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TUESDAY, MAY 15
ROOM EUROPA ROOM AZIE ROOM AFRIKA ROOM AMERIKA ROOM 4&5

8:30 CONFERENCE REGISTRATION Central Hall

9:30 OPENING ROOM EUROPA

9:45 KEYNOTE Chiara Dalla Man , University of Padova
Modeling as a Tool to Understand Glucose Regulatory System in Humans

10:30 COFFEE  BREAK WITH EXHIBITORS
GENOMICS METABOLIC MODELLING RNA & PROTEIN DIVERSITY ELIXIR-NL: FAIR DATA I TOOLS & RESOURCES

11:00 Marleen Balvert (INVITED)
An image representation 
based convolutional network 
for DNA classification

Michael Lenz (INVITED)
Modelling the influence of 
adipose tissue free fatty acid 
and amino acid metabolism 
on plasma glucose regulation

Simon van Heeringen 
(INVITED)
Regulatory remodeling in the 
allo-tetraploid frog Xenopus 
laevis

Jaap Heringa
ELIXIR-NL

Martina Kutmon (INVITED)
Understanding molecular 
mechanisms using biological 
pathway and network 
analysis

11:25 Leen Stougie 
Full-length de novo viral 
quasispecies assembly 
through variation graph 
construction

Linda Thijssen
A physiology based glucose-
insulin-GLP-1 model: 
explaining changes observed 
after Roux-en-Y gastric 
bypass

Aridaman Pandit
Clusters of T cell clones 
persist spatially and 
temporally in immune 
responses

Rick Jansen
myFAIR Analysis: Personal 
FAIR Data Management and 
Analysis

Peter van 't Hof
Fast and complex genomics 
variant analysis using Apache 
Spark to enable digenic 
inheritance discoveries

11:45 Patrick Deelen 
Improving diagnostic yield of 
exome-sequencing through 
prioritization of genes with 
predicted HPO assignments

Nhung Pham
Genome-scale constraint-
based metabolic modeling 
and analysis of Cryptoccocus 
curvatus

Malgorzata Komor
Proteogenomic analysis of 
alternative splicing: Protein 
isoforms as biomarkers for 
early detection of colorectal 
cancer

Jayne Hehir-Kwa
Towards a FAIR biobanking 
and genomics eco-system for 
both diagnostic and research 
purposes

Mihai Lefter
Enabling HGVS 
Standardisation on a 
Genomic Scale

12:05 Dick de Ridder (CHAIR)
Practical pangenomics for 
plants

Bas Teusink (CHAIR)
Understanding the regulation 
of yeast metabolism under 
dynamic conditions

Martijn Huynen (CHAIR)
Systematic alignment and 
comparison of complexome 
profiles to uncover 
remodeling of mitochondrial 
complexes in congenital 
disease

Wasin Poncheewin
NG-Tax 2.0: 16S rRNA 
amplicons analysis through 
semantic framework using 
FAIR principles

Andrew Stubbs (CHAIR)
Scalable OMICS Analysis & 
Reporting (SOAR): An open 
and FAIR framework for 
translational and clinical 
research

12:30 LUNCH: Exhibitors and Poster viewing CENTRAL HALL

BioSB MEMBER ASSEMBLY ROOM AZIE

YoungCB ASSEMBLY ROOM AFRIKA

HotTopics: SINGLE MOLECULE SEQUENCING ROOM EUROPA

13:30 Christian Gilissen (INVITED), RUMC:  Long-read sequencing – for detecting clinically relevant structural variation 
14:00 Jasper Linthorst (INVITED), VUMC / TU Delft: Graph-based comparison of multiple de-novo assembled genomes
14:15 Natasja de Groot (INVITED), Biomedical Primate Research Center: PacBio SMRT sequencing of multigene families MHC and KIR
14:30 Alexander Wittenberg (INVITED), KeyGene: Nanopore sequencing accelerating crop innovation

GENETIC VARIANTS & 
POPULATION GENETICS

INTEGRATION OF OMICS 
DATA

REGULATION & SIGNALLING ELIXIR-NL: FAIR DATA II

14:45 Rob ter Horst (INVITED)
Intra-individual and inter-
individual variation in 
immune responses

Martijn van den Heuvel 
(INVITED)
Principles of wiring of the 
human connectome

Federica Eduati (INVITED)
Combining microfluidics and 
mathematical modelling for 
prioritisation of personalised 
cancer treatments from 
patient biopsies

Friederike Ehrhart
The method and added value 
of integrating genetic 
variation data for rare 
diseases from multiple 
databases

15:10 Kyoko Watanabe
A global view of genetic 
architecture and pleiotropy in 
human complex traits

Dieter Stoker
Bayesian data integration to 
predict novel genes involved 
in the MHC pathway

Olga Ivanova
A framework for exhaustive 
simulation of epistatic 
patterns using Petri net 
models

Jasper Koehorst
SAPP: functional genome 
annotation and analysis 
through a semantic 
framework using FAIR 
principles

15:30 Ehsan Motazedi
Family based haplotype 
estimation using DNA 
sequence reads

Nanne Aben
iTOP: inferring topologies 
betweens omics data

Bram Thijssen
Delineating signaling activity 
using feedback-Inference of 
Signaling Activity

Niels Zondervan
FAIR Data Management in 
Life-Sciences

15:50 Sara Pulit (CHAIR)
Large-scale genome-wide 
association studies and fine-
mapping in obesity and fat 
distribution traits

Michiel Adriaens (CHAIR)
Multi-omics from single 
omics: putting the squeeze on 
RNA-seq data

Vera van Noort (CHAIR)
Understanding Post-
translational modifications

Marc Galland
Building a community of 
practice in scientific 
programming for life 
scientists

16:15 COFFEE BREAK WITH EXHIBITORS CENTRAL HALL

16:45 KEYNOTE: Martin Kircher , Berlin Institute of Health
Interpretation of human genetic variation across the genome

ROOM EUROPA

17:30 GROUP PHOTO (Main Enterance De Wereld)
17:45 POSTER & DEMO SESSION I (INCL. DRINKS) CENTRAL HALL

19:15 BioSB CONFERENCE DINNER RESTAURANT

21:00 PUB QUIZ (ORGANIZED BY: YoungCB) BAR

22:30 LIVE MUSCI (Blazing Harrows) BAR

Up-to-date information available on the conference app



WEDNESDAY, MAY 16
ROOM EUROPA ROOM AZIE ROOM AFRIKA ROOM AMERIKA ROOM 4&5

7:00 MORNING RUN
9:00 CONFERENCE REGISTRATION Central Hall

9:30 KEYNOTE: Jason Locasale , DUKE University
Quantitative approaches to understanding metabolism in cancer

10:15 COFFEE BREAK WITH EXHIBITORS
PERSONALIZED MEDICINE NETWORK BIOLOGY METABOLOMICS 

(NETHERLANDS 
METABOLOMICS CENTER)
CHAIR: Merlijn van Rijswijk

ELIXIR-NL: AGRIFOOD DATA 
CONCEPTS & APPLICATIONS
CHAIR: Willem-Jan Knibbe

MICROBIOME & 
ECOSYSTEMS

10:45 Rianne de Vries (INVITED)
BreathCloud: Exhaled breath 
analysis as a companion 
diagnostic for therapy 
stratification

Janine Post (INVITED)
Network modeling in 
cartilage disease

Tim Ebbels (INVITED)
Integrating Metabolomics 
and Other Omics Data: 
Chemometric and Network 
Tools

Sjaak Wolfert
DATA-FAIR – value creation 
by data sharing in agri-food 
business

Bas Dutilh (INVITED)
Viral metagenomics

11:10 Agnieszka Wegrzyn
Phenylketonuria: modeling 
cerebral amino acid and 
neurotransmitter metabolism

Thierry Mondeel
ChIP-exo analysis highlights 
Fkh1 and Fkh2 transcription 
factors as hubs that integrate 
multi-scale networks in 
budding yeast

Erik van den Akker
BBMRI-NL: a vast resource of 
1H-NMR metabolomics data 
and algorithms for aproaches 
in personalized medicine

Jan Top
Handling the complexity of 
personalised dietary guidance

Bastiaan von Meijenfeldt
Robust taxonomic 
classification of 'dark' 
microbial sequences and bins 
with CAT and BAT

11:30 Evert Bosdriesz
Comparative network 
reconstruction to identify 
selective anti-cancer drug 
combinations

Samar Tareen
Modelling Cellular Metabolic 
Flexibility

Huub Hoefsloot (INVITED)
The statistical analysis of 
metabolomics time-series 
data

Martijn Derks
Balancing selection for lethal 
recessives in pigs

Johan van Heerden
Bacterial growth rate is 
disturbed by cell division and 
restored by adaptive resource 
management

11:50 Anke-Hilse Maitland-van der 
Zee (CHAIR)
Personalized Medicine, 
optimizing health care for the 
individual patient

Joana Gonçalves (CHAIR)
Deciphering gene regulation 
from temporal response and 
perturbation data

Folkert Kuipers (INVITED)
Quantification of nutritional 
and pharmacological  impact 
on (human) metabolism

Frits van Evert
Combining data and models 
for decisions in precision 
agriculture

Alexandra Zhernakova 
(CHAIR)
Gut metagenomics: 
population studies

12:15 LUNCH
POSTER & DEMO SESSION II

CENTRAL HALL

13:30 BIUP INDUSTRY MEETING: 
COMMERCIAL APPLICATIONS 
OF DEEP LEARNING

PHENOTYPE DATA CAPTURE QUANTITATIVE 
IMMUNOLOGY

MODELS OF LIFE: ISBE IN 
ACTION

60-MINUTE FAIRification OF 
A DATASET

HotTopics: SINGLE CELL OMICS ROOM EUROPA

14:30 Stein Aerts (INVITED), KU Leuven: Single-cell Gene Regulatory Networks
15:00 Monique van der Wijst, UMC Groningen: Personalized co-expression networks reveal genetic risk factors that change the regulatory wiring of cells
15:15 Marc Jan Bonder, EMBL-EBI: Genetic and epigenetic determinants of splicing variability in single cells
15:30 Philip Lijnzaad, Princess Máxima Center for Pediactric Oncology: Understanding pediatric oncology one cell at a time
15:45 COFFEE BREAK WITH EXHIBITORS CENTRAL HALL

