopher M. Henstridge, Alberto Catanese.
Integrative proteomics highlight presynaptic alterations and c-Jun misactivation as
convergent pathomechanisms in ALS. Acta Neuropathologica 146 (2023), 451-
457.
https://doi.org/10.1007/s00401-023-02611-y

My contributions:
I performed curation, quality control, and differential analysis of the proteomics
and phosphoproteomics data. I edited the manuscript.

3. François Vasseur, Denis Cornet, Grégory Beurier, Julie Messie, Lauriane Rouan,
Justine Bresson, Martin Ecarnot, Mark Stahl, Simon Heumos, Marianne Gérard,
Hans Reijnen, Pascal Tillard, Benoît Lacombe, Amélie Emanuel, Justine Floret,
Aurélien Estarague, Stefania Przybylska, Kevin Sartori, Lauren M. Gillespie, Eti-
enne Baron, Elena Kazakou, Denis Vile, Cyrille Violle. A perspective on plant
phenomics: coupling deep learning and near-infrared spectroscopy. Frontiers in
Plant Science 13, 836488 (2022).
https://doi.org/10.3389/fpls.2022.836488

My contributions:
I managed the experimental design of the several hundred samples of the study. I
edited the manuscript.

4. Christoph Ruschil, Gisela Gabernet, Gildas Lepennetier, Simon Heumos, Miriam
Kaminski, Zsuzsanna Hracsko, Martin Irmler, Johannes Beckers, Ulf Ziemann,
Sven Nahnsen, Gregory P. Owens, Jeffrey L. Bennett, Bernhard Hemmer, Markus
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C. Kowarik. Specific induction of double negative B cells during protective and
pathogenic immune responses. Frontiers in immunology 11, 606338 (2020).
https://doi.org/10.3389/fimmu.2020.606338

My contributions:
I curated the initial data set. I edited the manuscript.
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1.4 Conference Contributions

1.4.1 Papers

1. Andrej Baláz, Travis Gagie, Adrián Goga, Simon Heumos, Gonzalo Navarro,
Alessia Petescia, Jouni Sirén. Wheeler maps. LATIN 2024: Theoretical Infor-
matics. Lecture Notes in Computer Science 14578.
https://doi.org/10.1007/978-3-031-55598-5_12

My contributions:
I advised on the integration of a wheeler maps implementation with real life pan-
genome graphs, built and provided initial pangenome graphs for testing the imple-
mentation, and made edit suggestions to the manuscript.

2. Jiajie Li, Jan-Niklas Schmelzle, Yixiao Du, Simon Heumos, Andrea Guarracino,
Giulia Guidi, Pjotr Prins, Erik Garrison, Zhiru Zhang. Rapid GPU-Based Pange-
nome Graph Layout. International Conference for High Performance Computing,
Networking, Storage, and Analysis (SC). 2024.
DOI pending.

My contributions:
I gave guidance on how the current algorithm is implemented and I gave feedback
to the cache optimized CPU and GPU implementations. I tested these implemen-
tations. I read, criticized and made edit suggestions to the manuscript.

1.4.2 Posters

1. SWAT4 HCLS Conference 2019 in Edinburgh, Scotland: Conference poster Se-
mantic Genome Graphs.

2. ISMB BioViz 2020, virtual: Conference poster Pantograph - Scalable Interactive
Graph Genome Visualization.

3. ISMB Bio-Ontologies 2020, virtual: Conference poster Semantic Variation Graphs:
Ontologies for Pangenome Graphs. I won a best poster prize together with Toshiyuki
T. Yokoyama.

4. T2T / HPRC Conference 2020, virtual: Conference poster Graph Layout by Path-
Guided Stochastic Gradient Descent.

5. VCBM 2020, virtual: Conference poster Graph Layout by Path-Guided Stochastic
Gradient Descent.

6. BoG 2021, virtual: Conference poster The PanGenome Graph Builder.
7. TüBiT 2021 in Tübingen, Germany: SSD sessions poster The PanGenome Graph

Builder.
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8. VIZBI 2022, virtual: Conference poster: Graph Layout by Path-Guided Stochastic
Gradient Descent.

9. QBiC 10 Years and SAB Meeting 2022 in Tübingen, Germany: Symposium poster
Pangenome Graphs.

10. TüBMI 2023 in Tübingen, Germany: Conference poster Pangenome Graphs.

1.4.3 Talks
1. Japan DBCLS Biohackathon 2019 in Fukuoka, Japan: Invited long talk sympo-

sium speaker VG Browser: Interactive Visualization of Genome Variation Graphs.
2. ISMB BioViz 2020, virtual: Conference talk Pantograph - Scalable Interactive

Graph Genome Visualization. Josiah Seamann gave the talk, but I heavily con-
tributed to the slides and the content of the talk.

3. ISMB Bio-Ontologies 2020, virtual: Shared conference talk Semantic Variation
Graphs: Ontologies for Pangenome Graphs. Toshiyuki T. Yokoyama and I shared
each one half of the talk.

4. GCB 2021, virtual: Shared 25 minute lecture ODGI - scalable tools for pangenome
graphs. Andrea Guarracino and I shared each one half of the talk.

5. HPRC Pangenome Working Group August 2021, virtual: Talk Identifying T2T and
Centromere-Assembling Contigs.

6. Institute for Medical Biometry and Bioinformatics October 2021 in Düsseldorf,
Germany: Invited talk Exploring pangenome graphs and possible applications.

7. HPRC Pangenome Working Group October 2021, virtual: Talk Precisely Identify-
ing Assembly Breakpoints Relative to the References.

8. IGGSy 2022 in Ascona, Switzerland: Conference talk Graph Layout by Path-
Guided Stochastic Gradient Descent. Since I was involved in a heavy car acci-
dent previous to the conference, Erik Garrison took my slides and actually did the
talking.

9. TüBMI 2022 in Tübingen, Germany: Conference talk Exploring Pangenome Graphs.
10. IBMI PhD Talks 2023 in Tübingen, Germany: Talk Pangenome Graphs.
11. MemPanG23 in Memphis, TN, USA: Invited workshop talk nf-core/pangenome,

pangenome growth.
12. Nextflow Summit Barcelona 2023 in Barcelona, Spain: Conference talk Cluster

scalable pangenome graph construction with nf-core/pangenome.
13. nf-core bytesize talks 2023, virtual: Bytesized talk Cluster scalable pangenome

graph construction with nf-core/pangenome.
14. HPRC HUGO24 Workshop in Rome, Italy: Invited workshop talk Building and

analyzing pangenome graphs.
15. MemPanG24 in Memphis, TN, USA: Invited workshop talk nf-core/pangenome,

pangenome growth.
16. M3 Workshop 2024 Tübingen, Germany: Workshop talk Cluster efficient pange-

nome graph construction with nf-core/pangenome.
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17. HPRC Pangenome Working Group June 2024, virtual: Talk Cluster efficient pan-
genome graph construction with nf-core/pangenome.

18. IGGSy 2024 in Ascona, Switzerland: Conference talk Cluster efficient pangenome
graph construction with nf-core/pangenome.
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2 Introduction

My doctoral research focuses on two interrelated areas, multiomics and pangenomics,
each addressing a crucial aspect of reducing methodological biases in understanding bi-
ology. The overarching aim is to overcome the limitations of current methods that hinder
our ability to fully understand biological systems. By investigating these areas, I seek to
enhance the accuracy and depth of our biological insights.

"As was predicted at the beginning of the Human Genome Project, getting the sequence
will be the easy part as only technical issues are involved. The hard part will be finding
out what it means, because this poses intellectual problems of how to understand the
participation of the genes in the functions of living cells."1 This quote summarizes the
duality of the results of the initial Human Genome Project (HGP) [159, 89]: Now we
have the first human sequence, but understanding it is the real challenge. Solely reading
this genomic code, a single one-dimensional (1D) data type, is insufficient to explain the
set of observable characteristics of an individual. For example, mutations on the De-
oxyriboNucleic Acid (DNA) level may influence protein expression which in turn can
result in loss of functions or biological defects. More information is required to explore
such complex biological patterns. Instrumental in this regard are a variety of so-called
omics technologies which provide a multifaceted approach to characterizing biological
systems, encompassing various molecular and functional dimensions: DNA in genomics
and epigenomics, RiboNucleic Acid (RNA) in transcriptomics, proteins in proteomics,
metabolites in metabolomics, microbes in microbiomics, and quantitative features from
medical images in radiomics.

In practice, relying solely on a single data source can oversimplify the analysis and
may actually increase noise, sometimes obscuring meaningful connections. Instead, a
systems biology perspective that integrates multiple omics layers is crucial for under-
standing the complex biological functions that unfold across these molecular levels. This
holistic approach, often referred to as multiomics, provides a more comprehensive view
and helps to elucidate the interactions between different molecular systems.

This is crucial when matching molecular and phenotypic factors, especially in disease
studies. Diseases often entail complex interactions across multiple biological layers,
and a single data type may not capture the full complexity of these interactions. By
integrating multiomics data, researchers can better understand the multifaceted nature of
diseases, identify key biomarkers, and develop more targeted and effective treatments.

1Sydney Brenner (13 January 1927 – 5 April 2019) was a South African nobel prize winning biologist

13



2 Introduction

Despite significant advances in omics research, challenges persist. One notable issue
is the reliance on reference genomes in traditional genomics, which introduces potential
bias. Reference genomes are typically assembled from multiple individuals and may
not accurately represent the genomic diversity within a population. This can result in
reference bias, where discrepancies between the individual’s genome and the reference
genome lead to mismatches, errors, or difficulties in data alignment [6].

To overcome these limitations, pangenomics [170] offers an innovative approach. A
pangenome models a representative set of genomic sequences from a population, pro-
viding a more comprehensive view of genetic diversity. In contrast to reference-based
genomic approaches that compare sequences to a single linear reference genome, pange-
nomics relates each new sequence to all other sequences within the pangenome. This
approach helps to capture a broader range of genetic variation and mitigate some of the
biases inherent in traditional genomics.

A pangenome graph can compress the shared and variant sequences into one graphi-
cal representation. In pangenome graph models, DNA sequences are stored in nodes and
edges connect the nodes as they occur in the individual sequences [73]. Genomes are
encoded as paths traversing the nodes [59]. However, constructing and analyzing pan-
genome graphs present their own set of challenges. Existing pipelines often suffer from
reference bias or limitations in computational efficiency and scalability. Leveraging the
full potential of a pangenomic data set, novel, qualitatively different computational meth-
ods and paradigms are needed.

To address these limitations, my doctoral research focuses on two interrelated areas:
multiomics and pangenomics, each targeting specific research questions to advance our
understanding of genotype-phenotype relationships.

In the multiomics domain, the research aims to explore novel theranostics for cancer
immunotherapy. Thus, my first research question investigates how integrating cell sur-
face molecule data from a diverse cancer cell panel with transcriptomics and proteomics
profiles can identify unique cell surface markers for specific cancer types. The sec-
ond question examines the validity of these markers by comparing tumor versus normal
samples from RNA-Seq and Reverse Phase Protein Array (RPPA) data. This approach
leverages comprehensive multiomics analyses and biodata catalogs to enhance pheno-
type discovery and validation.

In the pangenomics domain, the research addresses several main questions. The first
question focuses on developing a cluster-efficient, reference-free pangenome graph con-
struction pipeline to overcome issues with reference bias and deployment limitations. A
pipeline is a series of interconnected processes that automate the workflow for construct-
ing and analyzing data. This approach is essential for efficiently managing complex anal-
yses, ensuring reproducibility, particularly when utilizing containerization for consistent
deployment across different computational environments [87]. By integrating multiple
steps, a pipeline enhances the overall efficiency of data handling and allows researchers
to focus on interpretation rather than manual data processing. My pipeline aims to in-
tegrate multiple reference genomes into a single graphical model, facilitating the study
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of genomic diversity across populations. Existing algorithms for visualizing and ana-
lyzing pangenome graphs often fall short, making it difficult to fully understand these
complex structures. My second research question addresses these limitations by devel-
oping a new pangenome graph layout algorithm that leverages biological information
to enhance visualization. Additionally, my aim is to implement methods for detecting
complex regions, adding annotation, and performing exploratory analyses. The goal is
to enable researchers to explore genotype-phenotype relationships in large-scale pange-
nome graphs, accommodating all sequences in the graph and not just a single reference
sequence.

By addressing these research questions, my thesis aims to advance our ability to in-
terpret complex biological data and improve the discovery of genotype-phenotype rela-
tionships minimizing the bias of reference data, paving the way for more precise and
effective biological insights.

2.1 Genotype-Phenotype Relationship
In 1911, the Danish botanist Wilhelm Ludvig Johannsen coined the terms genotype and
phenotype elaborating on their conceptual relationship [82, 25]. The genotype is an or-
ganism’s complete set of genetic material. It consists of the specific combination of
genetic variants or alleles that an individual possesses. Genetic code is inherited from
the individual’s parents. In polyploid organisms, if all copies of the alleles at a given
locus are identical, the genotype is homozygous. If there are different alleles present
among the multiple sets of chromosomes, the genotype is heterozygous [71]. A combi-
nation of alleles across multiple adjacent loci or genes within a chromosome is typically
called a haplotype. Phasing refers to the process of determining which specific alleles
are inherited together on the same chromosome, allowing for the accurate reconstruction
of haplotypes from sequencing data [15].

A genotype partially influences an organism’s characteristics and observable traits, the
phenotype of an organism, alongside epigenetic or environmental factors. This is called
genotype-phenotype (GP) relationship. Organisms sharing the same genotype can have
different phenotypes due to environmental influences. A good everyday example are
identical twins, who have identical genotypes but diverging phenotypes.

A trait that is solely determined by a genotype usually follows the Mendelian inheri-
tance pattern (Fig. 2.1). In 1866, Gregor Mendel observed that, although the phenotypes
of individuals in the parent generation varied, the offspring expressed a single, uniform
phenotype [106]. He attributed this phenomenon to the segregation of dominant and
recessive alleles. However, the interaction of genotypic and environmental factors gives
rise to more complex traits. A classic example are flamingos: Naturally white, their diet’s
carotenoid content determines their pink plumage [2]. This illustrates how environmental
factors can interact with genetic ones to influence complex traits.

Thus, scientists require an arsenal of various omics technologies in order to compre-
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2 Introduction

hend the complex GP landscape of an organism. One single point of observation does
not suffice to capture the multifaceted complexities underlying biological systems. In
medicine, the integration of GP data is essential for tackling intricate medical issues, but
it’s not strictly necessary for every condition (e.g a broken leg).

B

b

B b

BB

Bb

Bb

bb

pollen

pistil

Figure 2.1: Mendelian genotype-phenotype relationship. A Punnett square illustrates the charac-
ter of petal colour in a pea plant. The letters represent alleles and the pictures show the resultant
flowers. The diagram shows the cross between two heterozygous parents where B represents the
dominant allele (purple) and b represents the recessive allele (white). Figure and caption modi-
fied from Ball 2007 [5].

2.2 Multiomics

Multiomics (sometimes referred to as panomics) is the integrative study of multiple
omics technologies incorporating datasets from genome, proteome, transcriptome, epi-
genome, radiome, metabolome, as well as assays like fluoresence-activated cell sorting
(FACS), and phenotypic or clinical data (Fig. 2.2). Multiomics is an analysis approach
to understand and study the complexity of life in an integrated and complementary man-
ner: The integration of information from complementary molecular mechanisms leads
to more accurate analysis results compared to making use of only one single technology,
effectively reducing analysis bias. In multiomics analysis, goals include unsupervised
clustering or supervised classification to uncover sample-specific patterns or predict out-
comes, as well as identifying key features for biomarker discovery. Additionally, feature-
focused analyses aim to explore relationships across omic layers through integration
techniques that reveal shared structures and interactions, often visualized as networks.
Multiomics plays a key role in personalized medicine [120, 84], health and disease [18],
the discovery of relevant biomarkers, and is capable of refining matching GP relation-
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ships [145]. In the following, I will focus my introduction on the subset of multiomics
technologies that are important for my thesis.

Figure 2.2: Multiomics datasets. Multiomics datasets may be defined by any combination of
molecular profiling data modalities, such as genomics, epigenomics, transcriptomics, proteomics
or metabolomics, and include other types of high-throughput data such as FACS (fluorescence-
activated cell sorting), CyTOF (cytometry by time of flight), or radiomics measurements, as well
as phenotypic or clinical co-variates. Figure and caption modified from Tarazona 2021 [146].

2.2.1 Genomics
Genomics studies the evolution, structure, function, mapping and editing of an organ-
ism’s genome. Scientists can determine DNA nucleotide sequences from a wide range
of sequencing technologies. Sanger Sequencing [122] was the first major sequencing
technology. It synthesizes DNA using chain-terminating nucleotides, which allow for
the determination of the DNA sequence by producing fragments of varying lengths. The
method provides highly accurate sequences with read lengths of up to approximately
1000 base pairs. However, its low throughput limits its application in large-scale ge-
nomic studies, making it less practical for comprehensive genomic projects.

Next-Generation Sequencing (NGS) technologies [137] have largely replaced Sanger
sequencing due to their high throughput and scalability. Among these, Illumina’s se-
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quencing platform is predominant [121]. Illumina sequencing measures the incorpora-
tion of fluorescently labeled nucleotides during DNA synthesis. The process involves
bridge amplification to form clusters of clones from single DNA molecules, followed by
synthesizing and sequencing the DNA one base at a time. This massively parallel pro-
cess produces millions of short reads (36-300 base pairs for a single end read [123]) per
sample, offering a high degree of accuracy and efficiency. However, the relatively short
read lengths can pose challenges in assembling highly repetitive or complex genomic
regions [150].

Third-Generation Sequencing technologies, such as those developed by Oxford Nano-
pore Technologies (ONT) and Pacific Biosciences (PacBio), measure single molecules
and offer significant advancements in read length and throughput. ONT [42] employs
nanopore sequencing, which measures changes in electrical current as a DNA molecule
passes through a protein nanopore. The distinct current fluctuations correspond to dif-
ferent nucleotides, allowing for real-time sequencing of long DNA molecules. ONT can
generate extremely long reads, sometimes exceeding 1,000,000 base pairs, which is ad-
vantageous for assembling complex genomes and detecting structural variants. However,
it has a higher error rate compared to other sequencing technologies, necessitating robust
error correction algorithms. PacBio [108] utilizes Single Molecule Real-Time (SMRT)
sequencing, which measures the incorporation of fluorescently labeled nucleotides by
a DNA polymerase in real-time. The method involves attaching DNA molecules to a
SMRT cell, where DNA polymerase is anchored in the zero-mode waveguide of the cell.
As the DNA polymerase synthesizes the DNA, the incorporation of fluorescently labeled
nucleotides is detected in real-time. While single-pass long reads can reach lengths of
10,000 to 30,000 base pairs, the accuracy of these reads is significantly improved through
Circular Consensus Sequencing (CCS). CCS typically produces highly accurate reads
with lengths ranging from 10,000 to 20,000 base pairs, offering a trade-off between read
length and accuracy. The main limitation of PacBio is its lower throughput and higher
cost compared to NGS technologies.

2.2.2 Transcriptomics

Sequencing technologies can provide insights not only into the genomics parts of the or-
ganisms, but are also valuable tools when it comes to studying the presence and quantity
of the complete set of RNA molecules, the transcriptome of an organism.

Microarray

While microarrays do not involve sequencing, they are commonly used for gene expres-
sion analysis and are often compared to sequencing technologies due to their ability to
measure the expression levels of multiple genes simultaneously. However, unlike se-
quencing technologies, microarrays do not provide the full nucleotide sequences of the
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target genes, limiting their ability to detect novel transcripts or variations. A microar-
ray chip measures gene expression levels of thousands of genes in parallel by hosting
millions of known nucleic acid fragment sequences, called probes, on a solid surface.
In a typical experiment, DNA or RNA samples are first labeled with fluorescent dyes.
These labeled nucleic acids are then washed over the chip, where they hybridize with
complementary probes on the array. The fluorescent dye attached to the nucleic acids
emits light when excited by a laser or another light source. The intensity of the fluo-
rescence emitted from each spot on the chip correlates with the amount of hybridized
nucleic acid, which indicates the gene expression levels [147]. This method allows for
massively parallel gene expression profiling. However, the design of the chip can lead
to cross-hybridization artifacts, poor quantification of lowly or highly expressed genes,
and is limited to measuring only known transcripts. This is where the RNA sequencing
technology steps in.

RNA-Seq

RNA sequencing (RNA-Seq) generates a snapshot of gene expression by determining
both the sequence and abundance of transcripts in a given sample [163]. The method
converts a pool of RNA molecules into a library of complementary DNA (cDNA), to
which adapters are attached at both ends. This library is then sequenced using high-
throughput NGS technology. The resulting reads are aligned to a reference genome, and
the number of reads corresponding to each transcript is counted. RNA-Seq offers a com-
prehensive global gene expression profile without being limited to known transcripts.
However, the actual proteins present in an organism may differ from what the transcrip-
tomic profile suggests, due to various post-transcriptional regulatory mechanisms. To
complement this analysis, proteomics is employed to profile all proteins expressed in the
organism, providing insights into the functional output of the genome.

2.2.3 Proteomics

Proteomics is the large-scale study of proteins, particularly their structures and functions.
Several advanced techniques are used in proteomics to identify and quantify proteins
within a sample. Proteomics can assist in identifying protein biomarkers, understanding
disease mechanisms, and discovering new therapeutic targets [1]. In the following an
overview is given of the technologies that appear within this thesis.

Mass Spectrometry In Proteomics

Tandem mass spectrometry (MS/MS) is a powerful technique used in proteomics to an-
alyze proteins by measuring the mass-to-charge ratio (m/z) of ions and their subsequent
fragmentation patterns. In this approach, proteins are first digested into peptides using an
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enzyme such as trypsin. The resulting peptides are then separated by liquid chromatog-
raphy (LC) and ionized, typically using electrospray ionization (ESI) [47].

Once ionized, the peptides are introduced into the mass spectrometer, where they un-
dergo a first round of mass analysis to determine their m/z ratios. Selected peptides are
then fragmented, and the m/z ratios of the resulting fragmentation patterns provide in-
formation that allows for the determination of the peptide’s amino acid sequence. This
combination of liquid chromatography and tandem mass spectrometry (LC-MS/MS) en-
ables comprehensive proteomic analysis but necessitates careful sample preparation and
sophisticated data interpretation.

Fluorescence-Activated Cell Sorting

Although fluorescence-activated cell sorting (FACS) does not directly analyze proteins
in the same way as mass spectrometry or protein arrays, it can provide information about
protein expression on a cellular level. It can be used to study cell (surface) molecules,
including protein markers and antigens at the cell surface or within cells rather than pro-
viding detailed protein characterization or quantification. While cell surface receptors
and antigens are distinct concepts with different primary roles, a receptor can act as an
antigen under specific circumstances where it is recognized by the immune system such
when it interacts with an antibody or a T cell receptor. However, not all antigens are
cell surface receptors. FACS [13, 101] is a specialized technique of flow cytometry to
separate and analyze individual cells from a heterogeneous biological sample, one cell at
a time. The light scattering and fluorescent characteristics of a cell determine in which
container a cell is put. Typically, fluorescently labeled antibodies bind to specific cellu-
lar molecules unique to each cell type. The Mean Fluorescent Intensity (MFI) quantifies
the expression level of surface or intracellular molecules of a cell population, potentially
validating antibody binding. FACS has several limitations, including its dependence on
fluorescent labeling, which can affect specificity, and its inability to provide detailed in-
formation on intracellular proteins or quantify protein levels accurately. Additionally,
while the equipment can be costly, the overall cost per sample is generally lower com-
pared to sequencing methods. FACS data can also be complex to interpret. Alternatives
to FACS include mass cytometry and single-cell RNA sequencing, which offer different
approaches for analyzing cellular and molecular characteristics.

Reverse Phase Protein Array

Reverse Phase Protein Array (RPPA) is a high-throughput technique that quantifies the
expression of hundreds of proteins across many samples simultaneously using antibody-
based microarray technology [27]. Compared to LC-MS, it often provides higher repro-
ducibility for specific protein quantification under controlled conditions.

In contrast to forward phase protein arrays, where the antibodies are fixed on a surface
and the samples are passed over for binding, in the RPPA process the proteins of the
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samples are immobilized onto the surface and a set of specific antibodies is used to
probe the samples [139]. This method enables the analysis of multiple protein-signaling
pathways and their activity. RPPA’s robustness comes from replicates for each antibody,
ensuring accuracy. However, its effectiveness is highly dependent on the quality and
specificity of the antibodies used. While RPPA can provide reliable pathway analysis,
the antibodies often bind unspecifically in complex cell lysates, even if they perform
well in Western blot assays. Additionally, RPPA provides less detailed peptide-level
information compared to mass spectrometry.

Immunohistochemistry

Immunohistochemistry (IHC) measures semiquantitative protein expression within cells
or tissues by detecting specific antigens with antibodies that are linked to detectable
markers. Antibodies are conjugated to markers such as enzymes or fluorescent dyes.
When antibodies bind to their target proteins in tissue sections, the enzyme converts a
substrate into a colorimetric product visible under a light microscope, or the fluores-
cent dye emits light when excited by a specific wavelength, which is visible under a
fluorescence microscope. The intensity of the color or fluorescence indicates the abun-
dance of the target protein. IHC allows for the localization and quantification of proteins
within tissue contexts, making it valuable for studying protein distribution and abun-
dance. However, it is semiquantitative and relies on the quality of antibody binding and
tissue preservation. IHC has successfully been applied in the diagnosis and validation of
metastatic carcinomas [127].

2.2.4 Multiomics Algorithms
Algorithms used in multiomics are diverse and tailored to handle the high-dimensional
and complex data sets produced by multiomics experiments. Multiomics is the inte-
gration of multiple omics feature-by-sample matrices with optional annotation or other
metadata. Analysis methods provide means to cluster samples, discover molecular mech-
anisms, or predict therapy outcome [11].

One exploratory analysis approach I employed during my thesis is multiple co-inertia
analysis (MCIA) [107]. MCIA is an extension of Co-Inertia Analysis (CIA) [39] and
works by simultaneously analyzing two or more datasets in a way that maximizes the
covariance between them. MCIA uses a covariance optimization criterion to project mul-
tiple datasets into a shared dimensional space, aligning diverse feature sets on a common
scale. This allows for the extraction of the most variable features from each dataset,
aiding in biological interpretation and pathway analysis. The method identifies a set of
loading vectors for each dataset, which are used to project the datasets into a common
dimensional space. Additionally, it determines a "synthetic" center that represents the
combined data from all datasets. By maximizing the sum of squared covariances be-
tween the linearly transformed datasets and this synthetic center, MCIA enhances the
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alignment of the datasets in the shared space. This optimization process ensures that
the most significant patterns and relationships across the different datasets are captured,
facilitating more coherent biological interpretation and pathway analysis.

Specifically, MCIA requires omics data matrices where the number of features (rows)
exceeds the number of measurements (columns). A prerequisite is that either features or
measurements are matched and have equal weights. Given an omics data table M = [mi j]
with 1 ≤ i ≤ n and 1 ≤ j ≤ q. M is a (n x q) matrix with row index i and column index j.
The row sum is mi+, the column sum is m j+, and the total sum of the matrix is m++. The
relative contribution of i to the variation of the dataset is ri =

mi+
m++

, and of j it is c j =
m j+
m++

.
The contribution of each individual element to the total variation is given by pi j =

mi j
m++

.
The key mathematical steps of an MCIA according to Meng et al. 2014 [107] involve:

• Table ordination method: A Principle Component Analysis (PCA) or compara-
ble method is applied to each dataset separately, so that only the most informative
components, those that capture the largest variance, from each dataset are consid-
ered when computing the co-inertia.

• Data centering: We derive a new matrix X by normalizing each data point:

xi j =
pi j

ri
− c j

This yields the centered row profile xi j.
• Maximizing sum of squared covariance: This step is a generalization of the CIA.

It simultaneously analyzes a set of statistical triplet (Xk,Qk,D) where k = 1, ...,k,K
and Xk is a set of transformed matrices. Let Qk be a qk x qk matrix where the di-
agonal elements ri j represent the feature metrics in the hyperspace. Let D be an
n x n identity matrix, reflecting equal weights across all columns of the tables in-
volved. In this context, MCIA aims to maximize the sum of the squared covariance
between scores of each table with synthetic axes v:

f (u1, ...,uk, ...uK,v) =
K

∑
k=1

wk cov2(XkQkuk,v)

where cov2 denotes the square of the covariance of the quantities within the paren-
theses. The term wk represents the weight assigned to each table. The vector v
indicates the reference structure or synthetic center while uk are the auxiliary axes.
The score for each individual table can be expressed as:

Xk = Qkuk

Unlike other ordination methods, MCIA determines the solutions for uk and v se-
quentially. Multiple matrices Xk can be weighted and concatenated into a single

22



2.2 Multiomics

matrix X represented as:

X = [w1/2
1 X1|...w

1/2
K XK]

Similarly, the individual feature metrics Qk can be concatenated into a single fea-
ture metric Q as follows:

Q = [Q1|...|Qk]

Next we want to find the principal components:
– First order solutions (first principal component): First, we calculate the

first principal component, which is essentially the "main direction" where the
data varies the most across all the tables. This is done using the following
equation:

wXQXT Dv = λv

where X is the data from your tables, Q represents how we measure the im-
portance of the features in the data, D is the identity matrix, v is the first
"synthetic" axis (or direction) that represents the shared structure across all
tables, and λ is an eigenvalue, which helps to measure how important that
direction v is. What we are doing here is finding a "direction" (or axis) v that
captures the most important shared patterns across the data tables.

– Calculating auxiliary axes: Now that we have v, we can calculate the first
auxiliary axis uk1 for each table. This axis shows how much each individual
table follows the shared pattern v.

uk1 =
XT Dv1

||XT Dv1||Qk

(k = 1, ...,K)

This means we use data X and the direction v to calculate the new axis for
each table, where || · ||Qk is a way to normalize this value. This gives us the
first direction for each table that aligns with the shared pattern.

– New directions must be orthogonal: After finding the first axis v1, we now
want to find the next principal component – the second-most important direc-
tion where the data varies. But to make sure that this new direction V2 doesn’t
overlap with the first, we introduce a constraint:

vT
j Dvs = 0 and uT

j Qkus = 0 for (1 ≤ j < s)

– Residual matrix: To find the next direction, we need to "remove" the effect
of the first principal component. This is done by subtracting it from the data
using a residual matrix:

X (2)
1 = X −XPk1

This removes the influence of the first axis uk1 from the data, allowing us to
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focus on the remaining variation.
– Projecting the data: The matrix Pk1 is a projection matrix, which represents

the first direction we found. It’s given by:

Pk1 = (uk1uT
k1QkuT

k1)
−1uk1Qk

This matrix essentially captures how the first direction uk1 interacts with the
feature metrics Qk. We use it to "remove" the first direction and focus on
finding new, independent patterns in the data.

The processes Residual matrix, New directions must be orthogonal, and Pro-
jecting the data are repeated until we have found the desired number of principal
components.

As a result, MCIA produces a joint ordination of both columns (measurements) and rows
(features) from multiple tables within a unified hyperspace. Features or measurements
that exhibit similar patterns will be projected closely together. A more detailed explana-
tion of MCIA, along with the proof that these axes maximize covariance, can be found
in the work of Chessel and Hanafi [20].

2.2.5 Multiomics Resources

There exists a wide range of multiomics data portals: The Cancer Genome Atlas (TCGA)
[164], the Human Protein Atlas (HPA) [149], The Cancer Proteome Atlas (TCPA) [154],
the Genotype-Tissue Expression (GTEx) [105], and recount2 [29], a resource of pro-
cessed and summarized expression data. This is by no means a comprehensive list, but it
is sufficient for following this thesis. Readers interested in exploring more resource can
refer to [31, 141, 113, 155] for additional information.

2.3 The Truth Lies In The Eye Of The Reference
Some of the omics methods that have been presented here, such as the analysis of DNA
sequencing and RNA sequencing data, rely on reference genomes. These reference
genomes are widely used in genomics, serving as a foundation for a variety of analyses,
including protein identification, gene annotation, read mapping, and variant detection
[134]. However, this reliance can introduce reference bias, where discrepancies between
the reference genome and individual genomes may lead to inaccuracies in these analyses.

High quality collections of population-wide sequences are becoming more common
due to low-cost whole-genome assembly. This offers new opportunities to study genomic
variation as never before. However, it is a challenge to simultaneously represent and
analyze hundreds of genomes at a gigabase scale [6].
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One possible solution can be a pangenome modeled as a graph (Figure 2.3). Com-
pared to a single linear reference genome, pangenome graph models introduce several
improvements: (i) The inclusion of variants from multiple individuals better represents
a diverse population, (ii) the higher accuracy of read mapping to a pangenome graph
especially in highly variable or repetitive regions leads to better variant calling results,
(iii) complex regions are better resolved in a pangenome graph, (iv) novel reference-ag-
nostic variants are detected, (v) and annotation of genetic variants across different indi-
viduals improve understanding of genetic function and evolutionary processes.

In clinical settings, using a pangenome graph can improve the accuracy of genomic
diagnostics and the identification of disease-associated variants which leads to better
personalized treatment strategies. In plant and animal breeding, pangenome graphs can
help identify beneficial genetic variations that contribute to desirable traits, facilitating
the development of improved breeds and cultivars. In summary, pangenomics improves
our ability to explain traits and provides an in-depth understanding of the GP relationship,
which would not be possible when working with a traditional single linear reference
genome.

Figure 2.3: Pangenomic models. (i) Traditional linear pangenome representation. Regions of
some genomes are unalignable against the reference and cannot be represented in a list of variants.
(ii) A graphical model of the genomes allows a direct all-to-all comparison, capturing all of
their sequence relationships. R in green is the reference genome. A,B,C,D in blue are alternate
sequences. Figure and caption modified from Eizenga et al. 2020 [43].
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2.3.1 The Human (Pangenome) Reference Is In Flux
Sequencing the human genome has always been a great challenge. Since its first official
completion in 2001 [159, 89], there have been many updates and modifications due to an
improvement in sequence assembly technologies [24, 79]. The latest release, GRCh38
[125], came really close to a complete reference, however, it does not encode highly
repetitive and complex regions like centromeres or telomeres. In 2022 the Telomere-to-
Telomere (T2T) consortium released a gapless telomere-to-telomere reference genome
based on a haploid human cell line – CHM13 [112], adding the sequence of HG002’s
chromosome Y a year later [117] (the CHM13 original cell line is female) [117]. The
complex centromeric regions were studied in detail [104]. But this still left scientists
with a single linear reference genome.

This is addressed by the Human Pangenome Reference Consortium (HPRC) initiative.
It aims at assembling a comprehensive set of individuals’ sequences that encompasses
the full spectrum of human genome diversity. Making use of the most recent sequencing
technologies, the HPRC sequenced and assembled 47 phased ultra high quality genomes
from a genetically diverse background [100]. They demonstrated that over 99% of each
assembly, both at the base pair and structural levels, and more than 90% of highly repeti-
tive sequences were structurally accurate, adding a significant number of structural vari-
ants compared to GRCh38. The HPRC created a draft human pangenome reference with
these assemblies. The final aim is to acquire the haplotypes of 350 diverse individuals.

Since then, other consortia around the globe have published or are actively working
on their specific pangenomes: The Chinese Pangenome Consortium (CPC) released a
pangenome of 36 populations [53], and the H3ABioNet consortium, the Pan African
Bioinformatics Network for the Human Heredity and Health in Africa (H3Africa), as-
sembled 910 human genomes of African origin [131]. The Pan-European Pangenome
Consortium (Pangaia) is a project to teach young researchers in the area of pangenomics.

2.3.2 Pangenome Graphs
Variation graphs are a mathematical formalism to represent pangenome graphs [54]. All
newly developed tools and algorithms presented in this thesis use this variation graph
model.

Definition 2.3.1. In the variation graph G = (V,E ,P), nodes (or vertices) V = v1 . . .v|V|
contain nucleotide sequences. Each node vi has a unique identifier i and an implicit re-
verse complement v̄i. The node strand o represents the node orientation. Edges E =
e1 . . .e|E | connect ordered pairs of node strands (ei = (oa,ob)), defining the graph topol-
ogy. Paths P = p1 . . . p|P| are series of connected steps si that refer to node strands in the
graph (pi = s1 . . .s|pi|); the paths represent the genomes embedded in the graph.

In order to understand pangenome graphs, we need to see them. Some visualiza-
tion styles of a simple variation graph are given in Figure 2.4. More advanced and
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better-scalable visualizations are given in Figure 2.5. As of 2020, the Bandage force-
directed 2D layout algorithm was the best-scaling one up to 100 Mbp [43]. An inter-
active gigabase-scale and human-pangenome-detail visualization with zoom levels did
not exist. During my thesis I bridged the gap working on a more scalable 2D layout
algorithm.

2.4 Graphical Pangenomic Analysis
One standard way to create a pangenome is from a Multiple Sequence Alignment (MSA).
The most recent algorithms employ Partial Order Alignment (POA) [90]: The itera-
tive alignment to a directed acyclic graph (DAG) through dynamic programming (DP).
Effectively, an MSA can be described as a pangenome graph and vice versa (Figure
2.6). However, even the most recent implementations, Single Instruction Multiple Exe-
cution (SIMD) Partial Order Alignment (SPOA) [158], which utilizes SIMD operations
for parallel processing of data, adaptive banded Partial Order Alignment (abPOA) [52],
or POASTA [157] have limits at megabase-length alignments and can’t scale to gigabase
sequences.

Alternative unbiased pangenome graph construction methods employ k-mers [110, 58,
23], but the resulting graphs are often complex and impractical to use for downstream
analysis due to their parameter sensitivity, especially k-mer length.

Other projects [94, 77] rely on tree or reference-guided approaches [4, 111]. They

Figure 2.4: Variation graph example. The large numbers 1,2,3 are node identifiers. (Top) The path
information of the graph. (Mid) Sequence Tube Map [12] style visualization. Nodes are drawn
as rectangles including their respective sequence. Genomic sequences are drawn as colored paths
through the nodes. Genomes only visit nodes that contain their respective sequence. (Bottom)
odgi viz [65] style 1D visualization of the same graph. The pangenomic sequence is arranged
from left to right. Colored bars indicate the sequence of the respective genome.

27



2 Introduction

employ a reference pangenome graph [94] model: Sequences are iteratively aligned to
a linear reference genome, which serves as a fixed positional backbone, as well as to
previously aligned sequences within the pangenome graph. This obviously introduces
reference bias. It can also lead to an incomplete representation of the input sequences
in the resulting pangenome graph [58], especially when pruning complex sequences like
centromeres or other satellite sequences [94, 77].

One solution here is to treat all input sequences the same way, building up a pan-
genome graph from all-vs-all alignments without preferential treatment of a reference.

Figure 2.5: Visualizing a graph of GRCh38 and its alternate sequences in the gene HLA-DRB1
built with VG msga (Variation Graph multiple sequence/graph aligner) [59]. (a) Bandage’s force-
directed layout, revealing large-scale structures [166]. (b) An ODGI viz (Optimized Dynamic
Genome Graph Implementation visualization) binned, linearized rendering of the paths (colored
bars) versus the sequence and topology of the graph (thin lines below the bars). (c) A fragment of
a VG viz (Variation Graph visualization) linearized rendering, showing base-level detail. (d) The
same fragment rendered with Sequence Tube Map [12]. Dashed lines show the correspondences
between the visualizations. Path colors are assigned independently by each method. Figure and
caption modified from Eizenga et al. 2020 [43].
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Such an approach is described in the following paragraphs.
The PanGenome Graph Builder (PGGB) [60] pipeline (Figure 2.7), which constructs

pangenome graphs based on the symmetric comparison of all genomes to all others,
thereby mitigating reference bias, is such an approach. Unlike competing methods,
PGGB allows for multiple reference genomes to be fully embedded in the graph. PGGB
is unaffected by genome input order and orientation.

PGGB iteratively refines an all-to-all whole-genome alignment graph, enabling the ex-
ploration of sequence conservation and variation, phylogenetic inference, and the iden-
tification of recombination events. First, the whole-chromosome pairwise sequence
aligner WFMASH [67] generates the all-vs-all alignments. These are squished into a
variation graph with SEQWISH [58]. The graph is normalized with SMOOTHXG [60]:
SMOOTHXG iteratively applies a local MSA kernel, POA, to refine and compress the
pangenome graph. In detail, the graph’s nodes are ordered [76] according to their oc-
currence in the graph’s embedded paths and then split into segments on which POA is
applied. By default, the SMOOTHXG process is applied 3 times in order to smooth
the edge effects at the boundaries of the segments. The final normalization step applies
GFAFFIX [100] in order to collapse redundant nodes. Graph statistics and diagnostic 1D
and 2D visualizations are summarized in an interactive HTML report.

Figure 2.6: MSA in the POA representation. (a) MSA representation of a pairwise protein se-
quence alignment. Dots indicate no base level alignment. (b) A single sequence visualized as a
simple DAG. (c) Two protein sequences in a DAG aligned to each other. Dashed ovals indicate
that two nodes are aligned. (d) DAG representation of a pairwise protein sequence alignment.
Dashed ovals indicate that two nodes are aligned. Figure and caption modified from Lee et al.
2002 [90].
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Once we have built a reference-unbiased pangenome graph, we want to explore the
biology it models. A scientist might want to identify variation, detect complex regions,
measure conservation, extract pangenomic loci, detect recombination events, remove ar-
tifacts, do exploratory analysis, and infer phylogenetic relationships. This would make
the graphs themselves a valuable tool for studying sequence evolution and variation deep-
ening our understanding of complex GP relationships. In 2019, the state-of-the-art soft-
ware was the vg toolkit [59]. But since then, pangenome graphs became more complex,
calling for new software to be implemented to understand reference-unbiased pangenome
graphs.
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Figure 2.7: PGGB. (A) PGGB’s algorithms/data flows. Primary flow (red) proceeds from FASTA
to alignment, graph induction, smoothing, to normalization with GFAFFIX [100], ending with
the final variation graph (orange). Optional outputs (blue): statistics, variant calls, and 1D/2D
graph visualizations. Figure and caption modified from Garrison et al. 2023 [60].
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The overall goal of my thesis was to apply, develop, and evaluate comprehensive state-
of-the-art methods advancing the discovery of genotype-phenotype relationships. The
challenge was to integrate data of different biological origins in order to interpret and
uncover relationships for which the information from a single data source would not
have been sufficient. I specifically focused on two key areas of biological research: mul-
tiomics and pangenomics.

The multiomics part of my thesis focuses on utilizing integrative multiomics to explore
novel theranostics for cancer immunotherapy. Immunotherapy using immune checkpoint
inhibitors (ICI) is untargeted and can lead to unwanted side effects [86]. Ideally, cancer
immunotherapy interferes with cancer-specific cell molecules only. We profiled the cell
surface molecules of the NCI-60 cancer cell panel [132] using the flow cytometry method
Fluorescence-Activated Cell Sorting (FACS). As a first research question, I screened for
the most variably expressed cell surface antigens. I integrated the FACS data with pre-
viously generated transcriptomics (Tx) and proteomics (Px) NCI-60 profiles [63, 107]
using a MCIA [107]. I identified potential cell surface markers unique for a specific
cancer entity. The second research question directly arose from the first one: Investigat-
ing the validity of the identified cancer entity specific cell surface markers with a tumor
to normal comparison. I therefore analyzed tumor versus normal samples of RNA-Seq
data of The Cancer Genome Atlas (TCGA) [17] and I explored the Reverse Phase Pro-
tein Array (RPPA) data of The Cancer Proteome Atlas (TCPA) [153]. My findings were
possible because of (i) the comprehensive multiomics analysis, and (ii) the data mining
of biodata catalogs, both emphasizing the value of integrating existing data sources for
phenotype discovery and validation.

The pangenomics part of my thesis investigates two main research questions. The
first one addresses shortcomings of existing pangenome graph construction pipelines:
They are either (i) reference-biased [94, 77], or (ii) their implementation limits their ease
of deployment, optimal use of compute resources, and cluster scalability [60]. To ad-
dress these issues, I aimed to develop a cluster efficient pipeline for building unbiased
reference-free pangenome graphs. This enables researchers to combine several refer-
ence genomes into one graphical model that offers the opportunity to study the entire
genomic diversity of a population. The second research question arose from the need to
understand pangenome graphs: We require efficient algorithms to visualize and analyze
them. Therefore, I investigated a new pangenome graph layout algorithm which uses
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the biological information in the pangenome graph to guide the layout procedure. To
provide the possibility to explore the biology of a pangenome graph, I developed meth-
ods to detect complex regions, extract loci, remove artifacts, manipulate structure, add
annotation, and perform exploratory analysis. Since pangenome graphs can grow taxing
in size and complexity [65], I aimed to parallelize the implemented algorithms. This
enables researches to explore the genotype-phenotye relationships encoded in gigabase-
scale pangenome graphs not only with respect to one reference sequence source, but with
respect to all sequences in the graph.
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4 Results And Discussion

In this chapter, I will summarize my research towards computational methods mitigat-
ing analysis bias for enhancing GP discovery. First, the main ideas and results of each
manuscript will be briefly presented and discussed by topic. Section 4.1 focuses on the
multiomics part of my thesis by presenting and discussing my research on how integra-
tive multiomics analysis of cell surface molecules of the NCI-60 tumor cell panel can
uncover novel theranostics, combining targeted diagnostics and therapies, for cancer im-
munotherapy. My pangenomics research is presented in Section 4.2. Here I will present
and discuss my research regarding the visualization, reference-unbiased construction,
and understanding of pangenome graphs. Both sections will relate the work I have done
in the respective fields to each other and to the main goal of computational methods
mitigating analysis bias for enhancing GP discovery. An integrated discussion of my
research is given in Section 4.3. It connects the different directions I explored provides
a joint perspective on my research towards computational methods mitigating analysis
bias.

During this chapter, I will switch between the subject pronouns we and I. If the gen-
eral work published in manuscripts is presented, I will use the plural pronoun since each
manuscript has several authors. If my own contributions and views are presented, I will
indicate that by using the singular pronoun.

Some texts and figures of Section 4.1 and Section 4.2 are directly copied or modified
from my respective manuscripts which are all licensed under a Creative Commons At-
tribution 4.0 International License (http://creativecommons.org/licenses/by/4.
0/), which permits use, sharing, adaptation, distribution and reproduction in any medium
or format, as long as one gives appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons license, and indicate if changes were made. I am
surrounding copied text with enclosing "". A footnote specifies from which manuscript
the cited text originates. The manuscripts themselves are reprinted in the Appendix A.8.

4.1 A Showcase Of Integrative Multiomics Mitigating
Analysis Bias

As indicated in the introduction, integrative multiomics reduces analysis bias, because it
does not rely on one single data source, but it combines the information of different omics
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4 Results And Discussion

technologies. This is of the utmost importance for the discovery of new GP relationships,
and holds especially true for precision medicine. Hence, the research I conducted for
manuscript 1 is focused on showcasing the explorative power of integrative multiomics
for GP validation and discovery in cancer immunotherapy.

4.1.1 Multiomics surface receptor profiling of the NCI-60 tumor cell
panel uncovers novel theranostics for cancer immunotherapy
(Manuscript 1)

Immunotherapy using immune checkpoint inhibitors (ICI) that is based on binding of
cell surface receptors with therapeutic antibodies or engineered cells, is one of the most
promising and disruptive immunotherapeutical developments in the recent years [118].
However, ICIs are untargeted and can lead to unwanted side effects [86]. Cancer im-
munotherapy targeting specific cell surface molecules is therefore an important focus
of current research. Tumor cell panels, which consist of diverse cancer cell lines, are
instrumental in this effort by allowing researchers to study drug responses and molecule-
specific interactions, thereby advancing the development of targeted therapies that en-
hance efficacy while minimizing off-target effects.

In manuscript 1, we comprehensively profiled the surface molecules of the NCI-60
tumor cell panel [132] with a set of 332 arrayed antibodies with FACS. I integrated the
results with existing proteomic and transcriptomic datasets [63, 107] via MCIA to iden-
tify surface accessible biomarkers of the various tumor entities that furthermore represent
diagnostic and therapeutic targets, such as novel theranostics [74, 142] (Figure 4.1). The
integrated analysis grouped all three datasets into consistent cell tissue clusters (Fig-
ure 4.1), positively validating the general outcome of the FACS experiment. This was
also visible in the phylogenetic trees I created from the different data sets [74].

I analyzed the most variant surface profiles: Skin, brain, colon, kidney, and bone mar-
row. I reported several cancer entity specific cell surface molecules for colon cancer1:
CD15, CD104, CD324, CD326, CD49f, and for renal cancer: CD24, CD26, CD106,
EGFR, β3GalT52, SSEA-4, TIM1, and TRA-1-60R. I conducted additional validation
using RNA-Seq data from The Cancer Genome Atlas (TCGA) [17] to compare normal
versus cancerous samples. Data mining of protein expression tissue of the Human Pro-
tein Atlas (HPA) [152] strengthened our hypothesis that indeed VCAM1 and EGFR are
potential markers for renal cancer. Analysis of the Cancer Proteome Atlas [153] in-
dicated that EGFR is specifically associated with the "Kidney Chromophobe" (KIRC)
cancer subtype, while no data for VCAM1 was available in this atlas.

Our study significantly advances the field of immunotherapy by applying a multiomics

1The HGNC symbols for some of the genes involved have been updated. Current symbols at the time
of writing are: CD15 → FUT4, CD104 → ITGB4, CD324 → CDH1, CD326 → EPCAM, CD49f →
ITGA6, CD26 → DPP4, CD106 → VCAM1, TIM1 → HAVCR1.

2biosynthesizes SSEA-3 [21]

34



4.1 A Showcase Of Integrative Multiomics Mitigating Analysis Bias

Figure 4.1: MCIA of the NCI-60 panel data. (a) The first two principal components of the MCIA
plot show similar trends in Tx, Px, and FACS profiles. The type of shape indicates the respec-
tive omics platform. Shapes are connected by lines joining a common point representing the
maximized covariance reference structure derived from the MCIA analysis. The length of a line
models the divergence between the data from the same tumor cell line. Colors represent the
nine NCI-60 different tissues covered by the tumor cell lines. Central nervous system (CNS) and
leukemia (LE) cell lines are separated along the first axis (PC1, horizontal). Melanoma (ME)
was projected on the positive side of the second axis (PC2, vertical). CO: colon. LC: lung. BR:
breast. OV: ovarian. PR: prostate cancer. RE: renal. (b) A tissue specific feature will be pro-
jected in the direction of this tissue. The larger the distance from the origin, the more potentially
significant a feature is. (c) A scree plot showing the eigenvalues on the y-axis and the number
of PCs on the x-axis. Used to rationalize the number of PCs included in the analysis. (d) The
pseudo-eigenvalue space of the NCI-60 data sets summarizes the consensus between the plat-
forms, highlighting which omics technique contributes more to the total variance (Tx, black; Px,
red; flow cytometry, green). Figure and caption modified from Heumos et al. 2022 [74].

approach to develop surface-accessible theranostics for tailored, tumor-specific treat-
ments. By utilizing our FACS-expanded multiomics approach, we identified VCAM1
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4 Results And Discussion

and EGFR as key biomarkers that could serve as targets for precise cancer therapies.
This approach enables the direct development of targeted treatments specifically aimed
at these biomarkers, rather than employing a broad or random approach to gene targeting.

The advantage of using FACS is that it allows for the isolation and characterization of
cells based on their surface markers, which helps in developing therapies that are directly
relevant to the identified biomarkers. This approach leverages advanced multiomics data
and FACS technology to pinpoint specific biomarkers, enabling the development of tar-
geted treatments that are tailored to the unique characteristics of the cancer cells. Our
results underscore the importance of integrating data from multiple multiomics sources,
demonstrating that this comprehensive analysis offers significant benefits over relying on
single data sources, leading to more effective and personalized cancer therapies.

4.1.2 Discussion Of Multiomics Research
With our work published in the article "Multiomics surface receptor profiling of the NCI-
60 tumor cell panel uncovers novel theranostics for cancer immunotherapy" (Heumos et
al. 2022 [74]) we showed that by combining the cell surface expression patterns of a
newly carried out flow cytometric screen with previously defined Tx and Px datasets of
the NCI-60 panel, we were able to identify potential tumor biomarkers for five out of the
nine cancer entities.

Since the identification of the found surface molecules is solely based on comparisons
within the NCI-60 tumor cell panel, we can’t classify them as biomarkers. But by cross-
analysis with the TCGA recount2 RNA-Seq data, which contains expression values in
healthy and tumor tissue, we were able to narrow down our data revealing tumor specific
biomarkers for two tumor entities, i.e., colon and renal cancer. A deeper investigation of
the TCGA data revealed that healthy tissue RNA-Seq data for skin, bone marrow, and
lymph nodes is missing. Therefore we were not able to validate our potential candidates.
Another benefit of the combination of the flow cytometry data with the already available
Tx and Px data by MCIA brought us was the strongly enhanced confidence in our initial
hits.

Further tumor biomarker candidates were validated using resources HPA and TCPA.
While earlier studies, including those summarized in the HPA, identified several promis-
ing cancer biomarkers, our research builds on this knowledge by focusing on markers
that are accessible on the cell surface. This makes them potential candidates for tumor-
specific immunotherapy. In particular, VCAM1 and EGFR have emerged as promising
targets for immunotherapy. Our data show that these biomarkers are highly expressed
on the surface of renal cancer cells, suggesting they could be effective targets for more
precise and targeted cancer treatments. Recruiting even more omics data from TCPA,
we were able to identify a potential tumor specific immunotherapeutic target down to the
specific cancer type. This would not have been possible at all, if the additional omics
resources would not have been publicly available. However, for e.g. VCAM1, no data
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4.1 A Showcase Of Integrative Multiomics Mitigating Analysis Bias

was available in the TCPA.
In general, the non-availability of reliable healthy versus tumor data, either on the

protein expression or gene expression level, can greatly hinder research. We were not
able to answer all open questions our experiments resulted in, due to missing data in
existing data sources. This can be a limitation for multiomics studies and any other
research work.

While the conducted research lead to the discovery of tumor specific cell surface
molecules of 5 cancer entities, there still is the open question why we were not able
to find specific cell surface marker expression patterns for lung cancer, breast cancer,
ovarian cancer, and prostate cancer. We hypothesize this might be due to the large het-
erogeneity of these tumor types in our data. Another reason could be that the signals of
the 5 cancer entities is so strong that it outshines the ones in the other 4. A possible fol-
low up analysis would be to repeat the MCIA with only these 4 cancer cell lines, gaining
deeper knowledge of their cell surface molecular profile.

The results of the first published manuscript demonstrate that one omics data type
is not enough for the detection and validation of biomarkers, and phenotype discovery.
Some omics methods employed still rely on one single reference genome (e.g. Microar-
ray or RNA-Seq). This can introduce bias in downstream analysis. In the following I
will present the results of the second research direction that I explored towards unbiased
graphical pangenomics analysis.
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4 Results And Discussion

4.2 Towards Unbiased Graphical Pangenomics Analysis
Reference-bias is the systematic error that can occur when using a single linear reference
genome for bioinformatics analysis. Pangenome graphs try to alleviate this issue. In
the following sections, I present my research that was published in the manuscripts 2,
3, and 4. The manuscripts share the same research question. How to leverage the full
potential of a pangenomics data set exploring novel, qualitatively different computational
methods and paradigms? My research focuses on new bioinformatics techniques for
pangenome graphs: human readable low-dimensional layout (manuscript 2), reference-
unbiased construction (manuscript 3), and understanding (manuscript 4).