16:15 YOUNG INVESTIGATOR AWARD 2018: Bram Thijssen , Netherlands Cancer Institute
Bayesian statistics for integrative, knowledge-based models of biological systems

ROOM EUROPA

16:15 KEYNOTE: Alexander van Oudenaarden , Hubrecht Institute-KNAW / UMC Utrecht / Utrecht University
Whole-organism clone-tracing using single-cell sequencing

ROOM EUROPA

17:30 AWARDS & CLOSING REMARKS ROOM EUROPA

17:45 END OF THE PROGRAM
Up-to-date information available on the conference app
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Poster nr. Authors Title Topic

1 Laura van Rooijen, Rachel Cavill and Lars Eijssen Generating a workflow for multiple omics integration and assesing publicly 
available data

ELIXIR-NL FAIR data

2 Egon Willighagen, Alasdair Gray, Anders Riutta, Alex Pico, Ian 
Dunlop, Carole Goble, Marvin Martens, Friederike Ehrhart, Denise 
Slenter, Martina Kutmon and Chris Evelo

Identifier interoperability is only one R package away (or web service, or Java 
library, or …)

ELIXIR-NL FAIR data

3 Alexey Kolodkin, Lilia Alberghina, Jacky L. Snoep, Gennaro Piccialli, 
Massimiliano Borsani and Hans V. Westerhoff

Infrastructure Systems Biology Europe (ISBE): Emergence of Innovative 
Systems Biology Servicing

ELIXIR-NL FAIR data

4 Celia van Gelder and Mateusz Kuzak FAIR Data Training activities in the Dutch ELIXIR node ELIXIR-NL FAIR data

5 K. Joeri van der Velde, Bart Charbon, Mark de Haan, Gert-Jan van 
de Geijn, Mateusz Kuzak and Morris Swertz

Implementation of BioSchema for multiple patient registries ELIXIR-NL FAIR data

6 Mattias de Hollander and Fleur Gawehns NIOO-KNAW Bioinformatics Unit ELIXIR-NL FAIR data

7 Christian Groß, Dick De Ridder and Marcel Reinders Predicting variant deleteriousness in non-human species: applying the CADD 
approach in mouse

Genetic Variants & Population 
Studies

8 Niek de Klein, Freerk van Dijk, Annique Claringbould, Patrick 
Deelen, Urmo Võsa, Joost Verlouw, Ramin Monajemi, Richard Sinke, 
Morris Swertz, Peter A.C. ‘t Hoen and Lude Franke

Allele specific expression identifies rare variants as cause for extreme allelic 
imbalance

Genetic Variants & Population 
Studies

9 Elisa Cirillo, Kyoko Watanabe, Niels Delahaije, Rik van Dael, Martina 
Kutmon, Michiel Adriaens, Laurence Parnell and Chris Evelo

A genetic reference network to better understand the non-coding variants in 
obesity

Genetic Variants & Population 
Studies

10 Olivier Bakker, Raul Aguirre Gamboa, Twan Spenkelink, Urmo Võsa, 
Martin Jaeger, Marije Oosting, Sanne Smeekens, Romana Netea-
Maier, Ramnik Xavier, Iris Jonkers, Lude Franke, Leo Joosten, 
Serena Sanna, Vinoid Kumar, Cisca Wijmenga, Mihai Netea and 

Multivariate analysis of immune phenotypes reveals novel genetic and context 
specific genetic factors for cytokine production capacity

Genetic Variants & Population 
Studies

11 Hilmi Al-Shakhshir, Job Verdonschot, Kasper Derks, Stephane 
Heymans, Ilja Arts and Michiel Adriaens

Striking the allelic imbalance in dilated cardiomyopathy Genetic Variants & Population 
Studies

12 Asli Kucukosmanoglu Genetic complementation predicts convergent evolution in glioblastoma Genetic Variants & Population 
Studies

13 Niccolo' Tesi, Sven van der Lee, Marc Hulsman, Iris Jansen, Najada 
Stringa, Natasja van Schoor, Hanne Meijers-Heijboer, Martijn 
Huisman, Philip Scheltens, Marcel Reinders, Wiesje van der Flier 
and Henne Holstege

Genetic case-control study with healthy centenarians as controls identifies 
PLCG2-variant as survival-associated and APOE alleles as Alzheimer’s Disease-
associated

Genetic Variants & Population 
Studies

14 Joanna von Berg, Sara Pulit and Jeroen de Ridder What’s in a name? Defining ischemic stroke phenotypes for Genome-Wide 
Association Studies

Genetic Variants & Population 
Studies

15 Roel Glas, Gerrit Meijer, Jaap Heringa, Remond Fijneman and 
Sanne Abeln

Detection of Chromosomal Breakpoints in TCGA Copy Number Data Genomics

16 Ksenia Arkhipova and Bas E. Dutilh Expanding knowledge of gene order conservation in viral genomes Genomics

17 Rogier Stuger and Hans Westerhoff Structural systems biology: forcing DNA into nucleoids Genomics

18 Ronald de Jongh, Rita Volkers, Janine Verbokkem, Aalt-Jan van 
Dijk, Peter Schaap, Jan Springer, Vitor Martins Dos Santos, Gerrit 
Eggink and Dick de Ridder

Towards predictable, portable promoters Genomics

19 Chiara Bortoluzzi, Mirte Bosse, Martien A.M Groenen and Hendrik-
Jan Megens

The influence of demography and recombination on the homozygosity 
landscape in the poultry genome

Genomics

20 Luca Santuari, Sonja Georgievska, Carl Shneider, Arnold Kuzniar, 
Tilman Schaefers, Wigard Kloosterman and Jeroen de Ridder

DeepSV: Somatic Structural Variant Detection with Deep Learning Genomics

21 Siavash Sheikhizadeh Anari, Dick De Ridder, Eric Schranz and 
Sandra Smit

Multi-genome read mapping Genomics

22 Eef Jonkheer Pangenomic applications in plants and pathogens Genomics

23 Mehmet Akdel and Dick De Ridder Improving Optical Map Assemblies Genomics

24 Marleen Nieboer and Jeroen de Ridder Annotation and prioritization of structural variation Genomics

25 Martijn Comans, Olav De Haas, Daan Oudejans, Alex Salazar and 
Thomas Abeel

Copy number variation analysis on genome graphs Genomics

26 Alex Salazar and Thomas Abeel Approximate, simultaneous comparison of microbial genome architectures via 
syntenic anchoring of quiver representations

Genomics

27 Dennie Hebels, Aurélie Carlier and Jan de Boer cBiT: The Compendium for Biomaterial Transcriptomics Integration of (omics) data sets

28 Nirupama Benis, Mari Smits, Jerry Wells, Soumya Kar, Bart van der 
Hee, Maria Suarez Diez and Dirkjan Schokker

High-level data integration: Pathway analysis of murine intestinal gene 
expression

Integration of (omics) data sets

29 Weiyang Tao, Sandra C. Silva-Cardoso, Chiara Angiolilli, Ana 
Pinheiro, Cornelis Bekker, Abhinandan Devaprasad, Jaap van Laar, 
Marta Cossu, Erik Hack, Marianne Boes, Aridaman Pandit and 
Timothy R.D.J. Radstake

Integration of transcriptomic and epigenetic profiling shows that CXCL4 induces 
novel gene regulatory networks and molecular pathways in dendritic cells

Integration of (omics) data sets

30 Benoît Carrères, G. Mitsue Leon-Saiki, Peter Schaap, Vitor Martins 
Dos Santos, Rene Wijffels, Dirk Martens and Maria Suarez-Diez

The diurnal transcriptional landscape of Tetradesmus obliquus Integration of (omics) data sets

31 Dennis Kuijpers, Rick Reijnders, Laurence de Nijs, Clara Snijders, 
Ghazi Al Jowf, Denise Slenter, Lars Eijssen and Bart Rutten

Molecular genetics of stress: regulatory mechanisms involved in PTSD Integration of (omics) data sets

32 Rick Reijnders, Dennis Kuijpers, Laurence De Nijs, Clara Snijders, 
Ghazi Al Jowf, Yentl Van der Zee, Denise Slenter, Bart Rutten and 
Lars Eijssen

Molecular genetics of stress: regulatory mechanisms involved in chronic social 
defeat stress

Integration of (omics) data sets

33 Soufiane Mourragui, Marco Loog, Marcel Reinders and Lodewyk 
Wessels

Domain adaptation to transfer predictors of drug response from cell lines to 
tumors

Integration of (omics) data sets
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Poster nr. Authors Title Topic

34 Daniël Wijnbergen, Mohammed Charrout, Eleni Mina, Roula 
Tsonaka, Annemieke Aartsma-Rus, Pietro Spitali and Kristina Hettne

Semantic interpretation of multi-omics data sets Integration of (omics) data sets

35 Shauna O'Donovan, Michael Lenz, Aditya Krishna, Alexander 
Lukas, Jelmer Neeven, Tobias Stumm, Florian Wimmenauer, 
Evgueni Smirnov, Gokhan Ertaylan, Rachel Cavill, Danyel Jennen, 
Natal van Riel, Kurt Driessens, Ralf Peeters and Theo de Kok

Use of deep learning methods to translate drug-induced gene expression 
changes from rat to human hepatocytes

Integration of (omics) data sets

36 Giulia Mantini, Tessa Le Large, Tim Schelfhorst, Sander Piersma, 
Jaco Knol, Thang Pham, Tom Wurdinger, Elisa Giovannetti and 
Connie Jimenez

Integration of omics data to prioritize drug targets and biomarkers in pancreatic 
cancer