4.2.1 Pangenome Graph Layout By Path-Guided Stochastic
Gradient Descent (Manuscript 2)

Since pangenome graphs can grow excessive in size on disk and in RAM (tens to hun-
dreds of gigabytes), a big challenge is to provide scalable and interactive visualizations
to better understand and analyze them. The basis of such a visualization can be a human
readable graph layout: A low dimensional graph embedding in 1D or 2D. This would
allow scientists to (interactively) explore the genotype and, by adding annotation, the
phenotype of pangenome graphs in detail.

A graph layout arranges nodes and edges in an N-dimensional space to minimize
overlaps, reduce edge crossings, and enhance clarity. Force-directed graph drawing, a
common approach [19], uses physical simulations with repulsive and attractive forces
to create visually appealing layouts. However, this method can get stuck in local min-
ima. Multi-layer strategies like the Fast Multipole Multilevel Method (FM3) [69] and
Stochastic Gradient Descent (SGD) [174] address this. "However, Zheng et al. 2019’s
SGD algorithm has a quadratic up front cost in the number of nodes to find pairwise
distances to guide the layout, making it impossible to apply to pangenome graphs with
millions of nodes. Also, existing generic graph layout approaches ignore the biological
information inherent in pangenome graphs."3

These issues are addressed in manuscript 2: We developed a new pangenome graph
layout algorithm: the Path-Guided Stochastic Gradient Descent (PG-SGD) [76] which
uses the biological information in the pangenome graph, the genomes encoded as paths as
an embedded positional system in the graph, to sample genomic distances between pairs
of nodes. This prevents the quadratic computational time of previous implementations
of graph drawing by Stochastic Gradient Descent (SGD) [174].

Inspired by Zheng et al. 2019 [174] our algorithm moves a randomly selected pair of
nodes (vi, v j) at a time, minimizing the disparity between the layout distance of a node
pair and their actual nucleotide distance in the genome. In a 2D layout, nodes have two
ends. For each movement of a node pair, we move one end of each node (Figure 4.2).

3From Heumos et al. 2024(b) [76].
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4.2 Towards Unbiased Graphical Pangenomics Analysis

The first node vi of a pair is a path step si uniformly sampled from all steps of P . The
second node v j of a pair is a path step s j sampled from the same path of si by drawing
a uniform or Zipfian distribution [177] with equal chance. This balances the global
and local layout updates: The Zipf sampling raises the chance that si and s j are close
in nucleotide space, refining the layout of nodes a few base pairs apart. The uniform
sampling captures long-range distances leading to a globally linear layout.

Figure 4.2: 2D PG-SGD update operation sketches. (a) The path information of the graph. path1
and path2 both visit the same first node. Then their sequence diverges and they visit distinct
nodes. (b-e) vi/v j or vi/vk is the current pair of nodes to update. ldi j/ldik is the current layout
distance. +r,−r is the current size of the update. (b) Initial graph layout highlighting the future
update of the two nodes of path1. (c) The graph layout after the first update. The nodes appear
longer now, because we updated at the end of the nodes. Highlighted is the future update of
the two nodes of path2. (d) The graph layout after the second update. Highlighted is the future
update of the two nodes of path1. (e) Final graph layout after three updates using the 2D PG-
SGD. Figure and caption modified from Heumos et al. 2024(b) [76].

We implemented the 1D and 2D PG-SGD algorithms in the ODGI [65] toolkit. Uti-
lizing a modified HOGWILD! [116] strategy, the multithreaded implementation uses
shared memory for storing the layout. Each layout update of each thread occurs without
any thread locking for unrestricted parallel computing and speed optimization.

I applied 2D PG-SGD to each of the chromosomal pangenome graphs of the HPRC
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4 Results And Discussion

[100]. Each graph consist of 90 whole human haplotypes. On average, a layout was
calculated within 50 minutes. The average memory consumption was 29.66 GB RAM.
BandageNG, the current state-of-the-art for graph visualization, required 8 times more
time while using 2 times more memory to process the same data. To benchmark scala-
bility, I applied the 2D PG-SGD to the full graph with all chromosomes together. Here,
BandageNG was unable to produce any layout within 1 week while 2D PG-SGD took
around 1 day. I generated 2D visualizations of all the HPRC chromosomal pangenome
graphs revealing biological features of the different parts of the chromosome 6 HPRC
graph. In Figure 4.3, I show how the 2D PG-SGD’s layout reveals biological features of
the different parts of chromosome 6 HPRC graph, zooming in on the MHC region.

The 1D and 2D layouts produced by PG-SGD offer an unprecedented high-level view
on pangenome graphs. The algorithm can be extended to any number of dimensions.
This might open doors to detect and classify variants in the future. The algorithm’s
2D layout already is the foundation of upcoming pangenome graph browsers [48, 49]
which allow the incorporation of annotation. The PG-SGD layout techniques have been
applied to construct (Sections 2.4, 4.2.2) and analyze (Section 4.2.3) the first draft human
pangenome reference [100], as well as exploring the heterologous recombination of the
human acrocentric chromosomes [66].

Furthermore, they are applied in the understanding of pangenome graphs [65], see
Section 4.2.3. Of note, the 1D PG-SGD algorithm is the key step for the construction
of pangenome graphs [60, 75], specifically in the pipeline presented in the following
Section 4.2.2: PG-SGD orders the nodes according to their occurrence in the graph’s
embedded paths.

4.2.2 Cluster Efficient Pangenome Graph Construction With
nf-core/pangenome (Manuscript 3)

Current pangenome graph construction methods often introduce biases, excluding com-
plex sequences or rely on references. The PGGB pipeline [60] addresses such limitations
by iteratively polishing an all-vs-all whole-genome alignment graph. However, PGGB’s
bash implementation limits its ease of deployment, optimal use of compute resources,
and cluster scalability.

With manuscript 3, we aimed to compensate for that: We developed nf-core/pangenome
[75], a reference-unbiased approach to construct pangenome graphs (Figure 4.4). Mirror-
ing PGGB, nf-core/pangenome is implemented in Nextflow’s [36] latest domain-specific
language (DSL2) syntax and follows the nf-core [45] best practice development guide-
lines. Providing all software dependencies in biocontainers [33] makes the pipeline
portable and easy to install on HPC environments.

Unlike PGGB, nf-core/pangenome distributes the quadratic all-to-all base-level align-
ments across cluster nodes by dividing the approximate alignments into equally sized
tasks. I benchmarked the time spent on base-pair level alignments and demonstrated
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4 Results And Discussion

that it decreases linearly as the number of alignment problem chunks increases. To es-
timate the carbon dioxide equivalent (CO2e) emissions, I employed the nf-co2footprint
Nextflow plugin [88] for all reported results.

As a demonstration case, I built a pangenome graph of 1000 sequences of chromosome
19 of the 1000 Genomes Project (1KGP) [41]. While PGGB finished after 7 days, nf-
core/pangenome took 3 days. To assess the scalability of the pipeline, I constructed a
pangenome graph of 2146 E. coli sequences. Because of wall clock time restrictions
on our cluster, PGGB did not finish after 30 days. nf-core/pangenome built the graph
within 10 days. Both workflow scalability evaluations showed that nf-core/pangenome
is at least two times faster than PGGB while not increasing greenhouse gas emissions.

nf-core/pangenome offers a scalable way to build a comprehensive genotype resource,
but it remains unclear what implications this brings for the corresponding phenotypes,
and how one can understand the biology encoded in a pangenome graph. The next section
describes a tool that was specifically designed for the analysis and interpretation for
pangenome variation graphs.

4.2.3 Understanding Pangenome Graphs With ODGI
(Manuscript 4)

Analyzing the genotypes of hundreds of gigabase-scale genomes using pangenome graphs
is a major challenge. Highly repetitive regions (centromeres, segmental duplications,
and acrocentric chromosomes) increase the complexity of the operations performed on
graphs. Hence, fast and versatile software that can deal with the sheer size and complex-
ity of such graphs is required. However, this is not well supported by existing tools like
e.g., VG [59] or gfatools [94].

In manuscript 4 we present a newly implemented toolset named Optimized Dynamic
Genome/Graph Implementation (ODGI) [65]. ODGI implements an efficient variation
graph structure in computer memory that can be dynamically updated using multiple
CPU cores in parallel. "ODGI includes tools for detecting complex regions, extracting
pangenomic loci, removing artifacts, exploratory analysis, manipulation, validation and
visualization. Its fast parallel execution facilitates routine pangenomic tasks, as well as
pipelines that can quickly answer complex biological questions of gigabase-scale pange-
nome graphs."4 ODGI can handle pangenome graphs in the Graphical Fragment Assem-
bly (GFAv1) format. Most of the tools are implemented to be applied together by piping
the output from one tool into the next. Currently, ODGI includes more than 40 tools.
As a demonstration case (Figure 4.5), I analyzed the metrics of a 90-haplotype human
pangenome graph of the exon 1 huntingtin gene (graph name: HTTexon1) highlighting
some of ODGI’s key features:

• odgi viz, layout & draw: Pangenome visualization provides convenient insight

4From Guarracino, Heumos et al. 2022 [65].
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into genomic variation. odgi viz generates a linearized representation of the pan-
genome (Figure 4.5d) and is capable of handling full length human chromosomes.
odgi layout and odgi draw extend the visualization in 2D (Figure 4.3).

• odgi stats, depth & degree: Graphs statistics provide alternative ways to gain in-
sight into pangenomes complexity. odgi stats returns the number of nodes, edges,
paths, and graph length which can be interactively explored by the MultiQC [44]
ODGI module I implemented (Figure 4.5a). odgi degree and odgi depth compute
node degree and depth as defined by user-provided criteria (Figures 4.5b,4.5c).
These methods allow the detection of complex regions generated by highly repeti-
tive sequences (Figure 4.5).

• odgi squeeze & extract: Pangenomes can be constructed chromosome-wise. odgi
squeeze merges multiple graphs into the same file whilst preventing node ID colli-
sions (Figure 4.4). odgi extract extracts regions of the graph as defined by certain
criteria, allowing downstream processing of smaller subgraphs (Figure 4.5).

• odgi position: Pangenome graphs are flexible when it comes to coordinate sys-
tems. odgi position can use the coordinate system from a contained reference
genome to display coordinates and other localized features. Given annotation, I
implemented a way so that the positions of the annotation can be projected onto
the nodes of the graph (Figure 4.3). This serves as a key bridge between genotype
and phenotype in pangenomes.

I evaluated the performance for routine pangenomic tasks of ODGI and VG. I mea-
sured the execution time and memory usage of (i) transforming a GFAv1 file into a tool’s
native format, (ii) the extraction of a subgraph, (iii) the visualization of a pangenome
graph and, (iv) the finding of path positions in a pangenome graph. Generalizing across
all graph key operation evaluations, ODGI makes comparatively better use of multi-
threading and requires much less memory. Working with very complex graphs, for ex-
ample extracting the centromeric subgraph of chromosome 6, ODGI is up to 40 times
faster and requires 8 times less memory than VG. With ODGI we implemented a state-
of-the-art tool suite that can transform, analyze and visualize pangenome graphs at large
scale. Lifting over annotations, and detecting complex graph structures place the suite as
the bridge between traditional linear reference genome analysis and pangenome graphs.
This makes ODGI an inevitable tool not only for the detailed exploration of the genotype
of a pangenome graph, but also for it’s linking with annotation and other metadata for
the enhanced phenotype discovery.

Already now, the tools are the backbone of my pipelines such as PGGB (Section 2.4)
or nf-core/pangenome (Section 4.2.2). Since ODGI’s sequence model is alphabet ag-
nostic, it was already applied to RNA and protein [34] sequences. This makes it well
prepared for potential multiomics analysis: Exploring biology from different angles us-
ing different high-throughput technologies.
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Figure 4.5: Features of a 90-haplotype human pangenome graph of the exon 1 huntingtin gene
(graph name: HTTexon1): (a) Excerpt of vital statistics of the HTTexon1 graph displayed by Mul-
tiQC’s ODGI module. (b) Per nucleotide node degree distribution of CHM13 in the HTTexon1
graph. Around position 200 there is a huge variation in node degree. (c) Per nucleotide node
depth distribution of CHM13 in the HTTexon1 graph. The alternating depth around position 200
indicates polymorphic variation complementing the above node degree analysis. (d) odgi viz vi-
sualization of the 23 largest gene alleles, CHM13, and GRCh38 of the HTTexon1 graph. The 1D
visualization is a binned binary matrix, where the graph is ordered in 1D across the horizontal
axis, with each path represented by a row of the vertical axis. For each path, graph nodes are
arranged from left to right, with the colored bars indicating the paths and the nodes they cross.
White spaces indicate where paths do not traverse the nodes. Directly consecutive nodes are dis-
played with no white space between the two. (e) vg viz nucleotide-level visualization of 10 gene
alleles, CHM13, GRCH38 of the HTTexon1 graph focusing on the CAG variable repeat region.
Figure and caption are modified from Guarracino et al. 2022 [65].
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4 Results And Discussion

4.2.4 Discussion Of Pangenomics Research

With our work published in the article "Pangenome graph layout by Path-Guided Stochas-
tic Gradient Descent" (Heumos et al. 2024(b) [76]), we presented the first layout algo-
rithm for pangenome graphs that leverages the biological information available within
the genomes (and therefore genotypes) represented in the graph. Other generic graph
layout algorithms, such as the one offered by BandageNG, ignore this additional in-
formation. Our implementation efficiently computes the layout of pangenome graphs
representing thousands of whole genomes. Our method can be combined with annota-
tion, providing layouts for browsers, and ultimately enables scientists to explore the GP
relationship of a collection of sequences in a reference-unbiased manner.

Graph visualization is key for understanding the genotypes inherent of a pangenome
graphs, the genome variations. "The layouts produced by PG-SGD offer an unprece-
dented high-level perspective on pangenome variation. We implemented PG-SGD to
generate layouts in 1D and 2D. These graph projections have already been employed in
constructing and analyzing the first draft human pangenome reference [100], as well as
in the discovery of heterologous recombination of human acrocentric chromosomes [66].
Furthermore, they are applied in the creation and analysis of pangenome graphs for any
species [65, 60] (Sections 2.4, 4.2.2). Of note, there still remains a gap in interactive and
scalable solutions that merge layouts of large pangenome graphs with annotation. Our
algorithm will underpin new pangenome graph browsers for studying graph layouts, the
genome variation they represent [49]."5 Adding annotation or other metadata will shift
the analysis frame from a genotype-only to a GP one.

The performance analysis demonstrates that our 2D implementation surpasses Ban-
dageNG when handling large and complex pangenome graphs. As especially observed
with the chromosome 16 evaluation, our implementation’s speed is memory-bound. The
current data structure doesn’t consider the memory access pattern. Therefore, a CPU
cache optimized implementation could make use of the massive parallelized calculations
on a GPU. Such an effort is currently in progress [97].

"The classical force-directed layout methods of state of the art generic graph algo-
rithms, such as FM³-based ones, places nodes according to their attractive and repulsive
forces. This force can be seen as equivalent to how our 2D PG-SGD moves the nodes’
ends in 2D: If the nucleotide distance of the randomly chosen path steps is smaller than
the layout distance of the nodes’ ends, we move them closer together (“attractive force”),
else we move them further away (“repulsive force”). However, the key difference here
is that this approach is path-guided: Paths represent biological sequences in pangenome
graphs, so it is as if PG-SDG considers a “biological force” for placing the graph nodes.
Theoretically, it would be possible to combine our approach with a force-directed one.
Combining both methods, we might get the best of both worlds: multi-threadable PG-

5From Heumos et al. 2024(b) [76].
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4.2 Towards Unbiased Graphical Pangenomics Analysis

SGD iteratively applied to different graph-layout-levels. We can imagine that such an ap-
proach can lead to a further speedup when calculating the layout. However, for generic
graphs, this would only work if path information for each node could be added: We
would replace the classical physical simulation approach with our path-guided method.
If such information is not available, one could randomly cover the graph with paths. This
function is already provided in odgi cover. However, this is an NP-hard problem and our
preliminary solutions proved inefficient.

With assembly graphs we face the same problem: they usually do not carry path in-
formation during each assembly step. One could map the initial assembly reads back
against the assembly graph in order to build paths through the graph. This would allow
us to obtain a layout using PG-SGD.

PG-SGD can be extended to any number of dimensions. It can be seen as a graph em-
bedding algorithm that converts high-dimensional, sparse pangenome graphs into low-
dimensional, dense, and continuous vector spaces, while preserving biologically relevant
information. This enables the application of machine learning algorithms that use the
graph layout for variant detection and classification. Our future research involves lever-
aging these graph projections to detect structural variants and to identify and correct
assembly errors."6

Since the algorithm is sequence agnostic, we expect it works with RNA and protein
sequences to support pantranscriptome graphs [133] and panproteome graphs [34]. This
makes PG-SGD applicable in a multiomics setting. While this manuscript mostly fo-
cuses on the exploration of the genotypes, the algorithm introduced is the foundation for
comparative genomics and consequently GP discovery. 1D PG-SGD is a key a step when
building pangenome graphs.

With our work published in the article "Cluster efficient pangenome graph construction
with nf-core/pangenome" (Heumos et al. 2024(a) [75]), we presented an easy-to-install,
portable, and cluster-scalable pipeline for the reference-unbiased construction of pange-
nome variation graphs. We showed how the all-vs-all base pair level alignment process
can be distributed across nodes of a cluster reducing the wall clock time of constructing
a pangenome graph.

The core workflow steps of nf-core/pangenome have been successfully applied to
Neisseria meningitidis [171], wild grapes [28], humans [66, 100], grapevines [68], tau-
rines [109], chicken [119], and rats [160]. This highlights the community’s efforts
to establish a best-practice workflow for generating reference-unbiased and sequence-
complete pangenome graphs. "The modular domain-specific language (DSL) 2 pipeline
structure eases the exchange of key processes with alternative tools, the extent of the
pipeline with new tools, and the integration of parts of the pipeline with other (sub-
)workflows.

6From Heumos et al. 2024(b) [76].
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We have shown that we are able to perform all-vs-all base pair level alignments of
thousands of sequences. When executed on an HPC, nf-core/pangenome’s parallel work-
flow accelerates graph construction compared to PGGB. PGGB’s inability to assign indi-
vidual computational resources to each pipeline step leads to the allocation of one whole
node of an HPC, despite the fact that some processes can only make use of one thread.
This blocks valuable CPU cycles for other users working on the same HPC and ulti-
mately can lead to additional costs. In contrast, nf-core/pangenome does not have such
limitations: Nextflow’s process management enables the optimal workload of given com-
pute resources which can be especially important when running a pipeline in commercial
clouds.

Competing pipelines don’t use any workflow management system to connect their
processes [23], or their workflow language of choice is e.g. Toil [161, 77] which makes
them less user-friendly, less cluster efficient, and less portable [168]. nf-core/pangenome
is currently the only pangenomics pipeline that is optionally monitoring its CO2 foot-
print. The measurements have shown that constructing extensive pangenome graphs,
such as the 2146 E. coli graph, requires a considerable amount of energy. Therefore,
before executing environmentally questionable experiments, we would recommend thor-
oughly assessing both the rationale and the methodology.

Although we expect our pipeline to scale well for future pangenome graph construc-
tion challenges, such as for the next HPRC phase which targets 350 individuals, there still
is potential for further optimization: We consider using the IMplicit Pangenome Graph
(IMPG) [57], a tool that extracts homologous loci from all genomes mapped to a specific
target region. This would allow us to break the whole genome multiple alignments into
smaller pieces, construct a pangenome graph for each piece, and lace these together into
a full graph with gfalace [56].

We anticipate the pipeline, or its parts, will enhance current single linear reference
analysis methods to explore whole population variation instead of focusing on one ref-
erence only. Looking ahead, pangenome construction pipelines like nf-core/pangenome
will play a pivotal role in studying entire populations, single-cell whole genome sequenc-
ing analysis, and constructing personalized (medical) pangenome references [136] shin-
ing a light on previously unexplored GP relationships. Once we have built a graph, we
want to understand its biology."7

In our the article “ODGI: understanding pangenome graphs” (Guarracino, Heumos et
al. 2022 [65]), we introduce ODGI, a novel suite of tools that implements scalable al-
gorithms for detecting complex regions, extracting pangenomic loci, removing artifacts,
exploratory analysis, manipulation, validation and visualization. It serves as a bridge
between genotype and phenotype and works with reference-centric as well as reference-
unbiased pangenome graphs.

7From Heumos et al. 2024(a) [75].
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"Pangenome graphs stand to become a ubiquitous model in genomics thanks to their
ability to represent any genetic variant without being affected by reference bias [43].
However, despite this great potential, their spread is impeded by the lack of tools capable
of managing and analyzing pangenome graphs easily and efficiently.

By providing a set of standard analysis “verbs” to interact with pangenome graphs,
ODGI enables users to explore and discover important biological features captured in
this flexible, inclusive model. It provides tools to easily transform, analyze, simplify,
validate, and visualize pangenome graphs at large scale. In particular, lifting over an-
notations and linearizing nested graph structures place the suite as the bridge between
traditional linear reference genome analysis and pangenome graphs. With the increased
adoption of long read sequencing we expect pangenomic tools to become increasingly
common in the genomic studies at different taxonomic levels and in biomedical research.
This progression is already afoot, particularly for targets that involve complex variation,
such as cancer [30], plant pangenomics [7, 103, 114, 95, 8], and metagenomics [175].
Also, when studying animals like bovines [91, 144, 14].

Currently, bacterial pangenomes are best handled by specialized tools like PPanG-
Golin [62], PanGraph [111] or PanX [38]. The latter one doesn’t build a graphical repre-
sentation of a pangenome. But, it already has a very developed eco-system, which allows
a detailed analysis of bacterial pangenomes using an interactive GUI. Unlike these ap-
proaches, which provide a monolithic, integrated solution to understanding pangenomes,
ODGI is designed as a low-level toolkit that can work on a generic pangenome graph
model frequently used by other existing methods. We hope that this design renders it
useful to pangenome analysis pipeline authors. Other pangenome analysis platforms,
like PanTools [129] provide access to pangenome analyses at the scales we demonstrate
with ODGI, but use specialized de Bruijn graph models to achieve this. In contrast ODGI
supports the highly generic variation graph model, which has greater representational
power than de Bruijn graphs.

ODGI will facilitate disentangling, describing and analyzing a much larger set of vari-
ation than previously was possible with tools that depend on short reads and reference
genomes. Furthermore, users can even consider ODGI as a framework, taking advan-
tage of its algorithms to develop new and more advanced tools that work on pangenome
graphs, thus expanding the type of possible pangenomic analyses available to the scien-
tific community.

The performance analysis shows that ODGI outperforms VG when handling large,
complex pangenome graphs. Across the evaluation of key graph operations, ODGI’s
memory peak was 10GB. This makes it perfectly suited to be run interactively on a
recent laptop. We expect that ODGI will be able to handle the next phase of the HPRC,
a pangenome graph constructed from 350 individuals, without any problems.

While ODGI does not construct graphs from scratch nor is it capable of extending
them, it is already the backbone of the Pangenome Graph Builder pipeline [60] and nf-
core/pangenome [75]. Its static, large-scale 1D and 2D visualizations of the pangenome
graphs allow an unprecedented high-level perspective on variation in pangenomes, and
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have also been critical in the development of pangenome graph building methods. How-
ever, an interactive solution that combines the 1D and 2D layout of a graph with annota-
tion and read mapping information across different zoom levels is still missing. Recent
interactive pangenome graph browsers are reference-centric [12, 172], have a limited
predefined coordinate system [40], or focus primarily on 2D representations [166, 64].
Our graph sorting and layout algorithms can provide the foundation for future tools of
this type. We plan to focus on using these learned models to detect structural variation
and assembly errors.

ODGI has allowed us to explore context mapping deconvolution of pangenome graph
structures via the path jaccard metric. This resolves a major conceptual issue that has
strongly guided existing algorithms to construct pangenome graphs. Previously, great ef-
forts have been made to prevent the “collapse” of non-orthologous sequences in the graph
topology itself [94]. This has been seen as essential to making these new bioinformatic
models interpretable. While our presentation is primarily qualitative, our work demon-
strates that we can mitigate this issue by exploiting the pangenome graph not as a static
reference, but as a dynamic model of the mutual alignment of many genomic sequences.
Because pangenome graphs can contain complete genomes, we are able to query them
to summarize the information they contain in easily-interpretable and reusable pairwise
formats that are widely supported in bioinformatics. ODGI also projects variation graphs
into vector and matrix representations that allow the direct application of machine learn-
ing and statistical models to the pangenome. We expect that ODGI will provide a refer-
ence interface between pangenomic and genomic approaches for understanding genome
variation."8

The results of this manuscript showed that one main claim of this thesis holds true:
Analyzing reference-unbiased pangenome graphs gives access to GP relationships which
would not have been possible when using a single genome as a basis for biomedical
analyses.

4.3 Integrated Discussion

The common theme of my research was to explore computational analysis methods
mitigating analysis bias for enhancing genotype-phenotype discovery. Exploring the
genotype-phenotype relationships in complex biological settings, in particular in health-
care, depends on the utilization of high-dimensional and multi-modal data generated
by individual omics technologies. In biological data analyses, if only one data source
is available, there are significant limitations. Experts can analyze data extensively, but
a single data source can never model complex molecular mechanisms well enough to
answer complex questions comprehensively. Multifaceted data analysis has a huge po-
tential to revolutionize the field by integrating diverse biological data sources, enabling a

8From Guarracino, Heumos et al. 2022 [65].
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comprehensive understanding of complex molecular mechanisms, and driving advance-
ments in research, in healthcare, and targeted therapies. I argue that the integration of
biological data from different origins can act as a bridge to unite experts from diverse
research backgrounds, with the potential to positively impact the interdisciplinary re-
search for more precise and informed conclusions in both research and clinical contexts.
I approached the viability of computational methods mitigating analysis bias from two
different research directions.

The first part of my research exemplified how multiomics approaches integrate diverse
data types of various molecular layers, including DNA, RNA, proteins, and cell surface
molecules, each contributing to unique and comprehensive insights when understanding
complex cancerous processes, ultimately mitigating analysis bias. However, in multi-
omics research, bias can occur at various stages throughout any research process due to
the inherent subjectivity and decision-making of the individuals involved: (i) Selection
bias in data acquisition: In genomic studies, improper selection of samples or data points
can impact the generalization of the genetic results [46]. (ii) Measurement bias in data
generation: The instruments or measurement techniques are inconsistent. For example,
in transcriptome studies, varying RNA-Seq protocols can introduce bias [173]. (iii) An-
alytical bias in data analysis: Wrongly selecting statistical methods like normalization
methods for proteomics studies can lead to misinterpretation of protein abundance levels
[35].

Despite these biases, the core strength of multiomics lies in its ability to explore and
validate molecular mechanisms from multiple perspectives. Its real power, however,
emerges from integrating various biological layers, each representing distinct stages of
regulation and control. This approach uncovers complex interactions and dynamic net-
works that cannot be fully understood through a single perspective, reflecting how evo-
lution has leveraged multiple levels of biological information to fine-tune adaptation and
specialization. These layers, such as the genome or proteome, are examples of how di-
verse processes contribute to the overall functionality of organisms. However, this does
not mean multiomics is free of limitations.

One critical challenge in multiomics research is the biological variation across differ-
ent omics layers. Even when measuring the same cell line under identical conditions,
results can vary widely between transcriptomics and proteomics data [102]. This bio-
logical noise, when integrating both data types, can compound and partially explain the
poor correlation often observed between transcriptomics and proteomics measurements.
Furthermore, in dynamic systems such as perturbation experiments, there is often a time
lag between changes at the transcript level and those observed at the protein level, further
complicating data integration. Integrating single-cell RNA sequencing (scRNA-seq) with
other omics layers, such as proteomics, offers a promising solution to these challenges
by providing high-resolution, cell-type-specific data that reduces biological variability
and improves the alignment between transcriptomic and proteomic profiles [140]. This
approach allows researchers to more accurately capture the dynamic changes and cellu-
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lar heterogeneity, which can mitigate some of the noise and time lag issues inherent in
bulk measurements [169].

What I didn’t show in my research is that the algorithm choice influences the results
and their interpretation. Staying in the algorithm class of dimensionality reduction tech-
niques, an alternative to the applied MCIA is Multi-Omics Factor Analysis 2 (MOFA2)
[3] which, in contrast to MCIA, can actually work with missing values by imputation.
On the other hand, MOFA2 models Gaussian noise and forces sparsity constraints on
latent factors. This makes MOFA2 potentially more powerful, but interpretation harder
when analyzing the complex biological interactions of a multiomics data set justifying
my choice for using MCIA.

Further algorithmic approaches like data integration algorithms (e.g iCluster [130],
Similarity Network Fusion [22]), bayesian approaches (e.g. BNfinder [50]), or machine
learning approaches (e.g. CustOmics [10]) come with a comparatively high compu-
tational demand and the results are difficult to interpret. In the end, the algorithmic
approach must be chosen experiment by experiment. The interpretation potential, com-
putational intensity, availability of training data, and of course the biological question
provide guidance here. I opted for MCIA in this study, as it provides a more straight-
forward interpretation of the biological signals and interactions, which was crucial for
our experimental goals. Additionally, MCIA’s ability to handle multiple omics layers
in a balanced way made it a good fit for identifying novel biomarkers, which we sub-
sequently confirmed with other omics technologies. For a more comprehensive under-
standing, it would be beneficial to apply some of the aformentioned multiomics methods,
where applicable.

It’s important to recognize the critical role of data integrity in biological and medi-
cal sciences. As was shown, the resources of current public data bases like TCGA are
incomplete when it comes to the comparison of tumor versus healthy tissue. Another
factor for multiomics analysis is data quality. Low data quality can negatively impact
analysis results. Based on my research findings, I strongly support the current movement
in the field towards prioritizing data quality as a key focus. But, scientific data should
not only be of high quality, but findable, accessible, interoperable, and reusable (FAIR)
[167]. Maybe there already exists some protein tissue data for VCAM1, but it is just not
findable or accessible. The UK biobank is a great step into the right direction. For a sus-
tainable GP discovery, it is inevitable that every scientist lives up to the paradigm open
science with open data.

What I have discussed so far was about tackling analysis bias utilizing different omics
technologies. However, most nucleic acid omics technologies suffer from reference bias.
This motivated the second part of the research I conducted towards the overarching goal
of my thesis: pangenomics research.

Progress in pangenomics was hindered by selection bias in genomic analyses. Genome
inference technologies, like genotype arrays or NGS, were limited to easily detectable
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variants leading to a skewed understanding of genomic diversity. Specific variants in
more repetitive or complex regions of the genome are not observable with such tech-
nologies. Consequently, the identifiable variants are variants that would have been least
likely affected by reference bias in the first place.

The situation has changed. Thanks to recent advances in long read sequencing tech-
nology, we can now take a look at the dark parts of a genome. The most prominent
example is the T2T Consortiums’s first complete human genome assembly [112], com-
plemented with a fully assembled chromosome Y [117] and entirely assembled human
centromeres [104]. This effort is amplified by the Human Genome Structural Variation
Consortium (HGSVC) cataloging the structural variants of human. Bringing it all to-
gether, the HPRC has recently released the first draft human pangenome reference [100]
exemplifying how scientist can tackle reference bias in vitro and in silico for an advanced
genotype representation.

The pangenomic-centric aspect of my research presented in this dissertation aligns
with the second phase of pangenomics, which focuses on leveraging recent technological
advances to achieve a more comprehensive understanding of genomic diversity. While
my work extends this phase slightly, it contributes valuable insights into further enhanc-
ing genomic interpretation.

In manuscript 2 I led implementation efforts to project high-dimensional graphs into
a low-dimensional (human readable) space which helped to build and visualize a pange-
nome graph of the HPRC. Manuscript 3 details an approach to build pangenome graphs
efficiently on a cluster. Building up on the core algorithm to construct the pangenome
graph for the first phase of the HPRC, the pipeline would be a perfect candidate to build
the next iteration of a draft human pangenome reference. Finally, in manuscript 4, I con-
tributed toward novel algorithms developed in graphical pangenomics: ODGI, the Swiss
Army knife to understand pangenomes bridging pangenomics and traditional genomics
which allowed us to deeply explore the biology of the HPRC pangenome graph.

In general, the tools I contributed to and I developed have achieved considerable
prominence within the scientific community [151]. However, there are also some cur-
rently unresolved challenges ahead. What I often observed during my PhD is that sci-
entists fight over the one graphical data model that is best suited for pangenomics in
the long term. One prominent dispute is the juxtaposition of the reference pangenome
graph model of Heng Li [92, 93] versus the pangenome variation graph model from Erik
Garrison [55]. The first one allowed the HPRC to build graphs against which short and
long reads can be mapped efficiently [100]. It is also directly ready for linear reference-
based downstream analysis due to its ability to maintain the reference coordinate system
(even with existing traditional genomic tools). Reference pangenome-based methods are
still reference-biased. Their model requires that for each selected reference genome, one
graph is built. In contrast, a pangenome variation graph constructed with PGGB avoids
this bias by incorporating data from all genomes equally, without privileging any single
reference genome [78]. Furthermore, only a pangenome variation graph is able to model
the chromosome-crossing phenomenons like the recombination between heterologous
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human acrocentric chromosomes [66].
I was also actively involved in quite some discussions at the International Genome

Graph Symposium (IGGSy)9. The consensus from these discussions was that no single
pangenome graph model is universally applicable. Instead, the choice of data structure,
genomes, and algorithms used during and after graph construction should be tailored
to the specific use cases and research objectives. I expect for consortia like the HPRC
to provide human pangenome graph references for several major use cases. Once the
current algorithms have matured and read mapping is possible regardless of the used
graph construction algorithm, I envision that the pangenome graph variation model will
dominate in the scientific community, because of its flexibility and ability to represent a
greater biological range than the reference-biased pangenome graph model ever could.

Not necessarily staying in the graphical world, an alternative way would be to just
share the all-vs-all alignments with the community, from which they can build a local,
personalized graph with IMPG, potentially masking regions which are not required in
downstream analyses. We propose a foundational data structure that is universally appli-
cable, but allow for customization of the pangenome graphs based on specific use cases.
This approach offers a balanced solution, providing a common framework while accom-
modating individual needs for graph construction. This seems the most likely future
scenario from my current point of view. This approach would save CO2 emissions.

Another class of pangenome graph models is De Bruijn graphs, which encode genomic
sequences in a k-mer structure, which significantly distinguishes them from the two mod-
els presented above. Sophisticated tools for their construction and downstream analysis
exist [85, 83], but these graphs are challenging to interpret primarily due to their abstract
representation of genomic sequences as overlapping k-mers. This can result in complex
and dense graphs that are difficult to visualize and analyze. Additionally, because De
Bruijn graphs focus on k-mer overlaps rather than full sequences, they might obscure
important biological context and can be cluttered with errors or artifacts from sequenc-
ing. Research is ongoing to convert De Bruijn graphs to pangenome variation graphs
and vice versa [26], aiming to integrate a wide range of scientific tools for the benefit of
pangenomics researchers. However, the future of such concepts remains uncertain.

The general genomics community is still very skeptical about pangenomes. "Switch-
ing to these new tools seems such a hassle!" — This is an important observation. Even
when the scientific community acknowledges the superiority of a new approach, wide-
spread adoption can take years, if not decades. We can see this in the continued re-
liance on outdated references like hg19/GRCh37, despite the availability of more ac-
curate references like GRCh38. The adoption of pangenomic tools is likely to follow
a similar trajectory. Promoting a phased adoption strategy — where research groups
gradually incorporate pangenomic tools alongside existing methods — could ease the
transition. The development of interoperable software pipelines that allow for seamless
switching between linear and graph-based methods might accelerate acceptance. Addi-

9https://iggsy.org/ (last accessed August 2024)
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tionally, investing in benchmarking studies that directly compare pangenomic tools with
linear reference-based tools across diverse datasets will help provide the evidence the
field needs to justify the transition. One major promise pangenomes have to fulfill is
to improve read mapping accuracy while ideally not increasing the computational re-
quirement for this task. Indeed, there has been quite some academic advancements here
[124, 37, 59, 54, 115, 94, 135, 16]. However, competitors from the industry are run-
ning ahead: As reported by Illumina, their developed DRAGEN [9] tool does not only
align short reads best, but also fastest, because of the Field Programmable Gate Arrays
(FPGAs) Illumina employs. There have been academic efforts to develop hardware tai-
lored for computational pangenomics, like the PANORAMA [32] project, but this is in
progress. I envision that the future is hardware accelerated pangenomics. Quantum com-
puting could revolutionize the analysis of pangenomes [165] by significantly speeding
up the comparison and mapping of individual genomes to complex sequence graphs, a
process that is currently computationally intensive. It could also enhance the efficiency
of analyzing large-scale genomic datasets, enabling more rapid insights into genetic di-
versity and personalized medicine.

Despite these improvements in read mapping, there are other fields where pangenomic
methods were already successfully applied: GWAS [176, 81], improving crop breeding
[80, 98, 162], genetic diversity [99], disease resistance in plants [51], pathogen evolution
[171] and personalized medicine [136]. For these use cases the ODGI toolkit presented
in this thesis is well prepared. For example, its capability to calculate a dissimilarity
index between each pair of genomes enables scientists to find structural variants that
are strongly associated with binary phenotypes in cows [109]. When researching the
rice pangenome, it was discovered that there is a significant difference in the number
of unique genes of Asian (10,101) and African (1259) rice [128]. Further highlight-
ing the advantages of reference-unbiased methods like PGGB, the pangenome variation
graph of 82 A. thaliana genomes contains up to 30% more nucleotides compared to
reference-based (graph) methods. On average, reference-based graphs excludes 1.8% of
the sequence in H. sapiens chromosome 6 to 22.1% in E. coli in comparison to a PGGB
graph [61]. Recent studies on the transmissible cancer affecting Tasmanian devils, as
discussed by Dr. Rodrigo Hamede [148], highlight the importance of comprehensive
pangenome approaches. The use of pangenomics could be key in understanding and
managing diseases like the Tasmanian devil facial tumor disease (DFTD), where tradi-
tional reference-based methods might miss critical genetic variations involved in disease
transmission and evolution [72, 138].

But why is the community holding back? One reasonable worry is the potential in-
compatibility of traditional single linear reference tools and resources when compared
to the novel pangenomic ones. For example, genomic positions on a single reference
genome might be represented differently in a pangenomic context. This would affect
annotation and other downstream analysis. Large data portals like EMBL/EBI are aware
of this and transition their resources, like ENSEMBL [70], to better align with the pange-
nomics world, with a backwards compatibility to the single linear reference world. So
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the (pan)genomics world is in flux. I believe that at some point we will have the tradi-
tional resource and algorithms beneath the pangenomic ones. The biological questions
asked will determine which ones to use. In practice, the ultimate aim is that a user is not
aware which technology is currently being employed to answer hypotheses.

Despite the advances in pangenome graph algorithms like our PG-SGD, there remain
significant gaps in interactive visualization tools. Waragraph [49] and BandageNG face
challenges with interactivity and scalability. As was shown, BandageNG struggles with
large-scale graphs, making it difficult to visualize extensive pangenomic data effectively.
Furthermore, existing tools often lack advanced interactive features such as dynamic
zooming, filtering, and querying, which are crucial for in-depth exploration of complex
datasets. A proper pangenomic browser with a bridge to traditional genomics does not
exist. What one would wish for in the pangenome variation graph community is a tool
that is created following a professional design process employed by e.g., the developers
of PanVA [156]: Discover, Design, Implement, and Deploy [126]. Before the implemen-
tation, there was extensive discussion with long-term collaborators, visualization experts,
and genome scientist from academia and the industry interested in (pan)genomics visu-
alization. As is the de facto standard in the visualization community, a subsequent sci-
entific user evaluation of the implemented software as well as use case evaluations was
conducted. Future tools need to incorporate several key features: Enhanced interactivity
is essential, enabling users to zoom, pan, and filter large pangenomic datasets effectively.
Solutions that improve scalability will be crucial for handling the growing size and com-
plexity of pangenome graphs. Moreover, integrating pangenomic data with traditional
genomic resources will facilitate a more comprehensive analysis. By focusing on these
areas, we can develop more robust and user-friendly visualization tools, significantly
advancing our ability to analyze and interpret pangenomic data.

Another question that arises when working with large numbers of genomes: How
many genomes are enough? Do we have to sequence and assemble every single indi-
vidual? Is a pangenome growth curve helping here? In my opinion, the answer depends
on several factors: (i) The genomic complexity of a species: This refers to the struc-
tural and functional intricacies of an organism’s genome. For species with complex
genomes—characterized by large numbers of genes, extensive repetitive regions, or ex-
tensive structural variation—thousands to millions of genomes might be needed to fully
capture their genomic diversity. (ii) The genetic diversity of a species: Species with
high genetic diversity may require tens of thousands of genomes to capture rare variants
and understand population-specific differences. (iii) The research goals: For example
identifying the core pangenome might require fewer genomes. (iv) The technological
advances: Advances in sequencing technology and decreases in cost make it more feasi-
ble to sequence large numbers of genomes. One key technology here would be single–
cell whole genome sequencing. This would allow us to e.g. build pangenome graphs
from cells of a tumor tissue for a very fine granular GP research as never seen before.
Improved bioinformatics tools for assembling and analyzing pangenomes can help max-
imize the information obtained from each genome, potentially reducing the total number

56



4.3 Integrated Discussion

required. Ultimately, a universal solution does not exist. A pangenome growth curve can
provide valuable guidance, but the primary determinant should be the research questions
being addressed.

Assuming we sequenced every human being, we would be faced with several philo-
sophical implications and questions. First, the concept of genetic uniqueness would be
put to test. We would need to consider whether every individual is truly genetically
unique or if there are more fundamental commonalities that define humanity as a whole.
This raises questions about the nature of human identity: Is it primarily shaped by our
genome, or are environmental factors and personal experiences more influential? Al-
though having comprehensive genomic data would promote an in-depth understanding,
its practical relevance and utility in everyday applications would remain uncertain. To
address this, privacy protections must be reinforced, and genetic counseling should help
individuals interpret their data within a broader context. One key ethical concern would
be balancing the management such of a vast and detailed data pool with the autonomy
of individuals’ genetic information. If your genetic material shapes your social status,
how would this turn out? For example, there are already ongoing debates about whole-
genome sequencing of newborns [143]. The conclusive argument is that for us as a
species, we could live a bodily healthier life while for an individual, there are lot’s of
ethical, moral, technical, economic, and unknown issues involved. Furthermore, the
availability of complete genomic data introduces the risk of misuse, such as the cre-
ation of targeted biological threats. The ability to manipulate or potentially eradicate
individuals based on specific genetic traits poses serious ethical dilemmas and social
explosives. Frameworks like the Genetic Information Nondiscrimination Act (GINA)
could help safeguard against misuse of genetic information. However, to have a holistic
understanding of human health and behavior would require integrating this genomic data
with knowledge of environmental or lifestyle factors. Another hope is that such a data
source would bring us as humans closer: It can highlight commonalities despite some
individual differences. To summarize, such an endeavor would invite ongoing reflection
on the broader implications of human genetics and the role of technology in shaping our
future. A question for the reader here is: Would you like to get your genome sequenced
and make it publicly available?

As has already been mentioned, pangenome graph tools are not only capable to work
with genomic data, but also with transcriptome [133], genetic [96], or proteomic [34]
data presenting a paradigm shift for multiomics applications. Consequently, pange-
nomics does not only improve the characterization of genotypes on their own, but will
play a key role in future multiomics analysis for the enhanced GP discovery.

I used this integrated discussion to share my educated opinion about the benefits that
multiomics and pangenomic models offer for integrative research, especially in interdis-
ciplinary projects as well as sketching some future directions of these fields.
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5 Conclusion
In my thesis, I explored integrative analysis methods aimed at mitigating analysis bias
and enhancing genotype-phenotype discovery. Studying biological complexity requires
the use of high-dimensional and multi-modal data derived from various omics technolo-
gies. Solely relying on a single data source comes with significant constraints, as it
fails to adequately model intricate molecular mechanisms. Multifaceted data analysis
holds transformative potential by integrating diverse biological data sources, fostering a
thorough understanding of complex molecular mechanisms, and driving advancements
in research, healthcare, and targeted therapies. Integrating biological data from different
origins can bridge the gap between experts from varied research backgrounds, facilitating
interdisciplinary research and yielding more precise and informed conclusions.

Progress in pangenomics has historically been prevented by selection bias in genomic
analyses, with genome inference technologies like genotype arrays or NGS limited to
easily detectable variants. This led to a skewed understanding of genomic diversity. Re-
cent advances in long-read sequencing technology allow the exploration of the dark parts
of a genome. The T2T Consortium’s first complete human genome assembly, exemplifies
how scientists can tackle reference bias both in vitro and in silico for a more advanced
genotype representation. This shift towards comprehensive genomic understanding is
further exemplified by the HPRC’s release of the first draft human pangenome reference,
highlighting the potential of integrating diverse genomic data to mitigate reference bias.

The tools and methods I developed contribute significantly to the second phase of
pangenomics, which leverages recent technological advances to achieve a more com-
prehensive understanding of genomic diversity. The integration of biological data from
various sources and the development of novel pangenomic tools underscore the trans-
formative potential of pangenomics and multiomics in advancing genotype-phenotype
research and bridging interdisciplinary gaps in the scientific community. So ...
Is it time to change the reference genome? [6] - I think it is!
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Appendix

A.1 Awards

1. IGGSy 2024 in Ascona, Switzerland: Student travel award 700 CHF.
2. ISMB Bio-Ontologies 2020, virtual: Best poster prize for Semantic Variation

Graphs: Ontologies for Pangenome Graphs.

A.2 Invitations

1. Japan NBDC/DBCLS Biohackathon 2019 in Fukuoka, Japan: Invited long talk
symposium speaker VG Browser: Interactive Visualization of Genome Variation
Graphs.

2. Institute for Medical Biometry and Bioinformatics October 2021 in Düsseldorf,
Germany: Invited Talk Exploring pangenome graphs and possible applications.

3. MemPanG23 in Memphis, TN, USA: Invited organizer, instructor, and chair of
pangenomics course and symposium MemPanG23.

4. Nextflow Summit 2023 in Barcelona, Spain: Invited talk Cluster scalable pange-
nome graph construction with nf-core/pangenome.

5. HPRC HUGO24 Workshop in Rome, Italy: Invited instructor of pangenomics
course for the HPRC.

6. MemPanG24 in Memphis, TN, USA: Invited organizer, instructor, and chair of
pangenomics course and symposium MemPanG24.

A.3 Grants

1. Research grant Pantograph by the Ministry of Economics and Energy (BMWi):
190,000C to research pangenome graph visualization. 2019.
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A.4 Teaching

A.4.1 QBiC
1. Data Management for Quantitative Biology Summer 2020: Tutor.
2. Grundlagen der Bioinformatik Summer 2022: Tutor.
3. Biomedical Data Management Summer 2023: Tutor.
4. M3 Workshop 2024: Speaker.

A.4.2 External
1. Utrecht Bioinformatics Center 2022, virtual: Teaching assistant virtual course Ad-

vanced Bioinformatics: data mining and data integration for life sciences.
2. MemPanG23 in Memphis, TN, USA: Invited organizer, instructor, and chair of

pangenomics course and symposium MemPanG23.
3. HPRC HUGO24 Workshop in Rome, Italy: Invited instructor of pangenomics

course for the HPRC.
4. MemPanG24 in Memphis, TN, USA: Invited organizer, instructor, and chair of

pangenomics course and symposium MemPanG24.

A.5 Mentoring
1. BSc supervision Die Konstruktion eines Lodderomyces elongisporus Pangenom-

graphen. May23-Aug23. Tübingen, Germany.
2. MSc supervision Joining medical data and pangenome graphs using the semantic

web. Oct23-Mar24. Tübingen, Germany.

A.6 Hackathons
1. NBDC/DBCLS Biohackathon 2019 in Fukuoka, Japan: Co-Project leader Panto-

graph, playing around with SequenceTubeMap and SPARQL.
2. Computomics Hackathon November 2019 in Tübingen, Germany: Progressing

Pantograph, playing around with pangenome graphs and SPARQL.
3. COVID-19 Biohackathon 2020, virtual: Co-Project leader Pangenome Browser

and Pangenome Ontology.
4. Crusco Biohackathon August 2020 in Lavello, Italy: Progressing PG-SGD with

Andrea Guarracino and Erik Garrison in Lavello.
5. ELIXIR Europe BioHackathon 2020, virtual: Project leader Federated Interoper-

able Annotated Variation Graphs.
6. nf-core/hackathon March 2021, virtual: Starting nf-core/pangenome.
7. ELIXIR Europe BioHackathon 2021 in Barcelona, Spain: progressing nf-core/pangenome.
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A.7 Miscellaneous

8. Pangenomics Bio Hacking 2021, virtual: Pangenome expert and participant.
9. nf-core/hackathon March 2022, virtual: Progressing nf-core/pangenome.

10. nf-core/hackathon March 2023, virtual: Progressing nf-core/pangenome.
11. nf-core/hackathon October 2023 in Barcelona, Spain: Progressing nf-core/pangenome.
12. nf-core/hackathon March 2024, virtual and Tübingen, Germany: Co-team leader

group pipelines. Finalizing nf-core/pangenome.

A.7 Miscellaneous
1. Associate member of the Human Pangenome Reference Consortium.
2. Reviewer for Oxford Bioinformatics.
3. Reviewer for United Kingdom Research and Innovation (UKRI).
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A.8 Printouts Of Core Publications
Publications contributing to this doctoral thesis, as listed in Chapter 1.1, are included in
the following appendix. The corresponding citations can be found in Chapter 1.1. All
publications are printed as published.

A.8.1 License Information
The first published article "Multiomics surface receptor profiling of the NCI-60 tumor
cell panel uncovers novel theranostics for cancer immunotherapy" is licensed under a
Creative Commons Attribution 4.0 International License (http://creativecommons.
org/licenses/by/4.0/), which permits use, sharing, adaptation, distribution and re-
production in any medium or format, as long as one gives appropriate credit to the origi-
nal author(s) and the source, provide a link to the Creative Commons license, and indicate
if changes were made.

The second published article "Pangenome graph layout by Path-Guided Stochastic Gra-
dient Descent" is licensed under a Creative Commons Attribution 4.0 International Li-
cense (http://creativecommons.org/licenses/by/4.0/), which permits use, shar-
ing, adaptation, distribution and reproduction in any medium or format, as long as one
gives appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons license, and indicate if changes were made.

The third published article "Cluster efficient pangenome graph construction with nf-core/
pangenome" is licensed under a Creative Commons Attribution 4.0 International License
(http://creativecommons.org/licenses/by/4.0/), which permits use, sharing, adap-
tation, distribution and reproduction in any medium or format, as long as one gives ap-
propriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made.

The fourth published article "ODGI: Understanding pangenome graphs" is licensed un-
der a Creative Commons Attribution 4.0 International License (http://creativecommons.
org/licenses/by/4.0/), which permits use, sharing, adaptation, distribution and re-
production in any medium or format, as long as one gives appropriate credit to the origi-
nal author(s) and the source, provide a link to the Creative Commons license, and indicate
if changes were made.
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Multiomics surface receptor profiling 
of the NCI‑60 tumor cell panel uncovers novel 
theranostics for cancer immunotherapy
Simon Heumos1,2†, Sandra Dehn3†, Konstantin Bräutigam4, Marius C. Codrea1, Christian M. Schürch5, 
Ulrich M. Lauer6,7, Sven Nahnsen1,2 and Michael Schindler3* 

Abstract 

Background:  Immunotherapy with immune checkpoint inhibitors (ICI) has revolutionized cancer therapy. However, 
therapeutic targeting of inhibitory T cell receptors such as PD-1 not only initiates a broad immune response against 
tumors, but also causes severe adverse effects. An ideal future stratified immunotherapy would interfere with cancer-
specific cell surface receptors only.

Methods:  To identify such candidates, we profiled the surface receptors of the NCI-60 tumor cell panel via flow 
cytometry. The resulting surface receptor expression data were integrated into proteomic and transcriptomic NCI-60 
datasets applying a sophisticated multiomics multiple co-inertia analysis (MCIA). This allowed us to identify surface 
profiles for skin, brain, colon, kidney, and bone marrow derived cell lines and cancer entity-specific cell surface recep-
tor biomarkers for colon and renal cancer.

Results:  For colon cancer, identified biomarkers are CD15, CD104, CD324, CD326, CD49f, and for renal cancer, CD24, 
CD26, CD106 (VCAM1), EGFR, SSEA-3 (B3GALT5), SSEA-4 (TMCC1), TIM1 (HAVCR1), and TRA-1-60R (PODXL). Further 
data mining revealed that CD106 (VCAM1) in particular is a promising novel immunotherapeutic target for the treat-
ment of renal cancer.

Conclusion:  Altogether, our innovative multiomics analysis of the NCI-60 panel represents a highly valuable resource 
for uncovering surface receptors that could be further exploited for diagnostic and therapeutic purposes in the con-
text of cancer immunotherapy.
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Background
Implementation of cancer immunotherapy by immune 
checkpoint inhibitors (ICIs) is one of the most recent 
transforming developments in oncology that strongly 
helped to improve overall survival of patients suffering 

from various cancers [1]. Its principle is based on the 
antibody-mediated blockage of inhibitory immune sign-
aling exerted by tumor cells to unleash the immune sys-
tem, with the overall goal to achieve a sustainable tumor 
elimination by the host’s intrinsic immune response. The 
first established ICIs target the PD1-PDL1 inhibitory axis 
on T cells to activate the cytotoxic T lymphocyte (CTL) 
response [1] and block signaling of the T cell inhibitory 
receptor CTLA-4 [2]. In this context, alternative strate-
gies are to activate not only T cells but also NK-cells [3], 
or to target general immune-inhibitory signaling axes, 
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i.e., the CD47-SIRPα pathway [4]. Conceivably, due to 
the nature of this approach, cancer immunotherapy via 
ICIs is unspecific, can have severe adverse effects and has 
a certain risk of complete therapy failure or could even 
result in an aggravation of the addressed malignancies 
[5]. Hence, there are ongoing efforts to improve immuno-
therapies, especially in terms of specificity, so that only or 
at least mainly tumor cells are killed [6].

Such approaches are based, for example, on bispecific 
antibodies that bind to a tumor antigen and are designed 
to crosslink T cells to the tumor cells via secondary bind-
ing to CD3 or another T cell-specific antigen [7]. In this 
way, cytotoxic T cells should be specifically recruited to 
and kill malignant tumor cells. This concept is further 
elaborated to recruit NK cells, and also has been devel-
oped in the context of chimeric antigen receptor (CAR) T 
cells [7, 8]. CAR T cells are engineered to express an arti-
ficial T cell receptor tumor-specific antigen. Altogether, 
efforts are undertaken to improve efficacy of immuno-
therapy and reduce side-effects by specific targeting of 
malignant tumor cells.

The key to improving and precisely targeting can-
cer immunotherapy is the knowledge of tumor-specific 
biomarkers accessible at the cell surface. Therefore, we 
hypothesized that a novel systematic screening of cancer 
cell lines using a distinct comprehensive flow cytometric 
approach should enable the identification of hitherto uni-
dentified cancer entity-specific cell surface receptors. For 
this, we took advantage of the NCI-60 tumor cell panel, 
a collection of 60 different human cancer cell lines that 
were established to facilitate systematic screening of anti-
tumor drugs (https://​dtp.​cancer.​gov/​disco​very_​devel​
opment/​nci-​60/​cell_​list.​htm) [9–12].