Integration of (omics) data sets

37 Chaitra Sarathy, Michael Lenz, Maike Aurich, Dominique Langin, 
Arne Astrup, Wim Saris, Gijs Goossens, Ellen Blaak, Ines Thiele, 
Chris Evelo and Ilja Arts

Integration of gene expression from human obese adipose tissue with plasma 
metabolomics data using genome-scale metabolic models

Integration of (omics) data sets

38 Gou-Tao Huang and Jen-Shiang K. Yu Molecular Simulation on the Catalytic Mechanism of Sulfur Transfer in the 
Mercaptopyruvate Sulfurtransferase

Metabolic modelling

39 Erika Gaspari, Antoni Malachowski, Luis Garcia-Morales, Vitor 
Martins Dos Santos and Maria Suarez-Diez

How to Improve Mycoplasma Growth: Study of Mycoplasma pneumoniae 
Metabolism through Genome-Scale Modeling

Metabolic modelling

40 Rik van Rosmalen, Robert Smith, Christian Fleck and Vitor Martins 
Dos Santos

DMPy: A Python package for automated mathematical model construction of 
large-scale metabolic systems

Metabolic modelling

41 Yanfei Zhang, Theresa Kouril, Jacky Snoep, Bettina Siebers, 
Matteo Barberis and Hans V. Westerhoff

The Peculiar Glycolytic Pathway in Hyperthermophylic Archaea: Understanding 
Its Whims by Experimentation In Silico

Metabolic modelling

42 Bart van Sloun, Michael Lenz, Natal van Riel and Ilja Arts Computational modelling of postprandial glucose and insulin dynamics: the role 
of amino acids

Metabolic modelling

43 David Lao Martil, Laura R Guilherme Luzia, Koen J A Verhagen, 
Johan H van Heerden, S Aljoscha Wahl, Joep P J Schmitz, Natal A 
W van Riel and Bas Teusink

Yeast 3M: Monitor, model and master the dynamics of yeast central metabolism Metabolic modelling

44 Hester van Beers and Natal van Riel The role of dopamine receptors in obesity: an in silico exploration Metabolic modelling

45 Alina Doban and Mircea Lazar Stability and invariance in biomedical systems Metabolic modelling

46 Camilo Suarez Mendez, Koen Verhagen and Aljoscha Wahl Metabolic response upon repetitive substrate perturbations using dynamic 13C-
tracing in yeast

Metabolic modelling

47 Joanna Wolthuis, Saskia van Mil and Jeroen de Ridder MetaboShiny – identify each mass, en masse Metabolomics

48 Martina Kutmon, Denise Slenter, Ryan Miller, Jonathan Melius, Chris 
T. Evelo and Egon Willighagen

Building directed networks from biological pathways to visualise and analyse 
metabolomics data

Metabolomics

49 Melany Rios Morales, Theo Boer, Rebecca Heiner-Fokkema, Albert 
Gerding, Fjodor Sluijs, Mara Van Trijp, Guido Hooiveld, Dirk-Jan 
Reijngoud and Barbara Bakker

Analytical methods to measure kinetics of fermentation of non-digestible 
carbohydrates inside the human gut

Metabolomics

50 Ilona den Hartog, Ewoudt van de Garde, Stefan Vestjens, Amy 
Harms, Paul Voorn, Dylan de Lange, Willem Jan Bos, Thomas 
Hankemeier and Coen van Hasselt

Metabolomic fingerprint biomarkers to guide antibiotic therapy and reduce 
resistance development

Metabolomics

51 Bastian Hornung, Jason Norman, Liz Terveer, Bruce Roberts, 
Josbert Keller and Ed Kuijper

Fecal Microbiota Transplant: The search for the basis of the cure Microbiome and ecosystems

52 Hernando Suarez Duran, Zhenhua Liu, Marnix Medema and Anne 
Osbourn

A systematic analysis of dynamic genomic neighbourhoods reveals expansion 
of specialized metabolic diversity in Brassicaceae

Microbiome and ecosystems

53 Jonna van der Stam, Andrei Prodan, Annieke van Baar, Peter 
Hilbers, Bert Groen, Max Nieuwdorp, Evgeni Levin and Natal van 
Riel

Applications of Canonical Correlation Analysis to microbial and metabolite data 
of metabolic syndrome patients

Microbiome and ecosystems

54 Jesse J. Kerkvliet, Sofia I.F Gomes, Rutger A. Vos and Vincent 
S.F.T Merckx

Evolutionary analysis of the interaction network of plants and arbuscular 
mycorrhizal fungi

Microbiome and ecosystems

55 Nila Servaas, Eleni Chouri, Rina Wichers, Alsya Affandi, Marta 
Cossu, Sandra Silva-Cardoso, Maarten van der Kroef, Tiago 
Carvalheiro, Nadia Vazirpanah, Lorenzo Beretta, Marzia Rossato, 
Aridaman Pandit and Timothy Radstake

Molecular stratification of systemic sclerosis patients based on gene co-
expression networks from dendritic cells

Network biology

56 Abhinandan Devaprasad and Aridaman Pandit Profiling regulatory networks of 40 distinct immune cells reveal progenitor 
plasticity and complex regulation of human hematopoietic cell lineages

Network biology

57 Tooba Abbassi-Daloii, Hermien Kan, Vered Raz and Peter-Bram 'T 
Hoen

Developing a pipeline to optimize the detection of co-expression gene modules 
with coherent molecular functions from expression data

Network biology

58 Josephine Daub, Saman Amini, Frank Holstege and Patrick 
Kemmeren

Genetic interactions in childhood cancer Network biology

59 Christina Papastolopoulou, Josephine Daub, Frank Holstege and 
Patrick Kemmeren

Genetic interactions underlying mutational signatures in paediatric cancer Network biology

60 Raju Prasad Sharma, Alexey Kolodkin, Hans V. Westerhoff, Marta 
Schuhmacher and Vikas Kumar

Systems biology Approach to All- in-One-Modeling: From organ-specific 
pharmacokinetics of Flutamide to predicting its personalised pharmaco/toxico 
dynamic effects

Personalized Medicine

61 Zandra Félix Garza, Joerg Liebmann, Matthias Born, Peter Hilbers 
and Natal van Riel

In silico clinical studies on the efficacy of blue light for treating psoriasis Personalized Medicine

62 Frans-Paul Ruzius, Raul Kooter, Job Geerligs, Erik Rozemuller and 
Joris Albers

Extrapolating incomplete HLA allele database entries improves identification of 
matching alleles using NGS

Personalized Medicine

63 Joske Ubels, Pieter Sonneveld, Annemiek Broijl, Erik H. van Beers, 
Martin H. van Vliet and Jeroen de Ridder

Predicting treatment benefit in Multiple Myeloma through simulation of 
alternative treatment effects

Personalized Medicine

64 Bas Jacobs, Eva E. Deinum and Jaap Molenaar Modeling pattern formation in plant cells by ROP signalling Regulation and signalling

65 Simone Lederer, Tjeerd Dijkstra and Tom Heskes Additive Dose Response Models: Defining Synergy Regulation and signalling

66 Marc Rullan, Dirk Benzinger, Gregor Schmidt, Andreas Milias-Argeitis 
and Mustafa Khammash

Real-time, single-cell interrogation of yeast transcription using optogenetics Regulation and signalling
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67 Peter de Greef, Bram Gerritsen, Benjamin Chain and Rob de Boer VDJ-recombination shapes the clone-size distribution of naive T-cells Regulation and signalling

68 Hans van Veen Learning from nature to understand plant flooding tolerance Regulation and signalling

69 Elena Merino, Xuefeng Gao, Philippe Robert, Maria Martinez, 
Fabien Crauste, Olivier Gandrillon, Michael Meyer-Hermann, Hubb 
Hoefsloot, Jeroen Guikema and Antoine van Kampen

Multiscale modeling of plasma cell differentiation in Germinal Centers Regulation and signalling

70 Christ Leemans, Marloes van der Zwalm, Laura Brueckner, Tom van 
Schaik, Daan Peric Hupkes, Joris van Arensbergen and Bas van 
Steensel

Promoter-specific effects of Lamina-associated domains on gene expression Regulation and signalling

71 K. Anton Feenstra, Qingzhen Hou, Paul De Geest, Christian 
Griffioen, Sanne Abeln and Jaap Heringa

Efficient generation of alignment profiles capture evolutionary information for 
fast and accurate predictions of PPI interface positions

RNA and protein diversity

72 Juami van Gils, Maryam Hashemi Shabestari, Halima Mouhib, Peter 
van Ulsen, Wouter Roos, Gijs Wuite and Sanne Abeln

The Mechanisms of Hbp Protein Folding RNA and protein diversity

73 Laurène Picandet, Tony Kaoma, Francisco Azuaje and Petr 
Nazarov

Decomposition of transcriptional signals from tumours to improve classification 
of glioma patients

RNA and protein diversity

74 Miguel Correa Marrero, Richard G.H. Immink, Dick de Ridder and 
Aalt D.J van Dijk

Simultaneous unsupervised inference of protein-protein contacts and 
interactions

RNA and protein diversity

75 Teunis J. P. van Dam, Adam Soh and Chad. G. Pearson Duplication order of SF-assemblins recapitulates substructure organization of 
the ciliary rootlet in the ciliate Tetrahymena thermophila

RNA and protein diversity

76 Jun Hou, Jose Debes, Zwier Groothuismink, Thomas Vanwolleghem 
and Andre Boonstra

Transcriptomic heterogeneity in hepatocytes of HCV patients revealed by single-
cell RNA-sequencing

Single cell omics

77 Patrick van Den Berg and Stefan Semrau Single-cell atlas of the human embryonic kidney reveals developmental role of 
disease-associated genes

Single cell omics

78 Nathalie Groen Exploring human pancreatic β-cell plasticity using single-cell RNA sequencing Single cell omics

79 Tom van Schaik, Daan Peric-Hupkes, Ezequiel Miron and Bas van 
Steensel

Bridging the gap between ChIP and DamID to study protein-DNA interactions Single cell omics