We systematically characterized the expression of 332 
receptors on the surface of the NCI-60 tumor cell collec-
tion using an array of flow cytometry-applicable antibod-
ies. The NCI-60 panel has already been comprehensively 
characterized via transcriptomics and proteomics [13, 
14]. While these latter approaches facilitate the identifi-
cation of tumor biomarkers, they do not give any infor-
mation on differential cell surface expression which is a 
prerequisite to exploit them as immunotherapeutic tar-
gets. Therefore, building on these high-quality public 
data sources, we analyzed the receptorome using flow 
cytometry and present an integrated three-layer multi-
omics approach. As a result of our cell surface receptor 
profiling using the NCI-60 tumor cell panel, we identi-
fied tumor biomarkers and immunotherapeutic targets 
that are readily accessible on the surface of human can-
cer cells via well-characterized antibodies. We anticipate 
new avenues for the development of highly specific and 
targeted immunotherapeutic approaches using the pre-
sented data as a resource.

Methods
Cell culture
The NCI-60 tumor cell panel from the US National Can-
cer Institute was purchased from Charles River Labo-
ratories (Charles River Laboratories Inc., New York, 
NY, USA). All cell lines were cultivated in RPMI-1640 
medium supplemented with 10% fetal calf serum (FCS), 
2 mM l-glutamine and 100  µg ml−1 penicillin–strepto-
mycin. Cells were cultured at 37 °C in an atmosphere of 
5% CO2.

Flow cytometric cell surface receptor screening
Before NCI-60 cells were used for flow cytometric analy-
ses they were cultured from nitrogen stocks and allowed 
to grow for at least 2 weeks (four to five passages at maxi-
mum). Cells were detached by Accutase treatment and 
stained with the LegendScreen Human PE kit (BioLeg-
end) using 332 PE-conjugated antibodies essentially as 
described before [15, 16]. Cell surface expression of the 
332 receptors was measured via flow cytometry using 
the MACSQuant VYB Analyzer (Miltenyi Biotec). Flow 
cytometry data was analyzed with the FlowLogic (Milte-
nyi-Inivai) software to obtain the mean fluorescence 
intensity (MFI) values of each analyzed receptor.

General data curation and quality control
For data quality control, to compare the receptor MFIs 
across 2  weeks, and for the MCIA analysis, R version 
3.3.2 was used. For all other analysis the R version was 
4.1.3 [17]. All analysis scripts including input and output 
data can be found at https://​github.​com/​qbics​oftwa​re/​
QMSFC. The repository comes with a detailed README 
and Anaconda environments to ensure reproducibility of 
the results [18]. For all data sets, as BR.MDAMB468 is 
not present in the microarray data, we removed it from 
the data set. We also removed tumor cell line ME-LOX-
IMVI as it is lacking any melanin production and there-
fore it is most likely not a melanoma cell line [19]. We 
harmonized the cell names and annotated the cells to the 
respective tissue type [20, 21].

Flow cytometry data curation
For quality control, isotype control samples were ana-
lyzed separately from the data related to specific cell sur-
face staining. The 10 isotype controls were removed from 
the full FACS data and considered individually as visible 
in Additional file 1: Fig. S1, Additional file 2: Fig. S2, Addi-
tional file 3: Fig. S3, Additional file 4: Fig. S4, Additional 
file 5: Fig. S5, Additional file 6: Fig. S6. Furthermore, for 
a set of cell lines, a second independent legend screen 
was conducted 1  week after the first sampling to check 
for reproducibility of the procedure, this data is available 
in Additional file 7: Dataset S1. The 25 cell lines of which 
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a 2nd week measurement was performed were indepen-
dently analyzed from the original FACS data (MFI values) 
set. For each of the cell lines, a between paired samples 
correlation test using the R function correlation test with 
method Spearman was executed. Before testing, a Shap-
iro-Wilk test of normality ensured that none of the meas-
urements follow a normal distribution. For each receptor 
of each cell line pair, the log2 fold change was calculated. 
Furthermore, a between paired samples correlation test 
of all week 1 MFI value versus all week 2 MFI values was 
conducted. Before testing, an Anderson-Darling test for 
normality was performed. For further data analyses week 
1 measurements only were used to have consistent data 
for all cell lines. FACS data (MFI values) of the receptor 
expression of the tumor NCI-60 cell line panel was log 
transformed (base 10). For all other downstream analy-
ses, the raw expression values were used that are summa-
rized in the Additional file 8: Dataset S2.

Microarray data curation
Robust multi-array average (RMA) [22] normalized 
microarray data of the NCI-60 cell lines was fetched from 
the Gene Expression Omnibus using accession number 
GSE32474 [12, 23–27]. The HGNC symbols for the Affy-
metrix U133 Plus 2.0 chip were downloaded from the 
Ensemble BioMart Portal [28]. The microarray probes 
were annotated with the HGNC symbols. All unanno-
tated probes were discarded. We observed 37,989 distinct 
HGNC-Affymetrix identifiers and 19,473 unique HGNC 
symbols. We merged the expression values with the same 
HGNC symbol using their mean.

Proteome data curation
MaxQuant [29] processed proteome data of the NCI-60 
cell line panel was downloaded from PRIDE [30] using 
project number PXD005946 [14]. Label-free quantifica-
tion (LFQ) values were log transformed (base 10), and 
previously identified contaminant proteins [14], labeled 
in the dataset with “CON” or “REV”, were removed. Both 
cell lines HOP92 and SR were two times in the proteom-
ics data set. For each duplicate, we removed the cell line 
with more missing values. As the subsequent MCIA anal-
ysis can’t be performed with missing values, we only kept 
proteins with 60 measurements, 514 in total.

Hierarchical clustering
Hierarchical clustering was performed using Spearman 
correlation [31] for the distance metric with ward.D2 for 
the agglomeration.

MCIA
The omicade4 R package [19] was applied as an explora-
tory analysis to the transcriptomic study, the proteomic 

study and the FACS study of 58 cell lines. A customized 
version of the plotting function of omicade4 adds colors 
from the RColorBrewer package (https://​CRAN.R-​proje​
ct.​org/​packa​ge=​RColo​rBrew​er). Using the information 
given in the sample and feature space of the MCIA, cell 
tissue type hits of FACS (LE, ME, CO, RE, CNS) were 
manually selected with selectVar. The resulting FACS 
receptors were annotated with gene identifiers for down-
stream comparison with the RNA-Seq recount2 data 
analysis.

RNAseq data analysis
TCGA recount2 data of CNS, RE, CO, ME, LE was 
downloaded from the recount2 portal. For each of these, 
initial data processing was performed with the recount 
Bioconductor package [32]. Only samples with non-
empty metadata were kept. Samples were filtered for 
“Primary Tumor” and “Solid Tissue Normal”. Only for the 
RE and CO tissue types there were “Solid Tissue Normal” 
samples. For CO, we obtained 500 tumor and 41 normal 
samples, and for RE we obtained 899 tumor and 129 
normal samples, respectively. For both tissue type data, 
DESeq2 was applied in order to identify differentially 
expressed genes [33]. The experimental design formula 
was:
~gdc_cases.demographic.gender +  gdc_cases.demo-
graphic.race + gdc_cases.samples.sample_type.

Genes were classified as differentially expressed with a 
p-adjusted value < 0.05.

Human Protein Atlas data analysis
Available data for tissue protein expression in the Human 
Protein Atlas (HPA, [34]) was used for a systematic inves-
tigation of the eight differentially expressed molecules 
as identified by multi-omics. The expression of those 
eight molecules (CD24, CD26, CD106 [VCAM1], EGFR, 
SSEA4 [TMCC1], TIM1 [HAVCR1], SSEA3 [B3GALT5], 
TRA-1-60R [PODXL]) at the protein level was compared 
in normal renal tubules (in tissue cores of maximum 11 
patients) vs. renal cell carcinoma, clear cell and non-clear 
cell type (in tissue cores of maximum 40 patients). For 
some of these proteins, immunohistochemistry data from 
multiple different antibody clones were available which 
is shown in Additional file 9: Table S1, all of which were 
included in the analysis. For each patient/kidney sample, 
up to two different tissue cores were available. Normal 
and tumor kidney samples were not matched. The cohort 
(n = 23) of renal cell carcinomas comprised 21 clear cell 
renal cell carcinomas (91.3%) and two non-clear cell renal 
cell carcinomas (8.7%) for CD106 (VCAM1). For EGFR 
(n = 40), 31 clear cell renal cell carcinomas (77.5%) and 
nine non-clear cell renal cell carcinomas (22.5%) were 
included.
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Immunohistochemistry staining results were visually 
reviewed and jointly scored for each tissue core by two 
pathologists (K.B. and C.M.S.). The scoring was based 
on staining intensity and the amount of positive cells 
in a three-tiered manner, as follows: Intensity: 0: no 
expression; 1: weak expression; 2: moderate expression; 
3: strong expression. Amount of positive cells: 0: none; 
1: < 25%; 2: 25–75%; and 3: > 75% positive cells. Finally, 
the two values were multiplied, resulting in a modified 
immunoreactivity score (IRS, [35]) of values ranging 
between 0 and 9. In cases with two available tissue cores, 
the mean IRS was used for further analysis.

Data were visualized using GraphPad PRISM v.9.0.0. 
IRS scores of normal vs. tumor tissue were compared 
using the unpaired Mann-Whitney test. Two-tailed exact 
p-values < 0.05 were considered statistically significant. 
Limitations of the analyses: Firstly, the tissue cores of 
normal kidney tissue did not match tissue cores of renal 
adenocarcinoma. In addition, the sample size in the 
Human Protein Atlas was partially very limited and pos-
sibly affected statistical analysis. Moreover, some anti-
bodies showed paradox and contradictory staining, an 
important technical limitation.

The Cancer Proteome Atlas analysis
The Cancer Protein Atlas portal was accessed (https://​
tcpap​ortal.​org/​tcpa/​diffe​renti​al_​analy​sis.​html) in order to 
explore the functional proteomics landscape of all renal 
cell cancer subtypes in regard to EGFR expression. On 
the web interface “By tumor type” and Pan-Can 32 were 
selected. For “Select tumor A” always “Kidney renal clear 
cell carcinoma (KIRC) (445 samples)” was chosen. For 
“Select tumor B” either “Kidney Chromophobe (KICH) 
(63 samples)” or “Kidney renal papillary cell carcinoma 
(KIRP) (208 samples)” was selected. The results were fil-
tered by Protein Marker ID = EGFR and Gene(s) = EGFR.

Results
Cell surface receptor expression of the NCI‑60 tumor cell 
panel
The NCI-60 tumor cell panel is a collection of 60 dif-
ferent human cancer cell lines representing 9 different 
tumor entities: leukemia (LE), lung cancer (LC), colon 
cancer (CO), cancer of the central nervous system (CNS), 
melanoma (ME), ovarian cancer (OV), renal cancer (RE), 
prostate cancer (PR) and breast cancer (BR).

This panel is frequently used in cancer research, and 
various studies have performed detailed analyses of the 
transcriptome and proteome of these cell lines to iden-
tify cancer-specific biomarkers or potential therapeutic 
targets. However, surface residing biomarkers might be 
missed by the latter approaches, since when employing 
standard-proteomics membranes are largely excluded 

in the non-soluble fraction and dynamic internaliza-
tion processes of surface receptors, shedding and other 
mechanism that alter the receptorome are not detected 
by transcriptomics [15]. Furthermore, it remains unclear 
if biomarkers are also differentially expressed at the cell 
surface and may therefore be suitable targets for anti-
body-mediated immunotherapy. To close this important 
gap, we performed a medium-throughput flow cyto-
metric profiling of the NCI-60 tumor cell panel with an 
arrayed set of 342 PE-labeled antibodies (Fig. 1 and Addi-
tional file 8). To probe for measurement reproducibility, 
25 out of the 60 tumor cell lines were randomly selected 
for a subsequent measurement 1  week later, showing 
no significant differences (Spearman correlation coef-
ficient r = 0.91, p < 2.2e−16) in the absolute mean fluo-
rescence intensity (MFI)-values with same laser settings 
(Additional file 7). Importantly, data was matched to the 
corresponding isotype controls (IC) considering their 
background signal when calculating the true intensities. 
Detailed IC data is presented in Additional files 1, 2, 3, 4, 
5 and 6,

Multiomics analyses integrates flow cytometric data, 
proteomics and transcriptomics
It is important to note that differentially expressed recep-
tors might in a first instance represent general tissue 
markers, as well as cancer specific markers. Hence, our 
subsequent workflow aims to screen for common mark-
ers first, eliminate those and then perform subfiltering 
for tissue and cancer specific markers.

To identify the most robustly expressed cell surface 
receptors on the various tumor cell lines, we integrated 
our FACS data with previously generated transcriptomic 
(Tx) and proteomic (Px) profiles of the NCI-60 tumor cell 
panel [13, 14, 19]. To this end, we used multiple co-iner-
tia analysis (MCIA) to exploit the potential of the various 
omics data sets [19].

During data curation, two cell lines had to be removed 
(see “Methods”), eventually ending up with 58 tumor cell 
lines, each yielding 332 features based on flow cytometry, 
514 features from Px and 19,437 from Tx. Spearman dis-
tance was used to create a dendrogram of the various cell 
lines, visualizing their relationship and revealing poten-
tial differences in tumor cell line annotation upon utiliza-
tion of different omics data (Fig. 2).

Of note, flow cytometry-based characterization, i.e., 
relationships between tumor cell lines based on expres-
sion of cell surface receptors, was comparable to the 
annotation based on Tx data, and superior to Px. Flow 
cytometric analysis revealed specific clusters of the 
respective cell lines, in detail of central nervous system, 
renal, melanoma, colon and leukemia tumor cell lines, 
indicating that these might harbor unique identifiers. 
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For Tx, only lung cancer-derived tumor cell lines showed 
a more comprehensive clustering when compared to 
FACS, while ovarian, prostate and breast cancer cell lines 
were dispersed in all analyses (Fig. 2).

Comprehensive MCIA integrating all three omics 
approaches (Fig.  3) revealed distinct clusters for the 
individual cancer types (Fig.  3a). In fact, we observed 
a significant contribution of the flow cytometric sur-
face proteome data to the molecular profile of the indi-
vidual tumor cell lines. Furthermore, different tumor 
types showed similar molecular patterns, as they formed 
clusters within the sample space. In agreement to the 
relationship analyses based on the various single omics 
techniques (Fig. 2), the MCIA revealed unique signatures 
predominantly for melanoma (ME; yellow) and leukemia 
(LE; green), but also identifiable clusters for cancer of 
the central nervous system (CNS; red), renal cancer (RE; 
grey) and colon cancer (CO; blue) (Fig. 3a).

Figure 3b shows the variables (transcripts, proteins and 
surface receptors) and their contribution to the cluster-
ing. Moreover, scree plot analysis helped us to determine 
the number of factors that should be considered (Fig. 3c), 
hence the number of principal components (PCs) that 
contribute to variability and help to discriminate tumor 
entities. The first 10 PCs already account for 74.7% of 

the variance and therefore were included into MCIA. 
The pseudo-eigenvalues of the whole NCI-60 data set 
(Fig.  3d), including Tx, Px and flow-cytometry, demon-
strates that the integration of the receptorome data cru-
cially contributes to the total variance of the MCIA and 
is hence an essential denominator to identify biomarkers. 
Table 1 lists cell surface receptors that were identified as 
tissue specific biomarkers based on our MCIA. As antici-
pated, from the lack of clustering (Figs.  2 and 3a), no 
MCIA hits could be retrieved for lung-, breast, ovarian- 
and prostate cancer, which might also reflect the large 
heterogeneity of these cancer entities.

Identification of tumor biomarkers by integration of MCIA 
into recount2 RNA‑seq data
As discussed, the cell surface receptors identified by the 
MCIA do not necessarily represent tumor biomarkers, 
as we are lacking healthy control tissue to compare with 
the tumor cell lines. As an example, leukocyte specific 
marker CD2 is a T cell antigen. Therefore, while it is not 
surprising that MCIA identified CD2 as a leukemia spe-
cific receptor in comparison to all the other cancer enti-
ties, it is conceivable that CD2 is not a tumor marker. 
Having now identified differentially expressed surface 
markers by FACS and MCIA, we would now ideally 

Fig. 1    Flow cytometric profiling of the NCI-60 tumor cell panel. The NCI-60 tumor cell lines were analyzed for expression of 332 cell surface 
receptors by flow cytometry (see “Methods”). Shown is the distribution of the cell surface expression of all measured receptors as log10 mean 
fluorescence intensity (MFI). CNS cancer of the central nervous system, CO colon cancer, LE leukemia, LC lung cancer, BR breast cancer, ME 
melanoma, OV ovarian cancer, PR prostate cancer, RE renal cancer
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match the data with receptoromes of healthy control tis-
sue. Due to the lack of such data, we validated our MCIA 
hits with The Cancer Genome Atlas (TCGA; www.​can-
cer.​gov/​tcga) RNAseq count data, utilizing the recount2 
resource results (https://​jhubi​ostat​istics.​shiny​apps.​io/​
recou​nt/ [32]). This allows to compare data from malig-
nant with those from healthy tissues and hence to dis-
criminate tissue markers from tumor markers. To our 

surprise, we could only retrieve for colon and renal can-
cer comprehensive recount2 RNAseq data from tumor 
as well as healthy tissues. For our other cancer types 
that distinctly clustered by MCIA, we could retrieve no 
TCGA RNAseq count data comparing tumor to normal 
tissue, precluding this type of analyses. The differentially 
expressed genes for colon and renal cancer are listed in 
Additional file  10: Dataset S3 and Additional file  11: 

Fig. 2    Tumor cell line relationship using different omics techniques. A dendrogram of Tx (left), Px (middle) and flow cytometric (right) data 
obtained from the 58 tumor cell lines from the NCI-60 tumor cell panel was build using Spearman distance calculation. Tumor cell lines were color 
coded according to the cancer entity they represent. Blue, colon cancer (CO); brown, ovarian cancer (OV); orange, breast cancer (BR); pink, prostate 
cancer (PR); purple; lung cancer (LC); green, leukemia (LE); grey, renal cancer (RE); red, cancer of the central nervous system (CNS); yellow, melanoma 
(ME)
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Dataset S4. For both cancer entities, the five (colon) and 
eight (renal) identified MCIA receptors were differen-
tially expressed between healthy and malignant tissues 
and hence represent potential surface accessible tumor 
biomarkers (Table 2).

We next plotted the relative MFIs of the tumor bio-
markers and directly compared receptor expression on 
colon and renal tumor cell lines in the NCI-60 tumor 
cell panel to the other cell lines (Fig.  4). All receptors 
showed increased expression on colon and renal cancer 

Fig. 3    Multiple co-inertia analysis (MCIA) of the NCI-60 panel data. a (top left) The first two principal components of the MCIA plot show similar 
trends in microarray (Tx, circle), proteomics (Px, triangle), and flow cytometry (FACS, square) profiles, suggesting that the most variant sources of 
biological information are similar. The type of shape indicates the respective omics platform. Shapes are connected by lines joining a common 
point representing the maximized covariance reference structure derived from the MCIA analysis. The length of a line models the divergence 
between the data from the same tumor cell line. Colors represent the nine NCI-60 different tissues covered by the tumor cell lines. Central nervous 
system (CNS) and leukemia (LE) cell lines are separated along the first axis (PC1, horizontal). Melanoma (ME) was projected on the positive side of 
the second axis (PC2, vertical). b (top right) The variable space with data from the different omics techniques is colored coded (Tx, black; Px, red; 
FACS, green). A tissue specific feature will be projected in the direction of this tissue. The larger the distance from the origin, the more potentially 
significant a feature is. c (bottom left) A scree plot showing the eigenvalues on the y-axis and the number of PCs on the x-axis. Used to rationalize 
the number of PCs included in the analysis. d (bottom right) The pseudo-eigenvalue space of the NCI-60 data sets summarizes the consensus 
between the platforms, highlighting which omics technique contributes more to the total variance (Tx, black; Px, red; flow cytometry, green)
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cell lines as compared to the remaining tumor cell lines 
from the NCI-60 panel. Expression of CD15, CD104, 
CD324, CD326 and CD49f was specifically enriched on 
the surface of colon cancer-derived cell lines (Fig. 4a, left 
and primary FACS data in in Fig.  4b). Renal cancer cell 
lines in comparison to all other cancer entities expressed 
significantly higher cell surface levels of CD24, CD26, 
CD106 (VCAM1), TIM1, SSEA-3 (B3GALT5), SSEA-4 
(TMCC1), TRA-1-60R (PODXL) and EGFR (Fig. 4a right 
and primary FACS data in Fig. 4b).

Immunohistochemical analysis and validation of kidney 
tumor biomarkers using the human protein atlas
We next addressed the expression of kidney tumor bio-
markers at the protein level by using data from the 

Human Protein Atlas (HPA, www.​prote​inatl​as.​org, [34]). 
CD106 (VCAM1) protein expression tended to be lower 
in healthy renal tubules compared to renal adenocar-
cinoma (Fig.  5a–c). For EGFR, we observed the same 
trend with higher expression in the tumors (Fig.  5d, e). 
whereas one EGFR antibody clone had the opposite 
phenotype (Fig.  5e). Pooled analysis without that clone 
showed a significantly higher protein expression of EGFR 
in tumors compared to healthy tubules (p = 0.0030; exact, 
two-tailed; sum of ranks 199.5, 1397; Mann–Whitney 
U = 121.5; Fig. 5f ). There were no significant differences 
in expression between clear cell and non-clear cell renal 
cell carcinomas for CD106 (n = 23; p = 0.787; df = 5, 
value = 2.428, chi-squared test) and EGFR (n = 44; with-
out CAB068186 antibody; p = 0.432; df = 6; value = 5.919, 
chi-squared test).

  For CD24, we also observed moderately higher protein 
levels in tumors, which is depicted in Additional file 12: 
Fig. S7. For TRA-1-60R (PODXL), there were no signifi-
cant differences detected (Additional file 12, panel d, e). 
Interestingly, and in contrast to the expected outcomes 
from our mRNA analysis, we observed significantly lower 
expression levels of TIM1 (HAVCR1), SSEA4 (TMCC1), 
CD26 and SSEA3 (B3GALT5) in tumors compared to 
healthy renal tubules (Additional file 12, panel f–o). The 
whole data are summarized in Additional file 8: Table S1.

Hence, while previous studies including data summa-
rized in the HPA provided a list of promising candidates 
potentially suitable to use as cancer biomarkers, our data 
now critically expands this knowledge to markers that are 
surface accessible and are therefore candidates for tumor 
specific immunotherapy. Especially CD106 (VCAM1) 
and EGFR seem promising immunotherapeutic targets 
that show higher surface expression levels in the context 
of renal cancer.

Table 1  Tumor cell line specific cell surface markers based on MCIA analysis

Colon cancer (CO) Renal cancer (RE) Melanoma (ME) Central nervous system 
(CNS)

Leukemia (LE)

CD104   CD106   CD1a   CD105   CD100   CD28 

CD15   CD24   CD213a2   CD273B7DC   CD102   CD38 

CD324   CD26   CD317   CD275B7H2   CD11a   CD4 

CD326   EGFR   CD39   CD49e   CD18   CD45 

CD49f   SSEA-3   CD49d   CD80   CD184   CD48 

  SSEA-4   Integrin(a9b1)   MSCA1MSC   CD1b   CD5 

  TIM1   CD1c   CD50 

  TRA-1-60-R   CD1d   CD7 

  CD2   CD84 

  CD27   CD8a 

Table 2  CO and RE cancer cell surface biomarkers based on 
integrated MCIA and recount2

log2FoldChange pvalue padj receptor ID Gene ID

Colon cancer: recount2 analysis filtered by MCIA hits

 0.659 6.844e−10 3.064e−9 CD49f ITGA6

 0.503 1.923e−06 6.064e−06 CD15 FUT4

 0.328 0.016 0.029 CD104 ITGB4

 − 0.431 3.118e−06 9.609e−06 CD326 EPCAM

 − 0.489 2.994e−8 1.144e−7 CD324 CDH1

Renal cancer: recount2 analysis filtered by MCIA hits

 2.304 1.021e−36 1.237e−35 TIM1 HAVCR1

 1.726 4.503e−36 5.309e−35 CD106 VCAM1

 1.464 7.690e−63 2.500e−61 SSEA-4 TMCC1

 1.371 6.499e−11 2.119e−10 SSEA-3 B3GALT5

 1.200 1.296e−32 1.323e−31 EGFR EGFR

 0.681 9.772e−7 2.383e−06 CD26 DPP4

 0.464 1.575e−8 4.375−8 CD24 CD24

 − 1.856 7.622e−41 1.1002e−39 TRA-1-60-R PODXL
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Receptor expression of kidney cancer subtypes 
by functional proteomics
Reverse Phase Protein Array (RPPA) data of the “The 
Cancer Proteome Atlas” (TCPA, https://​tcpap​ortal.​org/​
tcpa/, [36]) was assessed in order to explore the EGFR 
functional proteomics landscape of all renal cell can-
cer subtypes evaluated in this portal: These are “Kidney 
Chromophobe” (KICH, n = 63), “Kidney renal clear cell 
carcinoma” (KIRC, n = 445), and “Kidney renal papillary 
cell carcinoma” (KIRP, n = 208). Since CD106 (VACM1) 
and EGFR seemed to be promising targets based on our 
previous analysis we checked the dataset for these two 

markers. No data for VCAM1 was found. For EGFR, 
KICH and KIRP were compared against KIRC, since 
KIRC is the most frequent renal cancer subtype. Both 
comparisons revealed a significant difference when com-
paring the expression levels of EGFR (Table 3).

This result is in slight contrast to HPA (Fig.  5), by 
which we did not find kidney cancer subtype specific 
differences in EGFR expression (Fig.  5). This is most 
likely due to the much smaller sample size in HPA with 
only nine non-clear cell renal cell carcinoma. More 
importantly, the TCPA analysis provides an independ-
ent confirmation of the high expression of EGFR in 

Fig. 4    Differential cell surface receptor expression on CO and RE cancer cell lines as compared to other tumor cell lines. a Shown is the relative 
MFI of each of the depicted receptors of each CO (n = 7, left) or RE (n = 8, right) cell line in comparison to all other tumor cell lines in the NCI-60 
panel (NCI). Each symbol represents the specific cell surface receptor expression MFI of one cell line. Statistical significance of overall differences in 
receptor expression (MFI) of CO or RE versus all other cell lines was calculated with a one-way ANOVA with multiple comparisons and a Kruskal–
Wallis test assuming non-gaussian distribution. b Primary FACS plots from representative cell lines of the various tumor entities. Plotted is the size 
of the cells (forward scatter, FSC) vs. the relative fluorescence expression of the respective cell surface marker (PE, mean fluorescence intensity, MFI). 
Note that no representative FACS plots are shown for ovarian cancer (OV), breast cancer (BR), prostate cancer (PR) and lung cancer (LC) because 
these cancer entities did not form clusters based on flow cytometric receptor expression (compare Fig. 2)
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renal cell cancer and further indicates that EGFR could 
be a subtype specific biomarker for kidney cancer.

Discussion
By employing a comprehensive flow cytometric screen 
and combined multiomics analyses (integrating previ-
ously defined Tx and Px datasets), we identified novel 
specific cell surface expression patterns in five of the 
nine cancer entities represented by the NCI-60 tumor 
cell panel.

In the first instance, these receptors do not repre-
sent tumor biomarkers, as their identification is based 
on comparisons within the NCI-60 tumor cell panel. 
However, by subsequent cross-analysis with the TCGA 
recount2 RNAseq data, which also comprises healthy 

tissue for comparison [32], we could deconvolute our 
data to identify tumor specific biomarkers for two 
tumor entities, i.e., colon and renal cancer.

In theory, MCIA of the NCI-60 tumor cell panel with 
Tx and Px data alone, followed by annotation of bio-
markers to their specific localization, also could have 
enabled the identification of cell surface specific recep-
tor expression. However, implementation of the flow 
cytometric screening data provides several advantages. 
First, it is clear from the MCIA that integration of the 
flow cytometric data critically expands the sample space 
and strongly contributes to the overall variation (Fig. 3). 
Second, by employing flow cytometry, which is an anti-
body-based detection method, we already pre-screen 
for surface markers that can be detected and targeted 
by antibodies, anticipating a subsequent exploitation of 
these receptors for both diagnostic and immunothera-
peutic (i.e., theranostic) applications. On the other hand, 
combining flow cytometry with the already available Tx 
and Px data by MCIA strongly enhanced confidence in 
our hits.

The initial MCIA revealed specific cell surface markers 
allowing to discriminate colon cancer (CO), melanoma 

Fig. 5    Expression of VCAM1 and EGFR in healthy vs. tumor tissue based on HPA data. a Representative tissue cores from the HPA showing 
immunohistochemistry (IHC) staining for VCAM1. Left core, normal kidney; right core, renal cancer. b, c Summarized data for immunoreactive scores 
(IRS) for normal (pooled n = 6) and tumor kidney (pooled n = 23) from two antibodies shown separately (b) and pooled (c). d Representative tissue 
cores from the HPA showing IHC staining for EGFR. Left core, normal kidney; right core, renal cancer. e, f Summarized data for IRS for normal (pooled 
n = 12) and tumor kidney (pooled n = 44) from five antibodies shown separately (e) and pooled (f). In f, antibody CAB068186 which showed 
opposite results was not included. Scale bars, 200 μm

Table 3  Kidney cancer (RE) subtype specific expression analysis 
of EGFR via functional proteomics (TCPA)

Comparison Expression A Expression B pvalue

KIRC vs. KICH 0.74176 0.32398 1.2851e−10

KIRC vs. KIRP 0.74176 0.21612 1.8623e−72
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(ME), renal cancer (RE), cancer of the central nervous 
system (CNS) and leukemia (LE) cancer cell lines from 
all other cell lines within the NCI-60 tumor cell panel 
(Table  1). On the other hand, for the other four cancer 
entities, i.e., lung cancer (LC), breast cancer (BR), ovarian 
cancer (OV) and prostate cancer (PR) we failed to anno-
tate a specific cell surface marker expression pattern, 
which might be due to the large heterogeneity of these 
tumor types.

We were surprised about our difficulties in find-
ing accessible and reliable data to compare our MCIA 
derived potential tumor biomarkers with healthy tissue. 
Only for healthy colon and renal tissue we succeeded 
to extract healthy tissue RNAseq count data from the 
recount2 data base, allowing to cross-validate our can-
cer cell line-derived markers for differential expression 
between malignant and healthy tissue. Direct investi-
gation of the TCGA portal revealed that healthy tissue 
RNAseq count data for skin, bone marrow, and lymph 
nodes is missing. Hence, further work to obtain omics 
data from healthy tissues in case of melanoma (ME), can-
cer of the central nervous system (CNS) and leukemia 
(LE) is warranted to obtain tumor markers for the latter 
tissues, too.

Ultimately, based on our MCIA, we identified CD15, 
CD104 (Integrin-β4), CD324 (E-cadherin), CD326 
(EpCAM), and CD49f as biomarkers for colon cancer and 
CD24, CD26 (DPP4), CD106 (VCAM1), TIM-1, SSEA-3 
(B3GALT5), SSEA-4 (TMCC1), TRA-1-60-R (PODXL) 
and EGFR for renal cancer. Of note, the colon cancer bio-
markers identified by our approach have been proposed 
as potential tumor markers in colorectal cancer before 
[37–43]. These findings raise confidence in our data and 
independently confirm the stringency in our experimen-
tal screening and MCIA on the one hand, but also suggest 
following up on these receptors as structures for tumor-
targeted immunotherapy. Similarly, for renal cancer, 
EGFR and TIM-1 are established tumor biomarkers for 
which immunotherapy has been proposed [44–46] and a 
phase I clinical trial with the goal to treat renal cell car-
cinoma with a TIM-1 targeting antibody indicated effi-
cacy with manageable adverse effects [47]. Beyond that, 
CD24 was also proposed as a renal cancer biomarker 
[48, 49] and is discussed as a “hot candidate” for targeted 
immunotherapy, as it emerged as a novel “don’t eat me”-
signal that is expressed on various tumors and prevents 
their phagocytosis by macrophages [50, 51]. The role of 
CD26 is less explored in renal cancer even though it is 
suggested as a target for immunotherapy in the context 
of other cancer entities including the generation of CD26 
directed CAR-T cells [52–56]. There is less experimental 
evidence establishing the other receptors identified by us 
as renal cancer-specific biomarkers. SSEA-3 and SSEA-4 

as well as TRA-1-60-R are described as stem cell mark-
ers with some associations to renal cancer, that might be 
linked with aggressive tumor progression in vivo [57–61].

Likewise, CD106 (VCAM1) might be an interesting 
and potential novel cell surface biomarker as well as an 
attractive target for immunotherapy in the context of 
renal cancer. Currently, the role of VCAM1 in renal can-
cer is less explored, with data pointing towards protec-
tive roles in this cancer entity [62], as well as a potential 
involvement of VCAM1 in tumor immune evasion [63]. 
Furthermore, VCAM1 plays an important role in anti-
tumor T cell responses and T cell infiltration into tumors 
[64, 65]. For VCAM1, EGFR and CD24 our findings were 
validated with healthy and tumor tissue data obtained 
from the Human Protein Atlas. This set of data provides 
further independent indications that VCAM1, EGFR and 
CD24 are highly expressed in renal cancers and that their 
high expression is a poor prognostic marker for survival 
[49, 66]. Given that EGFR and CD24 are already proposed 
and in the process of being therapeutically exploited, we 
now propose VCAM1 as a novel biomarker and target for 
cancer-specific stratified immunotherapy.

Furthermore, “The Cancer Proteome Atlas” resource 
enabled us to investigate kidney cancer subtype specific 
expression of EGFR, indicating that this receptor is a spe-
cific biomarker for clear cell renal cell carcinoma.

Conclusion
Altogether, our work adds a comprehensive panel of 
potential surface accessible cancer biomarkers which 
need to be further characterized by mining of databases 
and being evaluated in primary patient tumor tissue 
and healthy control tissues. Thus, our distinct approach 
demonstrates the power of open data integration and 
open science for fundamental and translational research. 
Furthermore, efforts to develop immunotherapeutic 
approaches utilizing these biomarkers, as for instance 
CAR T cells and bispecific antibodies for specific and 
direct elimination of these tumors are highly important 
and warranted.

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s12935-​022-​02710-y.

Additional file 1: Figure S1. Boxplot showing MFIs of all Isotype antibody 
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Additional file 5: Figure S5. Boxplot showing MFIs of all Mouse antibod-
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Additional file 6: Figure S6. Boxplot showing MFIs of Mouse IgG3 
antibodies only.

Additional file 7: Dataset S1. Correlation antibody staining, dataset 
showing the correlation in antibody staining from two different biological 
replicates in 2 subsequent weeks.

Additional file 8: Dataset S2. Dataset including all mean fluorescence 
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Additional file 9: Table S1. Table summarizing the results of the HPA 
analysis related to the biomarkers identified for renal cancer.

Additional file 10: Dataset S3. Dataset summarizing the analysis of the 
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tumor colon tissue.

Additional file 11: Dataset S4. Dataset summarizing the analysis of the 
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Additional file 12: Figure S7. This figure shows the results of the analysis 
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Abstract
Motivation: The increasing availability of complete genomes demands for models to study genomic variability within entire populations. 
Pangenome graphs capture the full genomic similarity and diversity between multiple genomes. In order to understand them, we need to 
see them. For visualization, we need a human-readable graph layout: a graph embedding in low (e.g. two) dimensional depictions. Due to a 
pangenome graph’s potential excessive size, this is a significant challenge.
Results: In response, we introduce a novel graph layout algorithm: the Path-Guided Stochastic Gradient Descent (PG-SGD). PG-SGD uses the 
genomes, represented in the pangenome graph as paths, as an embedded positional system to sample genomic distances between pairs of 
nodes. This avoids the quadratic cost seen in previous versions of graph drawing by SGD. We show that our implementation efficiently 
computes the low-dimensional layouts of gigabase-scale pangenome graphs, unveiling their biological features.
Availability and implementation: We integrated PG-SGD in ODGI which is released as free software under the MIT open source license. 
Source code is available at https://github.com/pangenome/odgi.

1 Introduction
Reference genomes are widely used in genomics, serving as a 
foundation for a variety of analyses, including gene annota
tion, read mapping, and variant detection (Singh et al. 2022). 
However, this linear model is becoming obsolete given the ac
cessibility to hundreds or even thousands of high-quality 
genomes. A single genome cannot fully represent the genetic 
diversity of any species, resulting in reference bias (Ballouz 
et al. 2019). In contrast, a pangenome models the entire set of 
genomic elements of a given population (Tettelin et al. 2008, 
Computational Pan-Genomics Consortium 2018, Eizenga 
et al. 2020, Sherman and Salzberg 2020). Pangenomes can be 
represented as a sequence graph incorporating sequences as 
nodes and their relationships as edges (Hein 1989). In the vari
ation graph model (Garrison et al. 2018), genomes are 
encoded as paths traversing the nodes in the graph.

A graph layout is the arrangement of nodes and edges in an 
N-dimensional space. Graph layout algorithms aim to find 

optimal node coordinates in order to minimize overlapping 
nodes or edges, reduce edge crossings, and promote an intui
tive understanding of the graph. One popular approach is 
force-directed graph drawing (Cheong and Si 2022) which 
uses physical simulation to produce esthetic layouts. The clas
sical approach combines repulsive forces on all vertices and 
attractive forces on adjacent vertices. This is prone to get 
stuck in local minima, but multi-layer strategies such as the 
Fast Multipole Multilevel Method (FM3) (Hachul and J€unger 
2005) or Stochastic Gradient Descent (SGD) implementations 
alleviate such a problem (Zheng et al. 2019). SGD uses the 
gradient of its individual terms to approximate the gradient 
of a sum of functions.

A pangenome graph layout can provide a human-readable 
visualization of genetic variation between multiple genomes. 
However, Zheng et al. (2019)’s algorithm has a quadratic up 
front cost in the number of nodes to find pairwise distances 
to guide the layout, making it impossible to apply to 
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pangenome graphs with millions of nodes. Also, existing ge
neric graph layout approaches ignore the biological informa
tion inherent in pangenome graphs. One such bioinformatics 
tool is BandageNG, the current state of the art for genome 
graph visualization. It uses FM3 which only considers the 
nodes and edges of a graph.

In practice, MultiDimensional Scaling (MDS) is applied to 
minimize the difference between the visual distance and theo
retical graph distance. This can be accomplished by using 
pairwise node distances to minimize an energy function. 
Since pangenome graphs represent genomes as paths in the 
graph, a reasonable distance metric would be the nucleotide 
distance between a pair of nodes traversed by the same path. 
Such path sampling would overcome the quadratic costs of 
previous versions of graph drawing by SGD.

Typically, force-directed layouts are hard to compute 
(Wang et al. 2014). Although, BandageNG applies FM3 for 
layout generation, its parallelism is bound by the number of 
connected graph components. Alternatively, the lock-free 
HOGWILD! method offers a highly parallelizable and thus 
scalable SGD approach that can be applied when the optimi
zation problem is sparse (Recht et al. 2011).

Here, we present a new pangenome graph layout algorithm 
which applies a Path-Guided SGD (PG-SGD) to use the paths 
as an embedded positional system to find distances between 
nodes, moving pairs of nodes in parallel with a modified 
HOGWILD! strategy. The algorithm computes the pange
nome graph layout that best reflects the nucleotide sequences 
in the graph. To our knowledge, no generic graph layout al
gorithm takes into account such path encoded biological in
formation when computing a graph’s layout.

PG-SGD can be extended in any number of dimensions. In 
the ODGI toolkit (Guarracino et al. 2022), we provide imple
mentations for 1D and 2D layouts. These algorithms have al
ready been successfully applied to construct and visualize 
large-scale pangenome graphs of the Human Pangenome 
Reference Consortium (HPRC) (Guarracino et al. 2023, Liao 
et al. 2023). In addition, we show that PG-SGD is almost an 
order of magnitude faster than BandageNG.

2 Algorithm
While PG-SGD is inspired by Zheng et al. (2019), we 
designed the algorithm to work on the variation graph model 
(Definition 2.1).

Definition 2.1. Variation graphs are a mathematical 
formalism to represent pangenome graphs (Garrison 
2019). In the variation graph G ¼ ðV;E;PÞ, nodes (or 
vertices) V ¼ v1 . . .vjVj contain nucleotide sequences. 
Each node vi has a unique identifier i and an implicit 
reverse complement �vi . The node strand o represents 
the node orientation. Edges E ¼ e1 . . .ejEj connect 
ordered pairs of node strands (ei ¼ ðoa;obÞ), defining 
the graph topology. Paths P ¼ p1 . . .pjPj are series of 
connected steps si that refer to node strands in the 
graph (pi ¼ s1 . . . sjpij); the paths represent the genomes 
embedded in the graph.   

We report PG-SGD’s pseudocode in Algorithm 1 and its 
schematic in Fig. 1. In brief, the algorithm moves one pair of 
nodes ðvi;vjÞ at a time, minimizing the difference between the 

layout distance ldij of the two nodes and the nucleotide dis
tance ndij of the same nodes as calculated along a path that 
traverses them. In the 2D layouts, nodes have two ends. 
When moving a pair of nodes, we actually move one end of 
each node. For clarification, an example is given in Fig. 1. vi 

is the node associated with the step si sampled uniformly 
from all the steps in P. vj is the node associated with the step 
sj sampled from the same path of si by drawing a uniform or 
a Zipfian distribution (Zipf 1932). The difference between 
ndij and ldij guides the update of the node coordinates in the 
layout. The magnitude r of the update depends on the learn
ing rate μ. The number of iterations steers the annealing step 
size η which determines the learning rate μ. A large η in the 
first iterations leads to a globally linear (in 1D) or planar (in 
2D) layout. By decreasing η, the layout adjustments become 
more localized, ensuring that the nodes are positioned to best 
reflect the nucleotide distances in the paths (i.e. in 
the genomes).

Originating from empirical inspection of word frequency 
tables, Zipf’s law states that a word with rank n occurs 1=n 
times as the most frequent one. This law is modeled by the 
Zipf distribution. Sampling sj from a Zipf distribution fixed 

Figure 1. 2D PG-SGD update operation sketches. (a) The path information 
of the graph. path1 and path2 both visit the same first node. Then their 
sequence diverges and they visit distinct nodes. (b–e) vi/vj or vi/vk is the 
current pair of nodes to update. ldij/ldik is the current layout distance. r ; − r 
is the current size of the update. (b) Initial graph layout highlighting the 
future update of the two nodes of path1. (c) The graph layout after the 
first update. The nodes appear longer now, because we updated at the 
end of the nodes. Highlighted is the future update of the two nodes of 
path2. (d) The graph layout after the second update. Highlighted is the 
future update of the two nodes of path1. (e) Final graph layout after three 
updates using the 2D PG-SGD.
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in the si’s path position space increases the possibility to draw 
a nucleotide position close to si. So there is a high chance to 
use small nucleotide distances ndij to refine the layout of 
nodes comprising a few base pairs. The Zipf distribution is 
also long-tailed, with many occurrences of low frequency 
events. However, extremely long-range correlations might 
not be captured sufficiently, resulting in collapsed layouts for 
structures that are otherwise linear. To provide balance be
tween global and local layout updates, in half of the updates 
(flip flag in Algorithm 1), the sj is sampled uniformly instead 
from a Zipf distribution, with uniform sampling being 
more favorable for global updates. Furthermore, to enhance 
local linearity (in 1D) or planarity (in 2D) of the graph lay
out, a cooling phase skews the Zipfian distribution after half 
of iterations have been completed. This increases the likeli
hood of sampling smaller nucleotide distances for the lay
out updates.

3 Implementation
We implemented PG-SGD in ODGI (Guarracino et al. 2022): 
the 1D version can be found in odgi sort and the 2D version 
in odgi layout. To efficiently retrieve path nucleotide posi
tions, we implemented a path index. This index is a strict sub
set of the XG index (Garrison et al. 2018) where we avoid to 
use succinct SDSL data structures (Gog et al. 2014). Instead, 
we rely on bit-compressed integer vectors, enabling efficient 
retrieval of path nucleotide positions to quickly compute nu
cleotide distances without having to store all pairwise distan
ces between nodes in memory. This approach ensures to scale 
on large pangenome graphs representing thousands of 
whole genomes.

Graph layout initialization can significantly influence the 
quality of the final layout. In the 1D implementation, by de
fault, nodes are placed in the same order as they appear in the 
input graph, although we also provide support for random 
layout initialization. In 2D, we offer several layout initializa
tion techniques. One approach places nodes in the first layout 
dimension according to their order in the input graph, adding 
either uniform or Gaussian noise in the second dimension. 
Another strategy arranges nodes along a Hilbert curve, an ap
proach that often favors the creation of planar final layouts. 
We also support fixing node positions to keep nodes in the 
same order as they are in a selected path, such as a reference 
genome. This feature allows us to build reference-focused 
graph layouts (Supplementary Fig. S1d).

Our implementation is multithreaded and uses shared 
memory for storing the layout in a vector, according to the 
HOGWILD! strategy (Recht et al. 2011). Threads perform 
layout updates without any locking for additional speed up. 
This approach is feasible since pangenome graphs are typi
cally sparse (Guarracino et al. 2022), with low average node 
degree. As a result, the updates only modify small parts of the 
entire layout. While the HOGWILD! SGD algorithm writes 
the layout updates to a shared non-atomic double vector, PG- 
SGD stores node coordinates in a vector of atomic doubles. 
This vector prevents any potential memory overwrites. Our 
tests revealed basically no performance loss with respect to 
the non-atomic counterpart.

4 Results
4.1 Performance
We apply the 2D PG-SGD to the human pangenome (Liao 
et al. 2023) from the HPRC to show the scalability of the al
gorithm. Experiments were conducted on a cluster with 24 
Regular nodes (32 cores/64 threads with two AMD EPYC 
7343 processors with 512 GB RAM) and 4 HighMem nodes 
(64 cores/128 threads with two AMD EPYC 7513 processors 
with 2048 GB RAM). We downloaded pangenome graphs 
for each autosome (24 in total) and for the mitochondrial 
DNA. Each graph represents 90 whole human haplotypes: 44 
diploid individuals plus the GRCh38 (Schneider et al. 2017) 
and CHM13 (Nurk et al. 2021) haploid human references 
(see Supplementary Table S1 for graph statistics). When ap
plied to these pangenome graphs using one Regular node 
for each calculation, odgi layout’s 2D PG-SGD implementa
tion obtains the graph layouts in 50 min on average, with the 
highest run time observed being chromosome 16 
(Supplementary Table S1). This is expected 
since chromosome 16 has one of the highest levels of segmen
tally duplicated sequence among the human autosomes 

Algorithm 1: Pseudocode of PG-SGD in 1D.
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(Martin et al. 2004). Repetitive sequences lead to graph 
nodes with a very high number of path steps, which are com
putationally expensive to work with (Guarracino et al. 
2022). Memory consumption is 29.66 GB of RAM on aver
age, with the memory peak again occurring with chromo
some 16, due to the path index building phase. Given its 
scalability, we applied 2D PG-SGD to the full graph with all 
chromosomes together using a HighMem node 
(Supplementary Table S1). To compare, BandageNG (https:// 
github.com/asl/BandageNG, last accessed July 2023), the cur
rent state of the art for graph visualization, was used to calcu
late a 2D layout of each of the HPRC pangenome graphs. For 
a fair comparison, we did not rely on BandageNG’s interac
tive GUI application, but we executed BandageNG layout, 
which directly emits a 2D graph layout similar to odgi layout. 
BandageNG was not able to produce a layout for the full 
graph within 7 days, hitting the wall clock time limit of the 
cluster. On average, PG-SGD is �8× faster than BandageNG 
while using �2× less memory.

4.2 Pangenome graph layouts reveal 
biological features
Graph visualization is essential for understanding pangenome 
graphs and the genome variation they represent. We show 
how 2D PG-SGD allows us gaining insight into biological 
data by looking at the graph layout structure. In Fig. 2a, the 
chromosomes of the HPRC graph show the large-scale struc
tural variations in the centromeres. Focusing on the major 
histocompatibility complex (MHC) of chromosome 6 
(Fig. 2b), the 2D layout reveals the positions and diversity of 
all MHC genes (Fig. 2c). In Fig. 2d, the C4A and C4B genes 
are highlighted. Complementary, we provide various 1D vis
ualizations in Supplementary Fig. S1.

5 Discussion
We presented PG-SGD, the first layout algorithm for pange
nome graphs that leverages the biological information avail
able within the genomes represented in the graph. Other 
generic graph layout algorithms, such as the one offered by 
BandageNG, ignore this additional information. Our imple
mentation efficiently computes the layout of pangenome 
graphs representing thousands of whole genomes.

Graph visualization is key for understanding genome varia
tions and the layouts produced by PG-SGD offer an unprece
dented high-level perspective on pangenome variation. We 
implemented PG-SGD to generate layouts in 1D and 2D. 
These graph projections have already been employed in con
structing and analyzing the first draft human pangenome ref
erence (Liao et al. 2023), as well as in the discovery of 
heterologous recombination of human acrocentric chromo
somes (Guarracino et al. 2023). Furthermore, they are ap
plied in the creation and analysis of pangenome graphs for 
any species (Guarracino et al. 2022, Garrison et al. 2023). Of 
note, there still remains a gap in interactive and scalable solu
tions that merge layouts of large pangenome graphs with an
notation. Our algorithm will underpin new pangenome 
graph browsers for studying graph layouts and the genome 
variation they represent (https://github.com/chfi/waragraph, 
last accessed July 2023).

The performance analysis shows that our 2D implementa
tion outperforms BandageNG when handling large, complex 

pangenome graphs. While BandageNG was not able to de
liver a layout of the whole HPRC graph within 1 week, 
our 2D PG-SGD calculated one within one day. There are 
some possible optimization approaches for future work to 
further improve the performance of PG-SGD, making it 
possible for interactive use. The data structure could be opti
mized to improve cache performance. Moreover, the high- 
degree of parallelism could be further exploited by using a 
GPU. In BandageNG, one cannot select the number of 
threads for the calculations. They are automatically chosen 
by the number of connected components of the graph to 
draw. This limits its parallelism and leads to an unbalanced 
workload. Since BandageNG was primarily designed for as
sembly graphs, one may have to adjust its parameters depen
dent on the input graph, in order to boost the layout 
generation or to adjust the highlighting of desired 
graph features.

The classical force model of state of the art generic graph 
algorithms, such as FM3-based ones, places nodes according 
to their attractive and repulsive forces. This force can be seen 
as equivalent to how our 2D PG-SGD moves the nodes’ ends 
in 2D: If the nucleotide distance of the randomly chosen path 
steps is smaller than the layout distance of the nodes’ ends, 
we move them closer together (“attractive force”), else we 
move them further away (“repulsive force”). However, the 
key difference here is that this approach is path-guided: paths 
represent biological sequences in pangenome graphs, so it 
is as if PG-SDG considers a “biological force” for placing 
the graph nodes. Theoretically, it would be possible to com
bine our approach with a force-directed one. Combining 
both methods, we might get the best of both worlds: multi- 
threadable PG-SGD iteratively applied to different graph 
layout-levels. We can imagine that such an approach can 
lead to a further speedup when calculating the 
layout. However, for generic graphs, this would only work 
if path information for each node could be added: we would 
replace the classical physical simulation approach with 
our path-guided method. If such information is not available, 
one could randomly cover the graph with paths. This func
tion is already provided in odgi cover. However, this is an 
NP-hard problem and our preliminary solutions proved 
ineffective.

With assembly graphs we face the same problem: they usu
ally do not carry path information during each assembly step. 
One could map the initial assembly reads back against the as
sembly graph in order to build paths through the graph. This 
would allow us to obtain a layout using PG-SGD.

PG-SGD can be extended to any number of dimensions. It 
can be seen as a graph embedding algorithm that converts 
high-dimensional, sparse pangenome graphs into low- 
dimensional, dense, and continuous vector spaces, while pre
serving its biologically relevant information. This enables the 
application of machine learning algorithms that use the graph 
layout for variant detection and classification. Our future re
search involves leveraging these graph projections to detect 
structural variants and to identify and correct assembly 
errors. Moreover, we are considering extending the algorithm 
to RNA and protein sequences to support pantranscriptome 
graphs (Sibbesen et al. 2023) and panproteome graphs 
(Dabbaghie et al. 2023), respectively.
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Figure 2. 2D visualizations of all chromosomes of the Human Pangenome Reference Consortium (HPRC) 90 haplotypes pangenome graph, chromosome 
6, the major histocompatibility complex (MHC), and the complement component 4 (C4). (a) odgi draw layout of the HPRC pangenome graph 90 
haplotypes. Displayed are all 24 autosomes and the mitochondrial chromosome. A red rectangle highlights chromosome 6 which is shown in the 
subfigure below. (b) gfaestus screenshot of the chromosome 6 layout. Colored in blue is the MHC. The hairball in the middle is the centromere. The black 
structures in the centromere are edges. (c) gfaestus screenshot of the MHC. All MHC genes are color annotated and the names of the genes appear as a 
text overlay. (d) gfaestus screenshot of the region around C4, specifically color highlighting genes C4A and C4B. The black lines are the edges of 
the graph.
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Abstract

Motivation: Pangenome graphs offer a comprehensive way of capturing genomic variability across
multiple genomes. However, current construction methods often introduce biases, excluding complex
sequences or relying on references. The PanGenome Graph Builder (PGGB) addresses these issues. To
date, though, there is no state-of-the-art pipeline allowing for easy deployment, efficient and dynamic use
of available resources, and scalable usage at the same time.
Results: To overcome these limitations, we present nf-core/pangenome, a reference-unbiased approach
implemented in Nextflow following nf-core’s best practices. Leveraging biocontainers ensures portability
and seamless deployment in HPC environments. Unlike PGGB, nf-core/pangenome distributes alignments
across cluster nodes, enabling scalability. Demonstrating its efficiency, we constructed pangenome graphs
for 1000 human chromosome 19 haplotypes and 2146 E. coli sequences, achieving a two to threefold
speedup compared to PGGB without increasing greenhouse gas emissions.
Availability: nf-core/pangenome is released under the MIT open-source license, available on GitHub and
Zenodo, with documentation accessible at https://nf-co.re/pangenome/1.1.2/docs/usage.
Contact: simon.heumos@qbic.uni-tuebingen.de, sven.nahnsen@qbic.uni-tuebingen.de

1 Introduction
The availability of high-quality collections of population-wide whole-
genome assemblies (Liao et al., 2023; Kang et al., 2023; Weller et al.,
2023; Zhou et al., 2022; Liu et al., 2020; Leonard et al., 2022) offers
new opportunities to study sequence evolution and variation within and
between genomic populations. A challenge is simultaneously representing
and analyzing hundreds to thousands of genomes at a gigabase scale.

One solution here is a pangenome. It models a population’s entire set
of genomic sequences (Ballouz et al., 2019). In contrast to reference-
based genomic approaches, which relate sequences to a linear genome,
pangenomics relates each new sequence to all the others represented in
the pangenome (The Computational Pan-Genomics Consortium, 2016;
Eizenga et al., 2020; Sherman and Salzberg, 2020) minimizing reference-
bias. Pangenomes can be described as sequence graphs which store DNA
sequences in nodes with edges connecting the nodes as they occur in
the individual sequences (Hein, 1989). Genomes are encoded as paths
traversing the nodes (Garrison et al., 2018).

© The Author 2024. 1
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Current pangenome graph construction methods exclude complex
sequences or are reference-biased (Chin et al., 2023; Minkin et al.,
2016). One recent approach that overcomes such limitations is the
PanGenome Graph Builder (PGGB) pipeline (Garrison et al., 2023).
PGGB iteratively refines an all-to-all whole-genome alignment graph that
lets us explore sequence conservation and variation, infer phylogeny, and
identify recombination events. PGGB was already extensively evaluated
(Garrison et al., 2023; Andreace et al., 2023) and applied to build the first
draft human pangenome reference (Liao et al., 2023). However, PGGB is
implemented in bash: This (a) makes it difficult to deploy on HPC systems,
(b) does not allow for a fine granular tuning of computing resources for
different steps of the pipeline (Sztuka et al., 2024), and (c) limits its cluster
scalability because PGGB can only use the resources of one node. These
limitations greatly hinder the broad application of large-scale pangenomes.