80 Tito Candelli, Philip Lijnzaad, Mauro Muraro, Hindrik Kerstens, 
Patrick Kemmeren, Alexander van Ourdenaarden, Thanasis 
Margaritis and Frank Holstege

Sharq: a versatile preprocessing and QC pipeline for Single Cell RNA-seq Single cell omics

81 Jurrian de Kanter, Philip Lijnzaad, Thanasis Margaritis, Tito Candelli 
and Frank Holstege

CHETAH: a robust and automated cell type identification method for single-cell 
RNA-seq data

Single cell omics

82 Tamim Abdelaal, Vincent van Unen, Thomas Höllt, Frits Koning, 
Marcel Reinders and Ahmed Mahfouz

Predicting cell types in single cell mass cytometry data Single cell omics

83 Roy Straver, Alessio Marcozzi, Wigard Kloosterman and Jeroen de 
Ridder

Consensus calling using raw nanopore data for Cyclomics Single molecule sequencing

84 Carlos de Lannoy and Dick de Ridder Sequence detection and quantification in MinION data without basecalling Single molecule sequencing

85 Ward Weistra and Kees van Bochove Glowing Bear: a new tranSMART interface and a standalone cohort builder Tools & resources

86 Mark Santcroos, Wibowo Arindrarto, Sander Bollen, Jonathan Vis 
and Jeroen Laros

Microservices for Automated End-to-end NGS Data Analysis Tools & resources

87 Mark Santcroos, Matthijs Moed, Paul van Dijk, Raoul Teeuwen, 
Michiel Schok, Pieter Neerincx, Jeroen de Ridder, Christiaan 
Geertsma, Gerben Venekamp, Jeroen Belien, Jeroen Laros, Leon 
Mei, Jonathan Vis, Bas Heijmans and Irene Nooren

Enabling collaborative access to data and resources in health research: 
Federated Identity and Access Management (FIAM)

Tools & resources

88 Paula Pérez Rubio, Claudio Lottaz and Julia C Engelmann FastqPuri: high-performance preprocessing of RNA sequencing data Tools & resources

89 Denise N. Slenter, Egon L. Willighagen and Chris T. Evelo Chemistry Identifier Mapping to Pathway Databases using Ontologies: 
Expanding metabolomics analysis in WikiPathways with ChEBI

Tools & resources

90 Maurits Dijkstra, Punto Bawono, Sanne Abeln, K. Anton Feenstra, 
Wan Fokkink and Jaap Heringa

MA-PRALINE: improving the alignment of motif regions Tools & resources

91 Marvin Martens, Egon Willighagen and Chris Evelo Introducing WikiPathways as a data-source to support Adverse Outcome 
Pathways for regulatory risk assessment of chemicals.

Tools & resources

92 E. de Jong, E. Strengman, J.Y. Hehir-Kwa, W.B. Breunis, H.H.D. 
Kerstens, B.B.J. Tops, F.C.P. Holstege and P. Kemmeren

A DNA methylation pipeline for classifying pediatric tumor (sub)types Tools & resources

93 Martin Brandt, Gabor Nyers and Ymke van den Berg Demonstration of using the SURF National Research Cloud for setting up 
collaborative research environments

Tools & resources

94 Ángela Sedeño Cacciatore, Roy Straver and Jeroen de Ridder Interactive visualization and clustering of multi-component circularized 
chromosome conformation capture data

Tools & resources

95 Yunlei Li, Wesley Ameling, Saskia Hiltemann, Rick Jansen, Folkert 
Kemenade and Andrew Stubbs

JUNIPER: A reproducible notebook with built-in machine learning functionality Tools & resources

96 Kevin van Rooijen A FAIR solution to a database containing data associated with exercise and 
training

Tools & resources

97 Stephen Pieterman AViDE - An interactive data visualization application for gene expression Tools & resources

98 K. Joeri van der Velde, Bart Charbon, Mark de Haan, Gert-Jan van 
de Geijn, Mateusz Kuzak and Morris Swertz

Implementation of BioSchema for multiple patient registries Tools & resources

99 Sven Warris, Steven Dijkxhoorn, Teije van Sloten and Bart van de 
Vossenberg

Mining functional annotations using Cytoscape & Neo4J Tools & resources
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100 Nicola Bonzanni, Alvise Trevisan, Jorrit Posthuma, Jan Blom, Jos 
Lunenberg and Henk-Jan van den Ham

Scalable end-to-end immune repertoire analysis: the ImmunoGenomiX Platform Tools & resources

101 Chris van Run, Hinri Kerstens and Patrick Kemmeren Integrating MultiQC: quality control made elegant for next-generation 
sequencing

Tools & resources

102 Maarten Kooyman, Joke Van Vugt, Jan Veldink, Robert Griffioen, 
Matthijs Moed, Danielle Posthuma, Morris Swertz, Bas Heijmans, 
Leon Mei, Mark Santcroos, Pieter Neerincx, Marian Beekman, Eline 
Slagboom and Irene Nooren

Co-creating ICT Tools and Data Processing Infrastructure for Cohort Studies Tools & resources

103 Frans-Paul Ruzius, Raul Kooter, Job Geerligs, Pieter Meulenberg, 
Joris Albers and Erik Rozemuller

Identifying homologous genes in pooled HLA NGS samples Tools & resources

104 Pieter Lukasse, Fedde Schaeffer, Oleguer Plantalech Casals, 
Sander Tan, Dionne Zaal, Ersin Ciftci, Angelica Ochoa, Adam 
Abeshouse, Hongxin Zhang, Yichao Sun, Robert Sheridan, 
Jianjiong Gao, Benjamin Gross, Sjoerd van Hagen and Kees van 

Gene Set Variation Analysis in cBioPortal Tools & resources

105 Cunliang Geng, Anna Vangone, Gert Folkers, Li Xue and Alexandre 
Bonvin

iSEE: Interface Structure, Evolution and Energy-based random forest predictor 
of binding affinity changes upon mutations

Tools & resources

106 Tim Kuijpers, Jos Kleinjans and Danyel Jennen DynOVis: visualizing dynamic perturbations on biological networks Tools & resources
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Modeling as a Tool to Understand Glucose Regulatory System in Humans 
Chiara Dalla Man 

University of Padova, Department of Information Engineering 

The glucose system has been widely studied in the last decades given the increasing number of people with diabetes 
worldwide. Diabetes is a complex disease and its understanding/treatment requires synergy of several disciplines, 
among which biomedical engineering, and in particular mathematical modeling, played a relevant role. 

Different classes of models can be used depending on the purpose. Minimal models, i.e. parsimonious descriptions 
of the key components of the system functionality, are worthwhile when the aim is measuring crucial processes of 
glucose metabolism. On the other hand, maximal models, i.e. comprehensive descriptions attempting to fully 
implement all the knowledge about a system, are generally large, nonlinear models of high order, with several 
parameters, thus more suitable for performing simulations. In silico models are indeed powerful tools for system 
analysis and can be used when it is too difficult, expensive, dangerous, unethical or impossible reproducing the 
system in a laboratory. 

Although in a different way, both minimal and maximal models contributed to improve our understanding of the 
glucose system. 

In this talk, a set of minimal models describing insulin control on glucose systems, as well as glucose stimulation of 
insulin secretion, will be briefly described first, highlighting both the methodological aspects and models use in 
pathophysiology. 

Then, the so-called UVa/Padova Type 1 Diabetes Simulator will be presented in an historical perspective, from the 
first released version to the latest published improvements. The main features of the simulator will be discussed, 
highlighting why it was accepted by the Food and Drug Administration (FDA) as a substitute for preclinical trials 
for certain insulin treatments, including closed-loop algorithms. The UVA/Padova type 1 diabetes simulator has 
been so far and it is currently used by several research group in the world to test closed-loop controller performances 
before going to human clinical trial. However, it is less known that the use of the simulator is not limited to closed-
loop control of diabetes. For instance, it can also be used to analyze glucose sensor performance in different virtual 
scenarios, for assessing the usefulness of glucose prediction to generate hypoglycemic alerts or to test how to use 
CGM data for decision making (like insulin dosing) or for testing the pharmacodynamics of new insulin 
analogues/molecules.   



Interpretation of human genetic variation across the genome 
Martin Kircher 

Berlin Institute of Health 

The use of sequencing approaches for the identification of disease causal mutations is rapidly gaining traction in 
research and clinical settings, but the interpretation of the identified variants remains a major challenge. When scaling 
from exome to genome sequencing, the vast majority of variants fall in non-coding regions of the genome. However, 
we currently have a very limited toolset for their interpretation and almost no validation data for predictive approaches 
or training data that can be applied for machine learning strategies. In 2014, we developed a broadly applicable metric 
that objectively weights and integrates a large, diverse, and otherwise unwieldy collection of annotation data available. 
Combined Annotation Dependent Depletion (CADD, http://cadd.gs.washington.edu) integrates sequence annotations 
by contrasting variants that survived natural selection with simulated mutations. I will describe our general method as 
well as the integration of additional annotations and methodological improvements we made over the last years. In a 
second part, I will focus on how we create and use experimental data from massively parallel reporter assays (MPRAs) 
to assess the performance of currently available computational predictors of non-coding sequence. We used saturation 
mutagenesis MPRA to create comprehensive base-pair level activity maps of different promoter sequences previously 
implicated in human disease. With read outs of more than 10,000 single nucleotide alterations, we created an 
unprecedented database for the interpretation of potentially disease-causing regulatory mutations. I will show 
benchmarking results of commonly used computational tools and will highlight how performance is highly dependent 
on the genomic sequence under consideration.   



Quantitative approaches to understanding metabolism in cancer 
Jason W Locasale  

Department of Pharmacology and Cancer Biology, Duke University School of Medicine, Durham NC 27708 

This presentation will discuss efforts to understand glucose and amino acid metabolism using metabolomics 
approaches. First I will discuss quantitative principles we are developing to target the Warburg Effect. The Warburg 
Effect is characterized by the increased metabolism of glucose and fermentation to lactate that occurs even in the 
presence of oxygen. Despite being a common feature of cancers and proliferative diseases, there are to date no major 
limitations in our understanding of its function and therapeutic strategies to interfere with it (while sparing normal 
glucose metabolism) are lacking. Next I will focus on a network known as one carbon metabolism that integrates 
nutritional status from multiple sources including glucose to generate multiple biological outputs including anabolic 
and redox metabolism. This network provides the substrates for methyl groups that mediate the epigenetic status of 
cells. I will discuss work on the variation in the basal activity of one carbon metabolism that is necessary and sufficient 
to determine methylation status of key epigenetic marks on histones and discuss data on dietary effects on the activity 
of the pathway. This finding provides a link between nutrient status and chromatin biology. 

  



Whole-organism clone-tracing using single-cell sequencing 
Alexander van Oudenaarden 

Hubrecht Institute-KNAW, University Medical Center Utrecht & Utrecht University 

Embryonic development is one of the most crucial periods in the life of a multicellular organism. A limited set of 
embryonic progenitors gives rise to all cells in the adult body. Determining which fate these progenitors acquire in 
adult tissue is a major challenge and requires the simultaneous measurement of clonal history and cell-type at single-
cell resolution. Clonal history has traditionally been quantified by microscopically tracking cells during 
development, monitoring the heritable expression of genetically encoded fluorescent proteins and, most recently, by 
utilizing next generation sequencing technology exploiting somatic mutations, transposon tagging, viral barcoding, 
and CRISPR/Cas9 genome editing strategies. Single-cell transcriptomics on the other hand, provides a powerful 
technology platform for cell-type classification in an unbiased manner. However, integrating both measurements for 
many single cells has been a major hurdle. Here, we present ScarTrace, a single-cell sequencing strategy that allows 
us to simultaneously quantify information on clonal history and cell type for thousands of single cells obtained from 
different organs from adult zebrafish. Using this approach we show that all blood cells in the kidney marrow arise 
from a small set of multipotent embryonic progenitors that give rise to all blood cell types. In contrast, we find that 
cells in the eyes, brain, and caudal tail fin arise from many embryonic progenitors, which are more restricted and 
produce specific cell types in the adult tissue. Next we use ScarTrace to explore when embryonic cells commit to 
forming either left or right organs using the eyes and brain as a model system. Lastly we monitor regeneration of the 
caudal tail fin and identify a subpopulation of resident macrophages that have a clonal origin that is distinct from 
other blood cell types. We envision that ScarTrace will have major applications in other experimental model systems 
to match embryonic clonal origin to adult cell-type to ultimately reconstruct how the adult body was built from a 
single cell.   



 



An image representation based convolutional network for DNA
classification

Bojian Yin1, Marleen Balvert1,2 Davide Zambrano1, Alexander Schönhuth1,2 and Sander Bohte1
1Centrum Wiskunde & Informatica (CWI), Amsterdam, The Netherlands
2Department of Biology, Utrecht University, Utrecht, The Netherlands

E-mail: m.balvert@cwi.nl

1. Introduction

The spatial configuration of the DNA molecule combined
with helper molecules, also referred to as the chromatin,
plays an important role in the functional properties of
DNA. The genetic sequence is a key determinant for the
type of histone proteins that are recruited, which in turn de-
termines the spatial structure that the chromatin assumes.
While the interplay between the DNA sequence and the
chromatin state is under active research, it is not yet fully
understood. A method that can predict chromatin state
from raw DNA sequence can shed more light on their
relation. Recently the development of deep neural net-
works has seen a tremendous boost and their application
to classification- and prediction problems in biology is
promising (Angermueller et al., 2016).

While DNA is often perceived as a sequence, the three-
dimensional structure of the molecule allows for long-
distance interactions. We therefore designed a deep neu-
ral network approach specifically for the identification of
distal relationships, and show that our approach improves
performance. Details can be found in Yin et al. (2018).

2. Approach

To allow for the identification of distal relationships we use
three techniques. First, while many neural networks make
use of small convolutional filters, we employ large filters to
allow for early detection of long-distance interactions. Sec-
ond, we use a ResNet- (He et al., 2015) and Inception-like
(Szegedy et al., 2015) design to ensure that features found
in early layers do not vanish. Third, we reshape the se-
quential input into a two-dimensional image using Hilbert
curves, placing distal elements of the sequence in closer
proximity. Details of the network architecture and the use
of Hilbert curves can be found in Yin et al. (2018).

To test our approach we use data from Pokholok et
al. (2005). The data contains DNA sequences of length
500 bp, with labels indicating whether or not the se-
quence is wrapped around a histone molecule. We com-
pare our method to an SVM (Higashihara et al, 2015), a
long short-term memory (LSTM) method and a sequence-
based convolutional neural network (seq-CNN) proposed
by Nguyen et al. (2015). To assess the effect of using
a two-dimensional image representation, we compare our
method (HCNN) to a “flattened” version of our architec-
ture that uses the original sequence as input (seq-HCNN).

3. Results

SVM, LSTM and seq-CNN were all outperformed by both
seq-HCNN and HCNN in terms of prediction accuracy and
training times, where seq-HCNN and HCNN perform sim-
ilarly. HCNN shows more robust results over the ten cross-
validation folds, and outperforms seq-HCNN for precision,
recall, area under the precision-recall curve (AP) and area
under the ROC curve (AUC).

4. Discussion

In Yin et al. (2018) we proposed a CNN-based architecture
that outperforms several other methods in predicting the
chromatin state of DNA sequences. A further improvement
in training time, precision, recall, AP and AUC is achieved
when the DNA sequence is represented as an image using
the Hilbert curve.

We believe that the improvement over the CNN-based
approach by Nguyen et al. (2016) is due to two factors.
First, we use larger filters which allows for the detection
of long-distance interactions already early in the network.
Second, HCNN and seq-HCNN have a much smaller num-
ber of trainable parameters. This is because in HCNN and
seq-HCNN the size of the layer preceding the fully con-
nected layer is much smaller than for seq-CNN.

Our approach may not be limited to chromatin state
prediction. Additional successful experiments on predict-
ing the absence or presence of splice-junctions in DNA se-
quences suggest that our approach may be generally appli-
cable to prediction from DNA sequence.
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1. Introduction

Viruses populate their hosts as a viral quasispecies: a col-

lection of genetically related mutant strains. Viral quasis-

pecies assembly refers to reconstructing the strain-specific

haplotypes from read data, and predicting their relative

abundances within the mix of strains, an important step

for various treatment-related reasons. The unkown number

of different, strain-specific haplotypes and their variance in

abundance make this form of assembly a challenging task,

despite the shortness of virus genomes.

Assembly approaches applicable for viral quasis-

pecies can be divided into two classes: reference-genome-

independent (“de novo”) and reference-guided. De novo

approaches have yielded benefits over reference-guided ap-

proaches, because reference-induced biases can become

overwhelming when dealing with divergent strains. While

being very accurate, extant de novo methods only yield

rather short contigs. It remains to reconstruct full-length

haplotypes together with their abundances from such con-

tigs.

2. Materials & Methods

Figure 1: Virus-VG workflow.

We present Virus-VG [1], an algorithm that turns

strain-specific contigs into full-length, strain-specific hap-

lotypes, thus completing the de novo viral quasispecies as-

sembly task. We first construct a variation graph, a recently

popular, suitable structure for arranging and integrating

several related genomes. This construction uses only the

input contigs, without making use of a reference genome.

To obtain paths through the variation graph that reflect

the original haplotypes, we solve a minimization problem

that addresses to yield a selection of maximal-length paths

that is optimal in terms of being compatible with the read

coverages computed for the nodes of the variation graph.

We output the resulting selection of maximal length paths

as the haplotypes, together with their abundances, in the

form of a genome variation graph. Our tool, Virus-VG,

is publicly available at https://bitbucket.org/
jbaaijens/virus-vg.

3. Results

Benchmarking experiments on challenging simulated data

sets show significant improvements in assembly contiguity

compared to the input contigs, while preserving low error

rates. Compared to state-of-the-art viral quasispecies as-

semblers, all of which are reference-guided, our method

produces assemblies that are both more complete, in terms

of haplotypes covered, and more accurate, in terms of er-

ror rates. Moreover, we predict abundances for the recon-

structed strains that are closest to the true haplotype fre-

quencies in comparison to other methods.

4. Discussion

Recent outbreaks of viral diseases, such as the Ebola or

the Zika virus, have pointed out a pressing need for meth-

ods that can operate more flexibly and do not depend on

the quality of reference genomes. Since such de novo ap-

proaches yield only relatively short, highly accurate, strain-

specific contigs, we have presented Virus-VG for extend-

ing these contigs into maximal-length haplotypes. Due to

high mutation/recombination rates, viral genomes are of-

ten extreme in terms of ploidy and low abundance of sin-

gle strains. We have demonstrated that Virus-VG produces

full-length haplotypes at extremely low error rates and,

in addition, provides highly accurate abundance estimates

for the reconstructed haplotypes. As a consequence, our

method outperforms the state-of-the-art viral quasispecies

assembly tools.
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Improving diagnostic yield of exome-sequencing through prioritization of genes with 
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1. Introduction 
 

Interpretation of genetic variants identified through 
whole exome sequencing remains challenging, due to many 
variants with unknown clinical significance. We aim to 
reduce labor intensive variant classifications and improve the 
diagnostic yield by ranking genes using predicted Human 
Phenotype Ontology (HPO) assignments. 

 
2. Approach 

 
We developed a method that can predict per gene what 

the likely phenotypic consequences are when mutated, by 
integrating gene expression data on 31,499 public RNA-seq 
samples. We subsequently used this information, along with 
phenotype information per patient, to prioritize genes that, 
when mutated, likely cause each of these phenotypes. 