To compensate for that, we wrote nf-core/pangenome, a reference-
unbiased approach to construct pangenome graphs. Mirroring PGGB,
nf-core/pangenome is implemented in Nextflow (Di Tommaso et al., 2017).
In contrast to PGGB, nf-core/pangenome can distribute the quadratic all-
to-all base-level alignments across nodes of a cluster by splitting the
approximate alignments into problems of equal size. We benchmarked
the time spent on base-pair level alignments and show that it is reduced
linearly with an increase in alignment problem chunks. We showcase
the workflow’s scalability by applying it to 1000 chromosome 19 human
haplotypes, and to 2146 E. coli sequences, which were built in less than
half the time PGGB required while not increasing the CO2 equivalent
(CO2e) emissions.

2 Material and Methods

2.1 Pipeline overview

The pipeline’s (Fig. 1a) input is a FASTA file compressed with bgzip (Li
et al., 2009) containing the sequences to create the graph. Sequence names
should follow the Pangenome Sequence Naming specification (PanSN-
spec) (Garrison, 2021). The primary output is a pangenome variation graph
(Garrison et al., 2018) in the Graphical Fragment Assembly (GFA) format
version 1 (GFA Working Group, 2016).

2.1.1 Core workflow
The core workflow of nf-core/pangenome is an exact mirror of PGGB (Fig.
1a). The pipeline comes with additional enhancements: (a) All concurrent
processes can be run in parallel. (b) Each process can be given individual
computing resources.

The first step in the nf-core/pangenome pipeline is the all-to-all
alignment of the input sequences with the whole-chromosome pairwise
sequence aligner WFMASH (Guarracino et al., 2024). This avoids
reference, order, or orientation bias, and allows each sequence in the
pangenome to serve as a reference when exploring related variation. In the
pangenome graph induction step SEQWISH (Garrison and Guarracino,
2022), an alignment to variation graph inducer, converts the sequence
alignments into a variation graph. We then normalize the graph with the
variation graph simplification algorithm SMOOTHXG (Garrison et al.,
2023): A 1-dimensional (1D) graph embedding (Heumos et al., 2023)
orders the graphs’ nodes to best-match the nucleotide distances of the
genomic paths of the graph. Next, the graph is split into partially
overlapping segments. The sequences of each segment are realigned
with a local Multiple Sequence Alignment (MSA) kernel, partial order
alignment (POA) (Lee et al., 2002). Afterwards, the segments are laced
back together into a variation graph. By default, the SMOOTHXG process
is applied 3 times in order to smoothen the edge effects at the boundaries
of the segments. Finally, we employ GFAFFIX (Liao et al., 2023) to
systematically condense redundant nodes within the graph.

Basic graph build quality is evaluated with ODGI: Optimized
Dynamic Genome/Graph Implementation (Guarracino et al., 2022) for

understanding pangenome graphs. ODGI reports basic graph statistics and
diagnostic 1D and 2D visualizations. Optionally, nf-core/pangenome calls
variants against any (reference) path(s) in the graph using vg deconstruct
(Garrison et al., 2018). Finally, graph statistics and visualizations
are summarized in a MultiQC (Ewels et al., 2016) report. Pipeline
implementation details are given in Suppl. 5.1.

3 Results

3.1 Alignment jobs distribution evaluation

Generating all-vs-all alignments is a computationally quadratic problem.
To evaluate nf-core/pangenome’s alignment jobs scalability (detailed in
Suppl. 5.5), we applied it to 1024 E. coli genomes with varying numbers of
chunks. nf-core/pangenome’s alignment jobs distribution linearly reduces
the time spent on base-pair level alignments with increased chunks. The
CO2 consumption is not influenced by the number of chunks (Suppl.
Fig. 5.5).

3.2 Building a 1000 haplotypes chr19 pangenome graph

The Human Pangenome Resource Consortium (HPRC) recently built a
draft human pangenome reference of 90 haplotypes (Liao et al., 2023).
However, haplotype data for thousands of individuals already exists
generated by the 1000 Genomes Project (1KGP) (Durbin et al., 2010).
As a use case study, we used nf-core/pangenome to build a pangenome
graph of 1000 chromosome 19 haplotypes (Kuhnle et al., 2020) within
3 days. The CO2e was 22.52 kg. PGGB built the same graph within 7
days. In Fig. 1b the pangenome growth curve generated with PANACUS
(Liao et al., 2023) shows a growth of the number of nucleotides with an
increasing number of haplotypes. The size of the softcore pangenome does
not change with increasing numbers of haplotypes.

3.3 Building a 2146 sequences E. coli pangenome graph

To evaluate the pipeline’s scalability, we built a pangenome graph of 2146
E. coli sequences. nf-core/pangenome built the pangenome graph in 10
days, emitting 175.18 kg of CO2e. Due to wall clock time restrictions on
our cluster, PGGB was not able to finish the graph construction within 30
days. To build a reasonable pangenome growth curve (Fig. 1c) we dropped
all paths containing “plasmid” (130 in total) in their name. The softcore
pangenome of the graph does not change with an increasing number of
haplotypes (stable at 3Mb of sequence), but the general growth curve is
steep.

4 Discussion
We implemented nf-core/pangenome, an easy-to-install, portable, and
cluster-scalable pipeline for the unbiased construction of pangenome
variation graphs. It is the first pangenomic nf-core pipeline enabling
the comparative analysis of gigabase-scale pangenome datasets. The
pipeline’s core workflow steps were already successfully applied to
Neisseria meningitidis (Yang et al., 2023), wild grapes (Cochetel et al.,
2023), humans (Guarracino et al., 2023; Liao et al., 2023), grapevines (Guo
et al., 2024), taurines (Milia et al., 2024), and rats (Villani et al., 2024)
underpinning the community effort to focus on a best-practice workflow
to create reference-unbiased and sequence complete pangenome graphs.
The modular domain-specific language (DSL) 2 pipeline structure eases
the exchange of key processes with alternative tools, the extent of the
pipeline with new tools, and the integration of parts of the pipeline with
other (sub-)workflows.

We have shown that we are able to perform all-vs-all base pair
level alignments of thousands of sequences. When executed on an HPC,
nf-core/pangenome’s parallel workflow accelerates graph construction
compared to PGGB. PGGB’s inability to assign individual computational
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Fig. 1. (a) Schematic representation of the nf-core/pangenome workflow processes and detailed analysis steps. The input consists of one FASTA file containing all sequences. The pipeline
comes with 3 major entry points: Community detection (1), alignment distribution (2), and core workflow (3). Optional community detection (1) is performed on the input sequences.
If selected, the heavy all-to-all baise-pair level alignments (2) can be split into problems of equal size. nf-core/pangenome’s core workflow (3) is a direct mirror of PGGB. If running in
community mode, all communal graphs are combined into one (4) and the subsequent quality control subworkflow is executed. The output is a pangenome graph in GFA format. (b) + (c)
Pangenome growth curves of the built pangenome graphs. Growth type is defined as the minimum fraction of haplotypes that must share a graph feature after each time a haplotype is added to
the growth histograph. quorum >= 0: All sequences without any filtering are considered. quorum >= 10: Sequences traversed by at least 10% of the haplotypes. quorum >= 50:
Sequences traversed by at least 50% of haplotypes. quorum >= 95: Sequences traversed by 95% of haplotypes. (b) Pangenome growth curve of the chromosome 19 pangenome graph
of 1000 haplotypes. (c) Pangenome growth curve of the E. coli pangenome graph of 2013 haplotypes.

resources to each pipeline step leads to the allocation of one whole node
of an HPC, despite the fact that some processes can only make use of
one thread. This blocks valuable CPU cycles for other users working on
the same HPC and ultimately can lead to additional costs. In contrast,
nf-core/pangenome does not have such limitations: Nextflow’s process
management enables the optimal workload of given compute resources
which can be especially important when running a pipeline in commercial
clouds.

Competing pipelines don’t use any workflow management system to
connect their processes (Chin et al., 2023), or their workflow language of
choice is e.g. Toil (Vivian et al., 2017; Hickey et al., 2023) which makes
them less user-friendly, less cluster efficient, and less portable (Wratten
et al., 2021). nf-core/pangenome is currently the only pangenomics
pipeline that is optionally monitoring its CO2 footprint. The measurements
have shown that constructing extensive pangenome graphs, such as the
2146 E. coli graph, requires a considerable amount of energy. Therefore,
before executing environmentally questionable experiments, we would
recommend thoroughly assessing both the rationale and the methodology.

Although, we expect our pipeline to scale well for future pangenome
graph construction challenges, such as for the next HPRC phase which
targets 300 individuals, there still is potential for further optimization:
IMplicit Pangenome Graph (IMPG) (https://github.com/ekg/impg), a
tool that extracts homologous loci from all genomes mapped to a

specific target region. This would allow us to break the whole
genome multiple alignments into smaller pieces, construct a pangenome
graph for each piece, and lace these together into a full graph with
https://github.com/pangenome/gfalace.

We anticipate the pipeline, or its parts, will enhance current single
linear reference analysis methods to explore whole population variation
instead of focusing on one reference only. Looking ahead, pangenome
construction pipelines like nf-core/pangenome will play a pivotal role
in studying entire populations, single-cell whole genome sequencing
analysis, and constructing personalized (medical) pangenome references
(Sirén et al., 2023).

Software and data availability
Code and links to data resources used to build this manuscript
and its figures, can be found in the paper’s public repository:
https://github.com/subwaystation/pangenome-paper.
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5 Supplement

5.1 Implementation

nf-core/pangenome is written in Nextflow using its latest domain-specific
language (DSL) 2 syntax which facilitates a modular pipeline structure.
Each software tool is an individual process that is implemented in its
own module (https://nf-co.re/docs/contributing/modules). Processes are
concatenated into subworkflows (https://nf-co.re/docs/contributing/
subworkflows). Developed with the nf-core framework, the pipeline
follows a set of best-practice guidelines ensuring high-quality
development, maintenance, and testing standards. Specifically,
we provide community support via a dedicated Slack channel
(https://nfcore.slack.com/channels/pangenome), GitHub issues, and
detailed documentation (https://nf-co.re/pangenome/
1.1.2/docs/usage). Versioning and portability are enabled through (a)
semantic versioning (https://semver.org/) of the pipeline via tagged
releases on GitHub, (b) packaging software dependencies in archivable
containers so that the software compute environment is the same
across different systems, and (c) summarizing software versions and
parameters in the MultiQC report of the pipeline. nf-core/ pangenome uses
biocontainers to facilitate portability across different computing resources
like HPC clusters, cloud platforms, or local machines. Code changes
are evaluated with GitHub Actions’ continuous integration (CI) using
a pipeline-specific small test data set. For each new pipeline release, a
full-size test is run on Amazon Web Services (AWS) validating the code
integrity and cloud compatibility of real-world data sets. Specifically, a
pangenome graph is created from the 8 Saccharomyces cerevisiae strains
of the Yeast Population Reference Panel (YPRP) (Yue and Liti 2018).
The results of such a run are available on the nf-core webpage (https://nf-
co.re/pangenome/1.1.2/results/pangenome/results-0e8a38734ea3c0397f9
4416a0146a2972fe2db8b). Because we implemented our processes using
DSL2 nf-core/modules (https://github.com/nf-core/modules), they can be
distributed easily to other users to share commonly used processes or
subworkflows across pipelines. This boosts the reuse of existing work
done by the community to be integrated into future pipelines.

5.2 Chromosome community detection

Eukaryotic genomes are usually organized into chromosomes. Taking this
into account during graph construction, the chromosome groupings from
the input sequence are examined. Specifically, the homologies detected
in the all-to-all WFMASH mapping step are put into the Leiden (Traag
et al., 2019) clustering algorithm. The edge weight is mapped_length ∗
mapped_identity. For each of the resulting communities, the nf-
core/pangenome core workflow is executed in parallel. The communal
graphs are joined into one and a final round of quality control is applied (see
Fig 1a, brown tubes). In practice, this works well for large input sequences
with a large mapping length (>1Mb) filter, which was demonstrated
by Guarracino et al. (2023) when exploring the recombination between
heterologous human acrocentric chromosomes.

5.3 Compute environment

We applied the nf-core/pangenome pipeline v1.1.2 to various inputs
evaluating both the scalability of the all-vs-all alignment step as well
as the pipeline as a whole. We used Nextflow version 23.10.1.5891 and
Singularity version 3.8.7-1.el8 for each pipeline run. Experiments were
conducted on our core facility cluster (CFC) with 24 Regular nodes (32
cores / 64 threads with two AMD EPYC 7343 processors with 512 GB
RAM and 2 TB scratch space) and 4 HighMem nodes (64 cores / 128
threads with two AMD EPYC 7513 processors with 2048 GB RAM and
4TB scratch space). Each Nextflow process was given at most 64 threads.

This ensures a fair run time comparison with PGGB v0.5.4 which was
always executed on one Regular node via Slurm.

5.4 Estimation of the carbon footprint of pipeline runs

We also estimated the carbon dioxide equivalent (CO2e) emissions
of each nf-core/pangenome pipeline run using the nf-co2footprint
Nextflow plugin (https://github.com/nextflow-io/nf-co2footprint) v1.0.0-
beta. Using the Nextflow resource usage metrics and information
about the power consumption of the compute system, the plugin first
estimates the energy consumption for each pipeline task. It then uses
the consumed energy’s location-specific carbon intensity to estimate the
respective CO2e emission. The calculations are based on the carbon
footprint computation method developed in the Green Algorithms project
(www.green-algorithms.org) (Lannelongue et al., 2021).

5.5 Alignment jobs distribution

The computationally heavy all versus all base-pair level alignments can
be distributed across nodes of a cluster: First, WFMASH is run in
mapping mode (WFMASH MAP), finding all sequence homologies using
approximate alignments. The resulting Pairwise mApping Format (PAF)
file is split into chunks of equal problem size. The number of chunks is
manually selected. The value can be guided by the number and size of
the input sequences, and by the available hardware. Assuming the number
of chunks equals the number of nodes on a cluster, then potentially each
base-pair level alignment (WFMASH ALIGN) can be run in parallel on
each node (Fig. 1a, cyan tubes). All resulting PAFs are then forwarded to
the pipeline’s core workflow which is continued at the SEQWISH process.
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Fig. S1. Base-pair level alignment evaluation. CO2e emissions are stable across varying
numbers of chunks.

5.6 1KGP chromosome 19 data set

The FASTA of the chromosome 19 data set was downloaded in December
2023 from http://dolomit.cs.tu-dortmund.de/chr19.1000.fa.xz. The data
set is described in (Kuhnle et al., 2020). Statistics of the built pangenome
graph can be seen in Supplementary Fig. 5.6. The initial graph contains
over 97% of Ns. We applied odgi crush (odgi version 0.8.6), which crushes
consecutive Ns of all nodes containing Ns into just one N per node,
to the 1KGP chromosome 19 pangenome graph. This brings down the
number of Ns from over 3B to exactly 6000 (Suppl. Fig. 5.6). The 2D
visualization (Suppl. Fig. 5.6) is perfectly linear without any large SVs
present hinting that only short-read data was used to create the haplotype
sequences. In contrast, the 2D layout of the HPRC PGGB chromosome 19
pangenome graph (Heumos et al., 2023) clearly presents SVs, especially in
the centromere’s location. Investigating these complex regions of a human
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Fig. S2. Screenshot of the output of ODGI’s MultiQC module displaying the vital graph statistics calculated by odgi stats of the 1000 Genomes Project 1000 haplotypes chromosome 19
pangenome graphs. In the crushed graph consecutive Ns of all nodes containing Ns were merged into just one N per node. A: Number of adenine bases in the graph. C: Number of cytosine
bases in the graph. T: Number of thymine bases in the graph. G: Number of guanine bases in the graph. N: Number of bases with unknown base identity.

Fig. S3. odgi draw 2D layout displaying the graph topology of the crushed 1KGP pangenome graph. Structural variation would appear as bubbles.

chromosome is only possible when using long-read assemblies for graph
construction.

5.7 E.coli data set

The 2146 full length E. coli sequences originate from Genbank (Sayers
et al., 2021) and were downloaded 18 months ago. The initial pangenome
consisted of 2 graphical components (Suppl. Fig. 5.7). This means that
no strong homologies were found in some sequences. There can be many
reasons for additional graph components: (a) The chosen sequence identity
during the WFMASH mapping was not low enough. Although we went
for a low 90% sequence identity (as was done by Garrison et al. (2023)),
we still observe this additional graph component, so its sequence must be

quite dissimilar to all other sequences. (b) There is human contamination
in the bacterial sequences (Breitwieser et al., 2019). (c) Some sequences
from GenBank may be of a low quality or were misassembled. We then
used odgi explode to extract the largest graphical component, applied odgi
crush and dropped all paths containing “plasmid” in their path name with
odgi paths. This left us with one component and 2013 paths. In the 2D
visualization, we observe a highly connected graph (Suppl. Fig. 5.7). All
the reasons mentioned above, but especially horizontal gene transfer could
explain this phenomenon. Therefore, there are a lot of edge crossings in the
pangenome graph. The long stretches is dangling sequence. We speculate
that here the 88 thousand Ns could play role.
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Fig. S4. Excerpt of the 2146 sequences E. coli pangenome graph’s MultiQC report. Displayed are vital graph statistics by MultiQC’s ODGI module. A: Number of adenine bases in the
graph. C: Number of cytosine bases in the graph. T: Number of thymine bases in the graph. G: Number of guanine bases in the graph. N: Number of bases with unknown base identity.

Fig. S5. odgi draw 2D layout visualization of the 2013 haplotypes E. coli pangenome graph.

.CC-BY 4.0 International licensereview) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under a
The copyright holder for this preprint (which was not certified by peerthis version posted May 15, 2024. ; https://doi.org/10.1101/2024.05.13.593871doi: bioRxiv preprint 



Genome analysis

ODGI: understanding pangenome graphs

Andrea Guarracino 1,†, Simon Heumos 2,3,†, Sven Nahnsen 2,3, Pjotr Prins4 and

Erik Garrison 4,*

1Genomics Research Centre, Human Technopole, Milan 20157, Italy, 2Quantitative Biology Center (QBiC), University of Tübingen,
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Abstract

Motivation: Pangenome graphs provide a complete representation of the mutual alignment of collections of
genomes. These models offer the opportunity to study the entire genomic diversity of a population, including struc-
turally complex regions. Nevertheless, analyzing hundreds of gigabase-scale genomes using pangenome graphs is
difficult as it is not well-supported by existing tools. Hence, fast and versatile software is required to ask advanced
questions to such data in an efficient way.

Results: We wrote Optimized Dynamic Genome/Graph Implementation (ODGI), a novel suite of tools that imple-
ments scalable algorithms and has an efficient in-memory representation of DNA pangenome graphs in the form of
variation graphs. ODGI supports pre-built graphs in the Graphical Fragment Assembly format. ODGI includes tools
for detecting complex regions, extracting pangenomic loci, removing artifacts, exploratory analysis, manipulation,
validation and visualization. Its fast parallel execution facilitates routine pangenomic tasks, as well as pipelines that
can quickly answer complex biological questions of gigabase-scale pangenome graphs.

Availability and implementation: ODGI is published as free software under the MIT open source license. Source
code can be downloaded from https://github.com/pangenome/odgi and documentation is available at https://odgi.
readthedocs.io. ODGI can be installed via Bioconda https://bioconda.github.io/recipes/odgi/README.html or GNU
Guix https://github.com/pangenome/odgi/blob/master/guix.scm.

Contact: egarris5@uthsc.edu

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

A pangenome models the full set of genomic elements in a given spe-
cies or clade (Computational Pan-Genomics Consortium, 2018;
Eizenga et al., 2020b; Tettelin et al., 2008). In contrast to reference-
based approaches which relate samples to a single genome, these
data structures encode the mutual relationships between all the
genomes represented (Ballouz et al., 2019). A class of methods to
represent pangenomes involves sequence graphs (Hein, 1989; Paten
et al., 2017) where homologous regions between genomes are com-
pressed into single representations of all alleles present in the pange-
nome. In sequence graphs, node labels are genomic sequences with
edges connecting those nodes. A bidirected sequence graph can rep-
resent both strands of DNA. On this model, variation graphs add
the concept of paths representing linear DNA sequences as traversals

through the nodes of the graph (Garrison et al., 2018). For example,
a path can be a genome, haplotype, contig or read.

Pangenome graphs can be constructed by multiple sequence
alignment (Grasso and Lee, 2004; Lee et al., 2002) or by transitively
reducing an alignment between sequences to an equivalent, labeled
sequence graph (Garrison, 2019; Kehr et al., 2014). Current meth-
ods to build these graphs are still under active development
(Armstrong et al., 2020; Garrison et al., 2021; Li et al., 2020), but
they have largely settled on a common data model, represented in
the Graphical Fragment Assembly (GFA) format (GFA Working
Group, 2016). This standardization supports the development of a
reference set of tools that operate on the pangenome graph model.

Pangenome graphs let us encode any kind of variation, allowing
the generation of comprehensive data systems that builds the basis
for the analyses of genome evolution. The Human Pangenome
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Reference Consortium (HPRC) and Telomere-to-Telomere (T2T)
consortium (Jarvis et al., 2022; Logsdon et al., 2021; Miga et al.,
2020; Nurk et al., 2021) have recently demonstrated that high-
quality haploid and diploid de novo assemblies can be routinely
generated from third-generation long read sequencing data. We an-
ticipate that de novo assemblies of similar quality will become com-
mon, leading to demand for methods to analyze pangenomes.

Although pangenome graphs are data structures of utility to
researchers (Baaijens et al., 2019; Computational Pan-Genomics
Consortium, 2018; Garrison et al., 2018; Hickey et al., 2020;
Sibbesen et al., 2021), the scientific community still lacks a toolset
capable of operating on gigabase-scale pangenome graphs con-
structed from whole-genome assemblies. Such an effort began with
the VG toolkit (Garrison et al., 2018), but its tools do not efficiently
handle pangenome graphs presenting complex motifs that result
from repetitive sequences. Here, we refocus the effort with the
Optimized Dynamic Genome/Graph Implementation (ODGI) tool-
kit, a compatible, but independent pangenome graph interrogation
and transformation system specifically implemented to handle the
data scales encountered when working with pre-built constructed
pangenomes comprising hundreds of haplotype-resolved genomes.
ODGI offers a set of standard operations on the variation graph
data model (Fig. 1), generalizing ‘genome arithmetic’ concepts, like
those found in BEDTools (Quinlan and Hall, 2010), to work on
pangenome graphs. Furthermore, it provides a variety of tools for
graph visualization, sorting and liftover projections, all critical to
understand and exploit pangenome graphs.

2 Model

A pangenome graph is a sequence model that encodes the mutual
alignment of many genomes (Eizenga et al., 2020b; Garrison, 2019).
In the variation graph, V ¼ ðN;E;PÞ, nodes N ¼ n1 . . . njNj contain
genomic sequences. Each node ni has an identifier i and an implicit
reverse complement ni , and a node strand s corresponds to one of
such orientations. Edges E ¼ e1 . . . ejEj represent ordered pairs of
node strands: ei ¼ ðsa; sbÞ. Paths P ¼ p1 . . . pjPj describe walks over
node strands: pi ¼ s1 . . . sjpi j. When used as a pangenome graph, V
expresses sequences, haplotypes, contigs and annotations as paths.
By containing both the sequences and information about their rela-
tive variations, the variation graph provides a complete and power-
ful foundation for many bioinformatic applications.

3 Implementation

The ODGI toolkit builds on existing approaches to efficiently store
and manipulate pangenome graphs in the form of variation graphs
(Garrison et al., 2018). Similar to other efficient libraries presenting
the HandleGraph model (Eizenga et al., 2020a), the implementation
of ODGI’s tools rests on three key properties which hold for most
pangenome graphs:

1. They are relatively sparse, with low average node degree.

2. They can be sorted so that most edges go between nodes that are

close together in the sort order.

3. Their embedded paths are locally similar to each other.

These properties are used to build efficient dynamic variation
graph data structures (Eizenga et al., 2020a; Siren et al., 2020).
Sparsity (1) allows us to encode edges E using adjacency lists rather
than matrices or hash tables. The local linear structure of the graph
(2) lets us assign node identifiers that increase along the linear com-
ponents of the graph, which supports a compact storage of edges
and path steps as relativistic (usually small) differences rather than
absolute (always large) integer identifiers. Path similarity (3) allows
us to write local compressors that reduce the storage cost of collec-
tions of path steps.

ODGI improves on prior efforts, based on issues that arose dur-
ing our work with high-quality de novo assemblies that cover almost
all parts of the human genome (Logsdon et al., 2021; Nurk et al.,

2021). In particular, we find that it is necessary to support graphs
with regions of very high numbers of path traversals (high depth of
path coverage of some nodes, the so-called node depth). Such motifs
can occur in collapsed structures generated by ambiguous sequence
homology relationships in repeats found in the centromeres and
other segmental duplications. If we cannot process such regions, we
cannot understand them, and our only option is to build graphs that
do not include them. Our goal is to build tools that allow for a wide
range of uses of pangenome graphs, including cases with potentially
high path depth. To seamlessly represent such difficult regions, we
followed an approach implemented in the dynamic version of the
Graph BWT (GBWT) (Siren et al., 2020) and built a node-centric,
dynamic, compressed model of the paths. This design supports
node-local modification and update of the graph, which lets us build
and modify the graph and its paths in parallel.

We store the graph in a vector of node structures, each of which
presents a node-local view of the graph sequence, topology and path
layout (Algorithm 1). Expressed in terms of the variation graph V,
ODGI’s core Node structure includes a decoder that maps the neigh-
bors of each node to a dense range of integers. For a given Nodei

and neighbor Nodej, the decoder itself does not store the id of
Nodej, but rather a compact representation of the relative difference
between the node ids: d ¼ Nodei:id �Nodej:id. This keeps the size
of the encoding small, per common pangenome graph property (2).
We define the edges and path steps traversing the node in terms of
this alphabet of d’s.Each structure contains the sequence of the node
(Nodei:sequence), its edges in both directions (Nodei:edges), and a
vector of path steps that describes the previous and next steps in
paths that walk across the node (Nodei:path steps). For efficiency,
Nodei:sequence is stored as a plain string, while the edges and
path steps are stored using a dynamic succinct integer vector that
requires O(2nw) bits for the edges and O(5nw) bits for the path
steps, where n is the number of steps on the node and w is �log2ðnÞ
(Prezza, 2017).

To allow edit operations in parallel, each node structure includes
a byte-width mutex lock. All changes on the graph can involve at
most two Node structs at a time (both edge and path step represen-
tations are doubly linked). To avoid deadlocks, we acquire the node

Algorithm 1: ODGI’s relativistically packed Node structure

and the Step structure used to represent the paths as doubly

linked lists.

Struct Node contains

id 2 N // an identifier

lock // atomic locking primitive

sequence ¼ ½AjTjGjCjN�þ
// bit-packed vector of edges

edges ¼ ðxi; xjÞ� : ði; jÞ 2 ½1 . . . R�2

// bit-packed vector of id deltas

decoding x1 . . . xR 2 N
R

// bit-packed vector of path steps

path_steps ½Step1 . . . Stepn��
end

Struct Step contains

path_id 2 N // the path’s global id

is_rev 2 ð0; 1Þ // the step orientation

is_start 2 ð0; 1Þ // if first step in path

is_end 2 ð0; 1Þ // if last step in path

prev_d 2 ½1 . . . R� // d-encoded previous node

prev_rank 2 N // step rank on previous node

next_d 2 ½1 . . . R� // d-encoded previous node

next_rank 2 N // step rank on next node

end
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locks in ascending Node:id order and release them in descending
order. In addition to node-local features of the graph, we must main-
tain some global information. Specifically, we record the start and
end of paths, as well as a name to path id mapping in lock-free hash
tables. The use of lock-free hash tables lets us avoid a global lock
when looking up path or graph metadata, which would quickly be-
come a bottleneck during parallel operations on the graph. By avoid-
ing global locks, we implement many of the operations in ODGI
using maximum parallelism available. This approach is key to en-
able our methods to scale to the largest pangenome graphs that we
can currently build (with hundreds of vertebrate genomes).