 
3. Results  

 
To validate the predictive power of our method we first 

tested the ability of our method to recall genes based on 
known disease phenotypes. Here we determine the rank of 
known disease genes among the 55,000 coding and non-
coding genes. We found that for 54% of the diseases the 
known causal gene is ranked in the top 5% (Figure 1).  

 
We tested the practical application of our method using 

a cohort of 86 solved cases for which we have whole exome 
DNA-seq data. On average these samples harbor 235 
variants with a high CADD score and a low minor allele 
frequency (of which many are classified as variants of 
unknown significance). We show that our method 
successfully captures the true causal variant in 50% of the 
cases within the top 20 of prioritized genes. This indicates 
that our ranking algorithm helps to reduce the number of 
variants that need manual interpretation.  

 
Our web-based gene function predictions and HPO 

based gene prioritization method is freely available at 
http://www.genenetwork.nl/. GeneNetwork.nl also provides 
lookup functionality for predicted GO-terms, Reactome 
pathways and KEGG pathways, based on the co-regulation 
network of 31,499 samples. 

 

 
 

Figure 1. Disease gene prediction based on known 
phenotypes ranks the causal gene in the top 5% for over half 

of the disease genes. 
 

4. Discussion 
 
We expect our algorithm to be particularly helpful for 

unsolved cases, where the causal mutation might not be in 
known disease-causing genes, but rather in other genes that 
are co-regulated with the known disease-causing genes and 
so-far remain ignored in current analyses. 
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1. Introduction 
 

The number of available genome sequences is 
increasing rapidly, and many species are no longer 
represented by just a single reference genome, but by tens, 
hundreds, or thousands of genomes. Current genomics 
methods do typically not scale to such volumes of data. To 
capitalize on the full potential of genomics data we need to 
shift to so-called pangenomics. While this term has been 
coined over a decade ago to mean the study of gene sets 
found in different organisms [1], it has recently gained new 
traction as the combined study of (potentially large 
numbers of) full genome sequences. The challenge is to 
develop representations that facilitate efficient multi-
genome analysis methods, enabling large-scale comparative 
genomics applications. As in many areas of bioinformatics, 
the specific requirements on these applications to a large 
extent determine the optimal representation: different 
solutions are required when studying viral genomes, cancer 
genomes or plant or fungal genomes [2]. 
 
2. Approach 

 
We focus on the representation of plant genomes, 

supporting both fundamental plant science and applications, 
such as plant breeding. Plants have large, complex, often 
repetitive and sometimes polyploid genomes. Moreover, 
applications often require studying quite divergent sets of 
genomes. Solutions developed for bacterial genomes often 
do not scale to the size and complexity of plant genomes, 
and solutions for human genomes not to their variety [3].  
Therefore, we have developed an efficient, scalable data 
representation for multiple annotated large genome 
sequences, PanTools.  

 
3. Results 

 
PanTools builds on the Neo4j graph database, which 

means it is limited by disk space rather than memory, and 
has become the foundation for a growing number of 
applications. The core of PanTools is a compressed De 
Bruijn graph of all genome and proteome sequences (Fig. 
1), accessible through a k-mer index stored in the same 
database. Unique to our solution is the inclusion of 
annotations and cross-links between genomes and their 
features. This facilitates biological queries to analyze all 
genomes in the set simultaneously. PanTools currently 
supports the following functionality: 
• pangenome construction, annotation, genome addition 

and genome/sequence extraction [4]; 
• annotating variants (VCF files) in pangenomes; 
• interactive querying on database content and graph 

structure, through Neo4j’s Cypher query language; 
• efficient detection of orthologous groups in large-scale 

proteomes [5]; 
• aligning second/third generation reads to pan-genomes. 

 
Figure 1. An annotated pan-genome (k = 32) of two HIV strains, 
AF069671.1 and AF413987.1, in the Neo4j browser. The single pan-
genome node (gray) points to genome nodes (blue), each linked to their 
constituent sequence nodes (purple). Group nodes (yellow) link genes (red), 
which point to nodes (green) where they start and end in the pan-genome. 
 
4. Discussion 

 
The change from reference-centric approaches to 

pangenomic approaches enables an integrative view on all 
genomes available for a (group of) species. It can be used 
to study genome content, organization, and evolution. 
Pangenomics delivers the necessary analysis efficiency and 
affects a wide range of comparative genomics applications, 
from plant breeding to biotechnology and human health.  

PanTools offers a scalable solution for studying large 
numbers of complex, varying genomes. While the 
foundation is sound, a number of further developments are 
still needed. In particular, pangenome graphs should allow 
efficient detection of local variation (SNPs, indels), large-
scale structural variation and synteny, as well as relation of 
such variation to phenotypes. For usability, a pangenome 
browser – offering access to the data stored at different 
semantic zoom levels – is essential. 
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1. Introduction 

Computational models of human plasma glucose 
regulation are important tools for quantitative studies related 
to insulin resistance and (type 2) diabetes mellitus. Early 
models of the glucose-insulin interplay [1] have been 
extended with the effect of glucagon [2] or free fatty acids [3]. 

Recently, (branched-chain) amino acids came into focus 
due to their identification as early diabetes markers [4] and 
their altered catabolism in adipose tissue of people with 
obesity [5]. 

Therefore, it is of high interest to further refine existing 
models of plasma glucose regulation, focussing on the effect 
of free fatty acids, amino acids, and the specific role of 
adipose tissue, to quantitatively study early metabolic 
disturbances during type 2 diabetes development in 
association with obesity. 

 
2. Approach 

We perform top-down metabolic modelling on three 
levels (Figure 1), namely the whole body (plasma glucose 
regulation), tissue (adipose tissue metabolite uptake/release), 
and cellular level (adipocyte intracellular metabolism) using 
data from human in vivo studies.  

We extend and refine existing ordinary differential 
equation models of the plasma glucose regulatory system by 
fitting models to public and in-house data from (i) mixed 
meal challenge tests, (ii) arteriovenous measurements, and 
(iii) clamps.  

Furthermore, we perform topological analysis of a 
genome-scale metabolic model of the human adipocyte to 
relate inter-individual variations in plasma metabolite levels 
to adipose tissue gene expression [5]. 

 
3. Results 

We will present results from three projects that aim to (i) 
extend differential equation models of plasma glucose 
regulation with the effects of amino acids; (ii) refine existing 
models of postprandial fatty acid metabolism in the adipose 
tissue using arteriovenous measurements; and (iii) evaluate 
the potential contribution of changes in adipose tissue 
metabolism to variations in fasting plasma branched-chain 
amino acid concentrations. 

The use of arteriovenous measurements represents a 
novel strategy to refine tissue-specific model terms in whole-
body models, reducing the identifiability issue in top-down 
modelling approaches. 

Figure 1. The proposed modelling approaches aim to 
identify relationships between plasma glucose 

concentrations, adipose tissue metabolite uptake/release, 
and adipocyte intracellular metabolism 

 
Furthermore, such data provide in vivo measurements of 

tissue exchange fluxes, which are an important component for 
estimating intracellular metabolism in a constraint-based 
analysis framework. 
 
4. Discussion 

Refined and extended computational models are required 
to get a better quantitative understanding of the complex 
interplay between several organs and various molecules that 
regulate plasma glucose concentration. Here, we specifically 
investigate potential indirect effects of adipose tissue on 
plasma glucose regulation through changes in fatty acid and 
amino acid metabolism that can affect glucose uptake or 
release in muscle and liver. 
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1. Introduction 

 
Bariatric surgery is more effective at achieving and 

maintaining major weight loss than lifestyle modifications. 
The most commonly performed bariatric surgery is Roux-en-
Y gastric bypass (RYGB). In addition to weight loss related 
resolution of co-morbidities, RYGB also improves plasma 
glucose homeostasis prior to significant weight loss. 
Glucagon-Like-Peptide-1 (GLP-1) likely contributes to this 
improvement since the postprandial GLP-1 response is 
exaggerated following RYGB, and GLP-1 has multiple 
effects that positively contribute to glucose homeostasis. 
However, it has not been fully elucidated how RYGB causes 
an increase in the postprandial GLP-1 response and whether 
other factors play a role in the improved glucose 
homeostasis.1 We developed an in silico model that can 
accurately describe postprandial experimental data to 
provide insight in this phenomenon. 

 
2. Approach 

 
We extended the intravenous glucose tolerance test 

minimal model by Bergman2 and the bile acid model by 
Sips3 with equations based on biological knowledge to 
obtain a physiology based glucose-insulin-GLP-1 model. 
The model consists of a system of ordinary differential 
equations that describes gastro-intestinal passage and 
absorption of nutrients, bile acid circulation, and secretion 
and actions of insulin and GLP-1 following an oral 
challenge.  

After an overnight fast, 36 obese subjects scheduled for 
RYGB surgery consumed a nutrient rich liquid meal. Blood 
samples were taken intermittently for 6 hours. An identical 
test was performed one year after RYGB. The model was fit 
to the mean glucose, insulin and GLP-1 plasma 
concentrations from this experimental data-set. The achieved 
model was used to investigate the influence of modifications 
to the RYGB procedure on postprandial glucose, insulin and 
GLP-1 excursions. 

 
3. Results 
 

Our model describes the experimental data well, 
including a pronounced postprandial GLP-1 peak in the post 
RYGB situation (Figure 1). Analysis of the GLP-1 fluxes 
show that this peak is practically solely caused by an 
increased delivery of glucose to the ileum .  

Model adaptations show that intestinal length, and to a 
lesser extent gastric pouch volume, influence the effect of 
RYGB on glucose homeostasis. 

 

 
 

Figure 1. Experimental data (mean  sd, blue) and model 
simulation (red) plotted in the same figure. The model 
simulation accurately describes the experimental data. 

 
4. Discussion 
 

To our knowledge, our physiology based glucose-
insulin-GLP-1 model is the first model capable of simulating 
the characteristic postprandial GLP-1 peak observed after 
RYGB. The model ties the occurrence of this peak to the 
increased delivery of glucose to the distal intestines and 
therefore supports the hindgut hypothesis. Model simulations 
indicate that the total length of the intestines has a major 
influence on post RYGB GLP-1 secretion and glucose 
homeostasis. Concerning RYGB outcome on glucose 
homeostasis, we therefore advise surgeons and researchers 
not to limit their focus to the alimentary and biliary limb, but 
to consider the length of the common limb as well. 
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1. Introduction 
 

Cryptococcus curvatus, an oleaginous fungus, is gaining 
attention due to its ability to use a wide range of substrates 
and its ability to accumulate more than 60% lipid in its 
biomass. However, the optimum yield of lipid can only be 
achieved by genetic modification. Such engineering 
strategies can be designed by using a genome scale 
metabolic model (GEM).  

 
 

2. Approach 
 
The model was constructed using scaffold-based method 

that has been published in (Loira, Dulermo, Nicaud, & 
Sherman, 2012). The model iNL895 (Loira et al., 2012) of 
Yarrowia lipolytica, an oleaginous yeast was chosen as a 
reference model due to its similarity to Cryptococcus 
curvatus. Possible orthologs with the scaffold in C.curvatus 
were found from manual annotation. If the ortholog gene 
was in the target organism, the associate reaction in the 
scaffold will be remained. In addition, exchange and non-
enzymatic transport reactions for the medium were kept. 
Spontaneous or orphan reactions from the scaffold were also 
remained.  

This step resulted in a draft model, which was then 
curated based on published data and literature. To validate 
the accuracy of the model, Flux Balance Analysis (FBA) 
was used. In silico growth predictions on different carbon 
sources were compared with experimental data. Oleaginous 
organism is well known for its ability to accumulate lipid 
more than 50% of their dry cell weights under stress 
condition, for example nitrogen deletion (Rakicka, Lazar, 
Dulermo, Fickers, & Nicaud, 2015). Hence, lipid synthesis 
under normal nitrogen and nitrogen deletion conditions in 
the model were evaluated.  

 
 
 
 
 
 
 

 
3. Results 

 
The current version of the model contains 831 genes, 

1436 metabolites and 1679 reactions distributing in 11 
compartments. The in-silico growth prediction in the model 
is highly consistent with experimental data obtained in 
different carbon and nitrogen sources. The model shows that 
under nitrogen deletion, more lipids are produced. This is in 
agreement with literature data. 
 
 
4. Discussion 

 
These results illustrated that the model can be further 

used to study and guide metabolic engineering for 
optimization of C.curvatus metabolism.  
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Abstract: 

Microorganisms, including Baker’s yeast, have to cope with dynamic environments, either 

predictable ones caused by the organism’s own metabolism such as diauxie, or sudden transitions in 

nutrient availability or stress. Glycolysis, as a central pathway from which many routes branch out 

towards biosynthesis and production of stress protectants, thus needs to be able to accommodate 

dynamic demands of its products. We study the regulation of the glycolytic pathway from such a 

dynamic perspective; we hypothesize (and demonstrated before) that many regulatory mechanisms 

have developed to cope specifically to navigate between transitions. 

Because transitions can result in subpopulations - due to bistability in glycolysis, energetic constraints 

or heterogeneity in response times- we are developing tools to study glycolysis not only at the 

population level, but also at the single cell level. This includes microfluidic devices, flow cytometry, 

FRET-based metabolite sensors and RNA-FISH techniques. We furthermore develop theory and 

modeling to understand the functional and evolutionary implications of regulatory strategies.  

I will provide some examples of where we are, and illustrate with some experimental examples the 

necessity but also the challenges we face by moving to single cell and dynamic conditions.  
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Background: Genome duplication has played a pivotal role in the evolution of many eukaryotic 

lineages, including the vertebrates. A relatively recent vertebrate genome duplication is that in 

Xenopus laevis, which resulted from the hybridization of two closely related species about 17 

million years ago. However, little is known about the consequences of this duplication at the level 

of the genome, the epigenome, and gene expression.

Results: The X. laevis genome consists of two subgenomes, referred to as L (long chromosomes) 

and S (short chromosomes), that originated from distinct diploid progenitors. Of the parental 

subgenomes, S chromosomes have degraded faster than L chromosomes from the point of genome 

duplication until the present day. Deletions appear to have the largest effect on pseudogene 

formation and loss of regulatory regions. Deleted regions are enriched for long DNA repeats and the

flanking regions have high alignment scores, suggesting that non-allelic homologous recombination

has played a significant role in the loss of DNA. To assess innovations in the X. laevis subgenomes 

we examined p300-bound enhancer peaks that are unique to one subgenome and absent from X. 

tropicalis. A large majority of new enhancers comprise transposable elements. Finally, to dissect 

early and late events following interspecific hybridization, we examined the epigenome and the 

enhancer landscape in X. tropicalis × X. laevis hybrid embryos. Strikingly, young X. tropicalis DNA   

transposons are derepressed and recruit p300 in hybrid embryos.

Conclusions: The results show that erosion of X. laevis genes and functional regulatory elements is

associated with repeats and non-allelic homologous recombination and furthermore that young 

repeats have also contributed to the p300-bound regulatory landscape following hybridization and 

whole-genome duplication.
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1. Introduction 
 
T cells recognize antigens (peptides) presented by the Major 
Histocompatibility Complex on the surface of other cells 
using their T cell receptor (TCR). A TCR is generated 
through a stochastic process of gene rearrangement, 
accompanied by random insertion and deletion of nucleic 
acids to form a TCR sequence (1). This recombination 
process can generate >1020 different TCRs (2). Thus, 
theoretically every human naïve T cell can carry a unique 
TCR. The collection of T cells and different TCRs is called a 
repertoire. 

Upon encountering their cognate antigen, a naïve T cell 
undergoes clonal expansion producing thousands of antigen 
specific T cells, each carrying the same TCR. Typically, 
multiple naïve T cells can respond to the same antigen. The 
antigen specific T cells together mount immune responses 
against pathogens or cancer and help other immune cells. 
Due to the enormous TCR diversity it is not clear which T 
cell (receptor sequence) is specific for a given antigen. As a 
result, we do not understand why and which T cells have 
become self reactive in autoimmune conditions. Moreover, it 
has been postulated that TCR repertoire can be extremely 
dynamic but there are no systematic studies on the repertoire 
dynamics. 
 
2. Approach 
 
We performed high throughput sequencing (HTS) on 
longitudinal samples obtained from healthy and diseased 
individuals to understand the TCR repertoire dynamics. We 
used unique molecular identifiers that barcode individual 
mRNA molecules and used the RTCR pipeline generated by 
our group to remove PCR and sequencing errors (1). To 
study the repertoire dynamics in a healthy individual, mRNA 
was extracted from blood samples from a healthy human 
adult, taken minutes, days, and 28 months (>2 years) apart. 
To study the repertoire dynamics in autoimmunity, mRNA 
was extracted from sorted CD4+ Tregs obtained from the 
blood and synovial fluids of individuals suffering from 
Juvenile Idiopathic Arthritis (JIA), taken months apart.  
 
3. Results 
 
We found that in a healthy individual, dynamics of abundant 
clonotypes were more similar among blood samples that 
were taken within a week from each other than those with 

years between them. Over the years we observed significant 
global (V/J-gene usage) shifts in the TCR repertoire 
indicating selection of new TCRs despite lack of any major 
clinical manifestation. Using negative binomial distribution 
and Wald tests, we found clones that exhibited significant 
(FDR corrected p-value <0.05 and fold-changes >±2) 
changes between blood samples taken years apart. 
Remarkably, we found one clonotype that was undetectable 
in the early samples but became one of the largest clonotypes 
~2 years later. This single clonotype was accompanied by 
>800 clones that exhibited similar temporal dynamics. Using 
novel methods, we deduced that several of the clones that 
exhibit similar temporal dynamics also shared sequence 
motifs. This indicates that antigen specific immune responses 
are driven by clones that share sequence similarities. Thus, 
our analysis shows that by using deep repertoire sequencing 
of small blood samples we can identify changes in the 
repertoire caused even by subclinical immune responses. 
 We further studied how clonal abundances change in a 
clinical setting. Using longitudinal blood and synovial fluid 
samples from JIA patients, we show that a large fraction of 
the dominant CD4+Treg clonotypes found in the synovial 
fluid recirculate in blood. Moreover, the dominant 
clonotypes tend to persist in the synovial fluid for more than 
2 years. Interestingly, after sequencing synovial fluid from 
two different knees, we found large a overlap in the TCR 
repertoire and the same clones were dominant in both the 
knees.  
 
4. Conclusion 
 
Using deep sequencing and novel bioinformatics analysis, 
we show that the TCR repertoire is dynamic in healthy 
individuals and that even subclinical infections can mount 
strong response which leads selection of clusters of TCR 
clonotypes. We further show that in autoimmunity antigen-
specific T cell clonotypes are spatially (2 different knees and 
blood) and temporally (>2 years apart) persistent in the 
active site of inflammation. 
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1. Introduction 
 

Early detection of colorectal cancer (CRC) and its 
precursor lesions (adenomas) is crucial to reduce CRC 
mortality rates. The faecal immunochemical test (FIT) is a 
non-invasive CRC screening test that detects human protein 
haemoglobin in stool. Although FIT is beneficial in its 
current form with a sensitivity of ~75% for detection of CRC 
and ~27% for adenomas, its performance is still suboptimal 
and needs to be further improved. Adenoma-to-carcinoma 
progression is accompanied by alternative splicing, which 
results in expression of tumour-specific protein isoforms. 
These may yield novel biomarkers suitable for improving 
detection of progressive adenomas and CRCs. We aim to 
identify proteins translated from alternatively spliced RNA 
which might serve as candidate biomarkers for early 
detection of CRC. 