4 Overview

ODGI provides a set of interrogative and manipulative operations
on pangenome graphs. We have established these tools to support
our exploration of graphs built from hundreds of large eukaryotic
genomes. ODGI’s tools are practical and able to work with high lev-
els of graph complexity, even with regions where paths present very
high depth nodes (105- to 106-fold depth). ODGI covers common
operations that we have found to be essential when working with
complex pangenome graphs:

• odgi build constructs the ODGI data model from GFA file

(Section 4.1).
• odgi view converts the ODGI data model into GFA file

(Section 4.1).
• odgi viz provides a linear visualization of the graph (Section 5.1).
• odgi draw renders a 2D image of the graph (Section 5.1).
• odgi extract excerpts subsets of the graph based on path ranges

(Supplementary Section S.3).
• odgi explode breaks the graph into connected components

(Supplementary Section S.3).
• odgi squeeze unifies disjoint graphs (Supplementary Section S.3).
• odgi chop breaks long nodes into shorter ones (Supplementary

Section S.3).
• odgi unchop combines unitig nodes (Supplementary Section S.3).
• odgi break removes cycles in the graph (Supplementary Section

S.3).
• odgi prune removes complex regions (Supplementary Section

S.3).
• odgi groom resolves spurious inverting links (Supplementary

Section S.3).
• odgi position lifts coordinates between path and graph positions

(Section 5.2).
• odgi untangle deconvolutes paths relative to a reference (Section

5.2).
• odgi tips finds path end points relative to a reference

(Supplementary Section S.2).
• odgi sort orders the graph nodes (Section 5.3).
• odgi layout establishes a 2D layout (Section 5.3).
• odgi matrix derives the pangenome matrix (Supplementary

Section S.5).
• odgi paths lists and extracts paths in FASTA (Supplementary

Section S.5).
• odgi flatten converts the graph to FASTA and BED

(Supplementary Section S.5).

• odgi pav computes presence–absence variations (Supplementary

Section S.5).
• odgi stats provides numerical properties of the graph (Section

5.4).
• odgi bin generates a summarized view of the graph

(Supplementary Section S.5).
• odgi depth describes node depth over graph and path positions

(Section 5.4).
• odgi degree describes node degree over graph and path positions

(Section 5.4).

Each tool focuses on a small set of related operations. Most read
or write the native ODGI format (‘og’ extension) (Fig. 1) and work
with standard text-based data formats common to bioinformatics.
This supports the implementation of flexible and composable graph
processing pipelines based on graphs (GFA/ODGI) and standard
bioinformatic data types representing positions, genomic ranges
(BED) and pairwise mappings (PAF). We use variation graph paths
to provide a universal coordinate system, representing annotations
and pairwise sequence relationships using the paths as reference and
query sequences. Thus, ODGI provides a set of interfaces that let us
approach these graphs from the perspective of standard reference-
and sequence-based data models. Indeed, by considering all paths in
the graph as potential reference or query sequence, we make graphs
invisible to downstream tools that operate on collections of sequen-
ces or rely on a reference sequence [e.g. SAMtools (Li et al., 2009)],
enabling interoperability. This approach benefits from the informa-
tion in the graph without requiring that we build an entirely new set
of bioinformatic methods to work in this difficult new pangenomic
research context.

4.1 Building the ODGI model
ODGI maintains its own efficient binary format for storing graphs
on disk. We begin by transforming the storage model of the standard
GFAv1 (GFA Working Group, 2016) format (in which nodes, edges
and paths are described independently) into the ODGI node-centric
encoding with odgi build. This construction step can be a significant
bottleneck, in particular as the size of the path set of the graph
increases. The process itself is lossless. A graph in ODGI format rep-
resents everything that is in the input GFAv1 graph, without any
loss of information. ODGI does not natively support GFAv2 or
rGFA. GFAv2 is similar to GFAv1, but includes process-related
annotations of assembly graphs not relevant for pangenome analy-
ses. rGFA embeds a single coordinate hierarchy over the graph that
links all sequences into a single base reference genome. This pos-
itional model depends on a particular graph induction algorithm Li
et al. (2020). In contrast, ODGI implements coordinate translation
dynamically (e.g. odgi position and odgi untangle), allowing use of
any embedded genome as a reference. Its input graphs can represent
any kind of alignment between the genomes. GFAv1 is fully capable
of representing many reference genome coordinate systems simul-
taneously, which supports a reference-agnostic approach that uses
the entire pangenome sequence space as a reference system. In doing
so, our approach has the advantage of maintaining backward com-
patibility with existing tools based on genome sequences.

The ODGI data structure (Algorithm 1) allows algorithms that
build and modify the graph to operate in parallel, without any glo-
bal locks. In odgi build, we initially construct the node vector in a
serial operation that scans across the input GFA file. Then, we seri-
ally add edges in the Node:edges vectors of pairs of nodes. Finally,
we create paths in serial, and extend them in parallel by obtaining

Fig. 1. Overview of the methods provided by ODGI (in black) and their supported input (in blue) and output (in red) data formats (A color version of this figure appears in the

online version of this article.)
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the mutex Node:lock for pairs of nodes and by adding the path step
in their Node:path steps vectors. This parallelism speeds ODGI
model construction by many-fold when testing against graphs made
from assemblies produced by the HPRC (Section 5.5).

To support interchange with other pangenome tools or text-based
processing, odgi view converts a graph in ODGI binary format to
GFAv1. ODGI utilizes the PanSN (Garrison, 2021) specification to
embed sample and haplotype information in the sequence name. This
harmonizes the biosample information present in FASTA, GFA, PAF,
VCF, BED, BEDPE, SAM/BAM and GFF/GTF formats related to the
graph and its embedded genome sequences. By embedding all sequen-
ces into a single hierarchical namespace related to fundamental bio-
logical groupings in the input (e.g. biosample, individual, pooled
group), PanSN allows us to utilize all assemblies in the pangenome as
a combined reference coordinate model.

5 Results

Here, we apply our methods to a series of analyses, highlighting
how ODGI can assist in exploring the biological features of pange-
nome graphs. We follow typical analyses that we have found critical

to interpreting whole genome alignments represented in the vari-
ation graph model.

To simplify our exposition, we will extract small graph regions
that are easy to interpret and describe. We focus on a handful of dif-
ficult loci from the human pangenome, extracting them from a
prototype human pangenome graph built with the Pangenome
Graph Builder pipeline (Garrison et al., 2021). Pangenome graphs
built from hundreds of haplotype-resolved de novo genome assem-
blies are very large, but it is often only necessary to work with only
a small portion of the genomes represented, such as a specific locus
(Fig. 2a) or a smaller region (Fig. 2b–g), or even a single gene
(Fig. 3). This simplifies the downstream analyses and reduces the
resources to work only with the extracted graphs. More on graph
extraction and edit operations can be found at Supplementary
Section S3.

5.1 Visualizing pangenome graphs
Visualization methods help us quickly gain insight into otherwise
opaque biological data. We find visualization essential for under-
standing pangenome graphs. We pursue a novel approach to visual-
ization with odgi draw and odgi viz, two tools that provide scalable

Fig. 2. Visualizing the major histocompatibility complex (MHC) and complement component 4 (C4) pangenome graphs. (a) odgi draw layout of the MHC pangenome graph

extracted from a whole human pangenome graph of 90 haplotypes. The red rectangle highlights the C4 region. (b–e) odgi viz visualizations of the C4 pangenome graph, where

eight paths are displayed: two reference genomes (CHM13 and GRCh38 on the top) and six haplotypes of three diploid individuals. (b) odgi viz default modality: the image

shows a quite linear graph. The links at the bottom indicate the presence of a structural variant (long link) with another structural variant nested inside it (short link on the

left). (c) Color by path position. The top two reference genomes and one haplotypes (HG01952#2) go from left to right, while five haplotypes go in the opposite direction, as

indicated by the black color on their left. (d) odgi viz color by strandness: the red paths indicate the haplotypes that were assembled in reverse with respect to the two reference

genomes. (e) odgi viz color by node depth: using the Spectra color palette with four levels of node depths, white indicates no depth, while gray, red and yellow indicate depth

1, 2 and greater than or equal to 3, respectively. Coloring by node depth, we can see that the two references present two different allele copies of the C4 genes, both of them

including the HERV sequence. The entirely gray paths have one copy of these genes. HG01071#2 presents three copies of the locus (orange), of which one contains the HERV

sequence (gray in the middle of the orange). In HG01952#1, the HERV sequence is absent. (f) Layout of the C4 pangenome graph made with the Bandage tool (Wick

et al., 2015) and annotated by using odgi position. Green nodes indicate the C4 genes (in red). The red rectangle highlights the regions where C4A and C4B genes differ. (g)

Annotated Bandage layout of the C4 region where C4A and C4B genes differ due to single nucleotide variants leading to changes in the encoded protein sequences. Node labels

were annoted by using odgi position. (h) Visualization of odgi untangle output in the C4 pangenome graph: the plots show the copy number status of the sequences in the C4

region with respect to the GRCh38 reference sequence, making clear, for example, that in HG00438#2, the C4A gene is missing (no black lines in the region annotated in red)

(A color version of this figure appears in the online version of this article.)
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ways of generating raster images showing the high-level structure of
even large pangenome graphs (Fig. 2).

Using odgi extract, we extracted the major histocompatibility
complex (MHC) locus from a 90-haplotype human chromosome 6
pangenome graph from the HPRC. Specifically, the graph contains
the human references GRCh38, CHM13 and the contigs of 44 dip-
loid individuals that encode all possible variations including those in
telomeres and centromeres. The MHC genes are involved in antigen
presentation, inflammation regulation, the complement system and
the innate and adaptive immune responses (Shiina et al., 2009).
MHC genes are highly polymorphic, i.e. there are multiple different
alleles across individuals in a population. Such variability becomes
evident when we apply odgi draw to visualize the graph layout of a
human MHC pangenome graph (Fig. 2a) (of note, odgi layout first
generates the drawn projection, see Section 5.3). The visualization
displays the graph topology in two dimensions (2D), with structural
variation that appears as bubbles in the layout. A 2D rendering can
be costly to compute, but we provide an implementation that scales
linearly with pangenome sequence size, allowing us to apply it to
large pangenome graphs.

The MHC locus includes the complement component 4 (C4) re-
gion, which encodes proteins involved in the complement system. In
Figure 2a, C4 corresponds to the small bubble highlighted by the red
rectangle. As an example use case, we took a closer look at the C4
region of the MHC by extracting it from the full MHC pangenome
graph with odgi extract. Then, we visualized this subgraph by apply-
ing odgi viz, which produces binned, linearized renderings in 1 di-
mension (1D), where the graph is ordered in 1D across the
horizontal axis, with each path represented by a row of the vertical
axis (Fig. 2b–e). For each path, graph nodes are arranged from left
to right, with the colored bars indicating the paths and the nodes
they cross. White spaces indicate where paths do not traverse the
nodes. Directly consecutive nodes are displayed with no white space
between the two. The meaning of the colors depends on how odgi
viz is executed. By default, path colors are derived from the path
names (Fig. 2b), which are displayed on the left of the paths. The
black lines on the bottom indicate the edges connecting the nodes
and, therefore, represent the graph topology (see Supplementary
Section S1 for a more detailed explanation). This visualization is
computed in linear-time and offers a human-interpretable format
suitable for understanding the topology and genome relationships in
the pangenome graph. In humans, the C4 gene exists as two func-
tionally distinct genes, C4A and C4B, which both vary in structure
and copy number (Sekar et al., 2016). In combination with the

observed changes in path self-coverage, which represents copy num-
ber of a given path relative to the graph (Fig. 2e), the longer link at
the bottom of Figure 2b–e indicates that the copy number status of
these genes varies across the haplotypes represented in the pange-
nome. Moreover, the short nested variation on the left of the locus
highlights that C4A and C4B genes segregate in both long and short
genomic forms, distinguished by the presence or absence of a human
endogenous retroviral (HERV) sequence.

Nevertheless, complex, non-linear graph structures are difficult
to interpret in a low number of dimensions. To overcome this limita-
tion, odgi viz supports multiple visualization modalities (Fig. 2c–e),
making it easy to grasp the properties and shape of the graph. For
example, we can color the paths by path position (Fig. 2c), with light
gray indicating where paths begin and dark gray where they end.
This visualization is suitable for understanding graph node order, as
smooth color gradients indicate that the node order respects the lin-
ear paths’ coordinate systems. Pangenome graphs can represent both
strands of the genomic sequences of the DNA. We can display such
information by coloring the paths by orientation, with paths colored
where their sequence is reverse-complemented (red) or in direct
orientation (black) with respect to the sequences of the graph nodes
(Fig. 2d). Furthermore, we can use multiple color palettes to color
the paths by how many times they traverse a node, which can be
referred to as the path’s depth or coverage of the node, the node
depth. This highlights that in the C4 pangenome graph, the haplo-
types present different number of copies of the C4 genes (Fig. 2e).

5.2 Untangling and navigating the pangenome
The key data in a pangenome graph is a representation of the align-
ment (i.e. the homology relationships) between genomic sequences.
Navigating and understanding the graph requires coordinate sys-
tems to link other data to the sequences represented in the graph
model. ODGI’s tools use the embedded sequences to provide a uni-
versal coordinate space that is graph-independent, thereby remain-
ing stable across different graphs built with the same sequences.
Such a universal coordinate system allows us to support several
kinds of ‘lift-over’ of coordinates between different sequences in the
same or different graphs. As a demonstration, we took the C4 pan-
genome graph and added to its nodes gene annotation from
GRCh38 (in GFF format file) using odgi position (Supplementary
Section S2.1). The resulting TSV contains pairs of nodes and colors.
Taking the graph and the TSV into Bandage (Wick et al., 2015), the
actual C4 genes are highlighted (Fig. 2f). Zooming to the nucleotide
level, the annotation shows the single nucleotide differences of the
C4A and the C4B genes (Fig. 2g).

odgi position can also translate graph and path positions be-
tween or within graphs, emitting the liftovers in BED format. For a
precise translation process when conversing a query position to a
reference position in a repeat region, we apply the path jaccard con-
text mapping concept. It could be that the found reference node is
visited several times by the reference. To ensure a precise transla-
tion, we select the reference position whose context (the multiset of
Node:ids reached within a distance of e.g. 10 kbp) has the best jac-
card metric when compared to the query context. For a more
detailed explanation of the path jaccard concept see Supplementary
Section S2.2.

To obtain a more precise overview of the locus in Figure 2b–e,
we applied odgi untangle with GRCh38 as a reference. odgi untan-
gle segments paths into linear segments by breaking these segments
where the paths loop back on themselves. In this way, we obtain in-
formation on the position and copy number status of the sequences
in the collapsed locus, in BEDPE or PAF format. In the representa-
tion in Figure 2h, the orientation of the line indicates if the copy
number is in forward or in reverse orientation compared to
GRCh38. odgi untangle is able to work with any sets of reference
sequences, converting the graph to lift-over maps compatible with
standard software for projecting annotations and alignments from
one genome to another. An explanation of the untangling process is
given in Supplementary Section S2.

Fig. 3. Features of a 90-haplotype human pangenome graph of the exon 1 huntingtin

gene (HTTexon1): (a) excerpt of vital statistics of the HTTexon1 graph displayed by

MultiQC’s ODGI module. (b) Per nucleotide node degree distribution of CHM13 in

the HTTexon1 graph. Around position 200 there is a huge variation in node degree.

(c) Per nucleotide node depth distribution of CHM13 in the HTTexon1 graph. The

alternating depth around position 200 indicates polymorphic variation complement-

ing the above node degree analysis. (d) odgi viz visualization of the 23 largest gene

alleles, CHM13 and GRCh38 of the HTTexon1 graph. (e) vg viz nucleotide-level

visualization of 10 gene alleles, CHM13, GRCH38 of the HTTexon1 graph focus-

ing on the CAG variable repeat region
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5.3 Latent graph structure reveals underlying biology
Pangenome graphs can hide their underlying latent structures, intro-
ducing difficulties in the analysis and interpretation. Among the
causes of this is the correct ordering of the graph nodes in a conveni-
ent number of dimensions. ODGI provides a variety of sorting algo-
rithms to find the best graph node order in 1 or 2 dimensions,
allowing us to understand the sparse structures typically found in
pangenome graphs and the genetic variation they represent. odgi
sort allows the chaining of these sorting algorithms. As many of the
algorithms are affected by the initial node order, this allows us to
generate sorting pipelines that progressively refine the graph
ordering.

We applied several of odgi sort’s 1D algorithms to a 90-haplo-
type human MHC pangenome and a C4 subgraph (Supplementary
Fig. S2). The randomly sorted MHC graph (Supplementary Fig. S2a)
hides its linear graph structure, whereas our novel path-guided (PG)
stochastic gradient descent (SGD) algorithm, PG-SGD, is able to
produce a globally linear ordered graph revealing the C4 region
(Supplementary Fig. S2b). This exploits path information to order
the graph nodes. PG-SGD learns a 1D or 2D organization of the
graph nodes that matches nucleotide distances in graph paths (i.e.
the sequences embedded in the graph). To scale to large graphs, we
learn this projection in parallel via a HOGWILD! approach (Niu
et al., 2011). PG-SGD can be seen as an adaptation of SGD-based
drawing (Zheng et al., 2019) to pangenome graphs. In parallel, each
HOGWILD! thread updates the relative position of pairs of nodes
so that their distance in the layout, or their order, better-matches
their nucleotide distance in the paths running through the graph.
Following standard SGD approaches, the learning rate is reduced as
the algorithm progresses, and execution continues until the adjust-
ments to the model fall below a target threshold �.

A PG-SGD sorting of C4 compresses both sides of the variant
bubble into one dimension, leading to an interrupted pattern of
nodes across the copy-number variable region (Supplementary Fig.
S2c). Subsequently applying a topological sort clarifies the graph’s
latent structure, simplifying interpretation (Supplementary Fig.
S2d). To find the best order of graph nodes in 1D, odgi sort’s mul-
tiple sorting algorithms can be combined into a sorting pipeline to
take advantage of the strength of each (results not shown). ODGI
can project vector (in 1D) and matrix (2D) representations of the
graph relative to these learned coordinate spaces. Based on this pro-
jection, we can trivially sort graph nodes in 1D. Moreover, we sup-
port the same concept in 2D in odgi layout by providing a 2D
implementation of the PG-SGD algorithm (Fig. 2a). A detailed de-
scription of the node ordering process can be found at
Supplementary Section S4. As we have shown above, the node order
is crucial to understand the biological features of a pangenome
graph.

5.4 Graph features highlight variation
Graphs statistics provide alternative ways to gain insight into pange-
nomes complexity revealing the overall structure, size and features
of a graph and its sequences.

As a use case study (Fig. 3), we took a look at the metrics of a
90-haplotype human pangenome graph of the exon 1 huntingtin
gene (HTTexon1). In particular, we obtained the number of nodes,
edges, paths, components, bases, the graph length and the GC con-
tent with odgi stats. The output pangenome statistics in YAML text-
ual file format was given to MultiQC’s (Ewels et al., 2016) newly
added ODGI module. As can be seen in Figure 3a, we observe a very
high GC content of 73.0% in the HTTexon1 graph compared to the
human genomic mean GC content of 40.9% (Piovesan et al., 2019).
This is in accordance with the literature (Neueder et al., 2017).
Despite this discovery, the MultiQC module provides an interactive
way to comparatively explore statistics of an arbitrary number of
graphs.

To investigate in detail which intricate regions in the HTTexon1
graph are responsible for its genetic variation and high GC content,
we took a look at the per nucleotide node degree (Fig. 3b) and node
depth (Fig. 3c) distributions of CHM13 by using odgi depth’s and
odgi degree’s BED output, respectively. The results indicate a highly

polymorphic region around position 200 in the graph. Figure 3d
supports this analysis. Zooming in on this region with vg viz, we can
clearly identify the typical HTTexon1 CAG variable repeat region
(Fig. 3e). Figure 3b–d highlights the variant region around position
200 of CHM13, showing the variable number of glutamine residues
of the different individuals as reported by Nance et al. (1999).

5.5 Performance evaluation
Although many of the operations that ODGI provides are unique,
some are common with the existing VG toolkit. We compare with
these to highlight the practical performance implications of our
graph data structure design. Our results highlight the efficient paral-
lel algorithm implementations enabled by this design.

We compared the efficiency of ODGI (v0.6.3-56-gebc493f
‘Pulizia’) and VG (v1.37.0 ‘Monchio’) for routine pangenome tasks.
In particular, we measured the execution time and memory usage (i)
of transforming a GFAv1 file into a tool’s native format, (ii) the ex-
traction of a subgraph, (iii) the visualization of a pangenome graph
and (iv) the finding of path positions in a pangenome graph. These
graph operations are key when it comes to the understanding of

Fig. 4. Performance on a graph of human chromosome 6 from the HPRC. ODGI

compares favorably to VG across all routine pangenomic tasks. Evaluations across

threads were done using a 64 human haplotype graph. Evaluations across haplo-

types were done using 16 threads. (a) Performance evaluation when translating a

graph into the tools’ respective native formats. (b) Performance evaluation when

extracting the centromeric region from the HPRC graph. (c) Performance evaluation

when visualizing a graph. Both tools were run with only one thread. vg viz:

*A 816 MB SVG was produced which cannot be opened by any program.

**All produced SVGs only contain an XML header, nothing else
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pangenome graphs. They are also a set of functions implemented
in both toolkits. We ran these operations for a varying number of
threads and haplotypes in the graph for a scaling analysis. We ran
each evaluation configuration 10 times and report the mean of
each run. All evaluations were performed on a VM in the German
Network for Bioinformatics Infrastructure (deNBI) cloud with
28 cores and 256 GB of RAM. The presented results are from a
90-haplotype chromosome 6 human pangenome graph built with
data from the HPRC. Specifically, the graph contains the human
references GRCh38, CHM13 and the contigs of 44 diploid indi-
viduals that encode all possible variations including those in telo-
meres and centromeres. When transforming a GFAv1 file with
VG, the static XG file format was used. The tools involved in the
evaluation process require the XG format.

In general, ODGI makes comparatively better use of multi-
threading and requires much less memory (Fig. 4, Supplementary
Table S4) across all operations. ODGI scales much better than VG
when working with complex regions of the graph. For example,
extracting a difficult centromeric subgraph (Fig. 4b), ODGI is up to
40 times faster and requires 8 times less memory than VG.

Both visualization tools can only make use of a single thread.
For a 1 haplotype, graph vg viz produces a 816MB SVG which can’t
be opened by the standard programs to date. For larger graphs, vg
viz runs through and produces SVGs with only the XML header.
This makes it unusable for large graphs.

We also measured the disk space usage of GFAv1, ODGI’s and
VG’s binary formats (Supplementary Table S5). While VG’s XG
occupies less disk space for smaller graphs, ODGI requires less space
for graphs having 32 haplotypes or more. We hypothesize that this
indicates the lower marginal cost for additional haplotypes when
using ODGI’s id delta encoding scheme.

6 Discussion

Pangenome graphs stand to become a ubiquitous model in genomics
thanks to their capability to represent any genetic variant without
being affected by reference bias (Eizenga et al., 2020b). However,
despite this great potential, their spread is impeded by the lack of
tools capable of managing and analyzing pangenome graphs easily
and efficiently.

By providing a set of standard analysis ‘verbs’ to interact with
pangenome graphs, ODGI enables users to explore and discover im-
portant biological features captured in this flexible, inclusive model.
It provides tools to easily transform, analyze, simplify, validate and
visualize pangenome graphs at large scale. In particular, lifting over
annotations and linearizing nested graph structures place the suite as
the bridge between traditional linear reference genome analysis and
pangenome graphs. With the increased adoption of long read
sequencing we expect pangenomic tools to become increasingly
common in the genomic studies at different taxonomic levels and in
biomedical research. This progression is already afoot, particularly
for targets that involve complex variation, such as cancer (The
Computational Pan-Genomics Consortium, 2016), plant pangenom-
ics (Bayer et al., 2020, 2022; Li et al., 2022; Liu et al., 2020; Qin
et al., 2021) and metagenomics (Zhong et al., 2021). Also, when
studying animals like bovines (Bovine Pan-Genome Consortium,
2022; Leonard et al., 2021; Talenti et al., 2022).

Currently, bacterial pangenomes are best handled by specialized
tools like PPanGGolin (Gautreau et al., 2020), PanGraph (Noll
et al., 2022) or PanX (Ding et al., 2018). The latter one doesn’t build
a graphical representation of a pangenome. But, it already has a
very developed eco-system, which allows a detailed analysis of
bacterial pangenomes using an interactive GUI. Unlike these
approaches, which provide a monolithic, integrated solution to
understanding pangenomes, ODGI is designed as a low-level toolkit
that can work on a generic pangenome graph model frequently used
by other existing methods. We hope that this design renders it useful
to pangenome analysis pipeline authors. Other pangenome analysis
platforms, like PanTools (Sheikhizadeh et al., 2016) provide access
to pangenome analyses at the scales we demonstrate with ODGI,
but use specialized de Bruijn graph models to achieve this. In

contrast ODGI supports the highly generic variation graph model,
which has greater representational power than de Bruijn graphs.

ODGI will facilitate disentangling, describing and analyzing a
much larger set of variation than previously was possible with tools
that depend on short reads and reference genomes. Furthermore,
users can even consider ODGI as a framework, taking advantage of
its algorithms to develop new and more advanced tools that work
on pangenome graphs, thus expanding the type of possible pange-
nomic analyses available to the scientific community.

The performance analysis shows that ODGI outperforms VG
when handling large, complex pangenome graphs. Across the evalu-
ation of key graph operations, ODGI’s memory peak was 10GB.
This makes it perfectly suited to be run interactively on a recent lap-
top. We expect that ODGI will be able to handle the next phase of
the HPRC, a pangenome graph constructed from 300 individuals,
without any problems.

While ODGI does not construct graphs from scratch nor is cap-
able of extending them, it is already the backbone of the Pangenome
Graph Builder pipeline (Garrison et al., 2021). Its static, large-scale
1D and 2D visualizations of the pangenome graphs allow an unpre-
cedented high-level perspective on variation in pangenomes, and
have also been critical in the development of pangenome graph
building methods. However, an interactive solution that combines
the 1D and 2D layout of a graph with annotation and read mapping
information across different zoom levels is still missing. Recent
interactive pangenome graph browsers are reference-centric (Beyer
et al., 2019; Yokoyama et al., 2019), have a limited predefined co-
ordinate system (Durant et al., 2021), or focus primarily on 2D rep-
resentations (Gonnella et al., 2019; Wick et al., 2015). Our graph
sorting and layout algorithms can provide the foundation for future
tools of this type. We plan to focus on using these learned models to
detect structural variation and assembly errors.

ODGI has allowed us to explore context mapping deconvolution
of pangenome graph structures via the path jaccard metric. This
resolves a major conceptual issue that has strongly guided existing
algorithms to construct pangenome graphs. Previously, great efforts
have been made to prevent the ‘collapse’ of non-orthologous sequen-
ces in the graph topology itself (Li et al., 2020). This has been seen
as essential to making these new bioinformatic models interpretable.
While our presentation is primarily qualitative, our work demon-
strates that we can mitigate this issue by exploiting the pangenome
graph not as a static reference, but as a dynamic model of the mutual
alignment of many genomic sequences. Because pangenome graphs
can contain complete genomes, we are able to query them to polar-
ize the information they contain in easily interpretable and reusable
pairwise formats that are widely supported in bioinformatics. ODGI
also projects variation graphs into vector and matrix representations
that allow the direct application of machine learning and statistical
models to the pangenome. We expect that ODGI will provide a ref-
erence interface between pangenomic and genomic approaches for
understanding genome variation.
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