 
2. Materials & Methods 

 
RNA and proteins were isolated from 30 CRCs, 30 

adenomas and 18 normal adjacent colon tissues. RNA was 
also isolated from 3D organoid cultures derived from 5 
adenomas and 4 CRC tissues. Samples were analysed by 
RNA sequencing (Illumina) and in-depth tandem mass 
spectrometry proteomics (QExactive). Splicify, a 
proteogenomic data analysis pipeline for identification of 
differential protein isoforms, was applied.  

 
3. Results 
 

Splicify identifies differential isoforms on RNA level, 
which are used to enrich the protein sequence database 
against which mass spectra are searched. Isoform-specific 
peptides are extracted and quantified to confirm differential 
splicing on protein level (Figure 1). In the tissue dataset, 
comparative splicing analysis between CRCs and controls 
and between CRCs and adenomas revealed over 3000 events 
for each comparison on the RNA level. Significant overlap 
was detected for splicing events identified in tissues and in 
the organoids. Proteomics analysis revealed over 9000 
protein IDs, including approximately 700 and 450 
differential splice variants with peptide confirmation for the 
comparisons between CRCs and controls and between CRCs 

and adenomas, respectively. These include known isoforms 
involved in cancer such as RAC1 or KRAS and novel 
candidates. A candidate biomarker has been selected and 
antibody generation targeting its protein isoforms is ongoing. 

Figure1. Identification of protein isoforms with RNA-seq 
and mass spectrometry. A. Example of peptides supporting 
translation of splicing events for skipped exon. Split peptides 
map to both sides of an exon-exon junction. B. Visualisation 
of a skipped exon event in IGV.  

 
4. Discussion 

 
We confirmed that adenoma-to-carcinoma progression is 

accompanied by aberrant splicing. Analysis of the organoid 
cultures allowed us to identify gene isoforms from 
(neoplastic) epithelial origin. Tissue analysis yielded tumour-
specific splice variants representing novel protein candidate 
biomarkers for early detection of CRC. Next, comparative 
proteogenomic analysis will be performed on adenomas at 
low- and high-risk of progressing to CRC. Diagnostic 
performance of selected protein isoforms will be validated in 
series stool and FIT samples.  
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Complexome profiling uses a combination of native gel electrophoresis with mass spectrometry to obtain the 
inventory, compo sition and abundance of multiprotein assemblies in a cellular organelle. Applying complexome 
profiling to determine the effect of a mutation on protein complexes requires separating technical and biological 
variations from the ones caused by that mutation. We have developed the COmplexome Profiling ALignment 
(COPAL) tool that aligns multiple complexome profiles with each other. It uses the abundance profiles of all proteins 
identified in two separate gel-lanes to pairwise align the migration patterns in silico , using a multidimensional 
implementation of the dynamic time warping algorithm. Subsequent progressive alignment allows us to align multiple 
profiles with each other. As a test case, we chose Barth syndrome mutations in the tafazzin gene (TA ), which is 
involved in the remodelling of the mitochondrial inner membrane phospholipid cardiolipin, and studied the effect of 
the aberrant lipid composition on mitochondrial proteins and protein complexes. For this we aligned and compared 
mitochondrial complexome profiles of fibroblasts with four different TA  mutations that lead to strongly reduced 
levels of unsaturated cardiolipin with five complexome profiles from control cells. By comparing the variation 
between mitochondria from controls and the TA  mutation fibroblasts with the variation among those, we assessed 
the effects of the TA  mutations on the abundance profiles of individual proteins. Subsequently we rank-ordered the 
individual proteins based on the effect of the mutations, and used gene set enrichment analysis to detect significantly 
affected protein complexes. Most of the protein complexes that are significantly affected by the TA  mutations are 
located in the inner mitochondrial membrane. 
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In recent publications, it has been proposed that approximately 50  of pre-clinical research data is not reproducible. 
Whilst we cannot address all the challenges associated with these findings we can work towards creating an ecosytem 
at Erasmus MC in which we enable researchers to comply with FAIR data (Findable, Accessible, Interoperable, Re-
usable) principles. The correct long-term care’ of valuable digital assets means that data can be efficiently re-used 
for subsequent investigations, either alone, or in combination with newly generated data to create new knowledge. To 
address the challenges associate with un-FAIR data the European Union has initiated a plan for Open research data in 
H2020 which is a requirement for all grantees, whereby all research data complies with the FAIR data principles. Our 
aim was to implement a secure and an easy to use translational research application for clinical research scientists that 
uses existing informatics technology and services with FAIR data principles built into the design. We have implement 
a generic end to end  FAIR data point and analysis architecture, myFAIR Analysis, that is applicable for any type of 
translational or clinical research project. myFAIR was developed using FAIR Data compliant applications including 
B2DROP (EUDAT), an ownCloud, that provides end users with Dropbox like storage and sharing services which 
comply with FAIR data principles. myFAIR uses alaxy to deliver reusable and provenant  predefined workflows. 
The data and results are indexed with ontologies for disease with Dis eNET (http://www.disgenet.org) and for 
describing the data types with EDAM (http://edamontology.org/). myFAIR Analysis enables scientists to apply FAIR 
data principles to both their data and analysis within one single web application. 
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1. Introduction 
 

Starting in 2018 the Princess Máxima Center will treat 
700 children with cancer (500 new cases, 200 relapses) per 
year. Exome sequencing and RNA sequencing will be 
performed as standard of care on all individuals and many 
patients are included in clinical studies and research 
cohorts, in which case whole genome sequencing will be 
performed. In both scenarios primary patient material and 
research derived materials will be stored in a biobank and 
characterized at the molecular level by WES, WGS and 
RNA sequencing analyses. To keep track of sample 
relationships and analyses, a platform is needed which can 
store diverse sequencing data and sample metadata as well 
as support automated reproducible analyses. In essence 
ensuring that analyses are consistent and data is Findable, 
Accessible, Interoperable and Reusable. 

Previously, (meta) data management was typically 
addressed across separate diagnostic and/or research 
database(s) each using a specific data model. Furthermore, 
analyses workflow scripts tended to be monolithic and 
designed to support a particular sequencing strategy; for 
example exome sequencing in diagnostics and whole 
genome in research. Here we present a framework to both 
track the (meta) data of diagnostic as well as research 
applications and their analysis workflows. 

 
2. Approach 

 
By using Molgenis [1] in combination with the 

Cromwell Workflow Definition Language (WDL) executer 
[2] we have created a general flexible and extensible 
database which is tightly connected to analysis workflows. 
The data model is based on SRA[3], extended with ISA[4] 
and then completed with entities and attributes required for 
automated computational analyses. As a result, data will 
require minimal conversion before it can be submitted to 
public repositories. We adopted and extended best practices 
pipelines written in WDL[5] from the Broad Institute, 
supplementing them with data management and storage 
backend interoperability tasks. 

 
3. Results 

 
We have completed WDL analyses pipelines for 

germline and somatic small variant, copy number variant 
analyses and structural variant discovery. Similar tasks in 
the pipelines are performed by the same execution code, 
task inputs and customized via optional parameters. All of 
which are stored per execution run of the pipeline resulting 
in a full audit trail. Parameters distinguish how the analysis 
should be performed within the shared analysis pipelines 
separating the WES (diagnostics) and WGS (research) 
contexts. 

Many of the analyses parameters, required resources 
(such as reference genome or variant annotation 
information), noise reduction data (e.g. panel of normals) 
and compute resources (like software environments) are 
automatically queried from the data management 
framework. Starting an analyses pipeline requires a 
minimum of four parameters (Figure 1) and pipeline 
products such as aligned reads, variants and copy number 
segments are archived and linked to the data management 
framework without human intervention. 

 

 
 

Figure 1. Required inputs for starting analyses 
pipelines. 

 
 

4. Discussion 
 
By combining the Molgenis data management 

framework and the WDL Cromwell workflow language we 
have created a shared data warehouse and analysis 
infrastructure between diagnostics and research. The 
flexibility of the data model allows further integration of 
experiments such as transcriptome sequencing and array 
based methylation analysis with minimal effort. In doing so 
we have created a shared infrastructure based on a non-
redundant small code base which is easier to maintain and 
guarantees analysis compatibility between diagnostics and 
research which is key for successful translational research 
and advanced patient care. 
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1. Introduction 
 
A commonly used method in metagenomics for bacterial 
identification is the amplification and sequencing of the 
hypervariable regions of the 16S rRNA gene1. These 
sequences are then mapped to a reference database, such as 
SILVA2 or Ribosomal Database Project (RDP)3, to classify 
the corresponding taxonomic lineages.   

To date, various tools have been developed based on 
this concept including our own development of NG-Tax4.  
It’s accuracy has been benchmarked against QIIME5, a 
frequently used pipeline, using synthetic mock communities 
and offers a better result. 

With increasing amounts of data, good data 
management becomes essential.  Proper data handling can 
be achieved through applying FAIR data principles which 
is intended to make the information Findable, Accessible, 
Interoperable and Reusable.  Hence, we adopted these 
principles in our tool through a semantic framework using a 
Linked Data format.  In addition, we developed an 
interactive downstream analysis toolbox for analysing and 
visualising the data. 

Here we present NG-Tax 2.0, a complete automatic 
analysis pipeline for 16S rRNA sequences which, in 
addition to its accuracy in microbial identification, is able 
to utilize such data to its full potential.  

 
2. Approach 

 
NG-Tax 2.0 is developed and written in Java.  The 
conversion from BIOM to Resource Description 
Framework (RDF) format employs a defined vocabulary 
that was developed based on GBOL and Stack 6.  The NG-
Tax specific ontology consists of 8 classes, of which some 
were derived directly from GBOL and some are new 
classes that were integrated in the GBOL ontology.  The 
information and meta-data stored in the graph database can 
be retrieved and compared through a SPARQL endpoint 
that directly interacts with  a data analysis and visualization 
toolbox based on R using Vegan7 and Rshiny8 packages.    

 
3. Results 
 
NG-Tax 2.0 consists of three sections, NG-Tax, the RDF 
database and the downstream analysis toolbox (Figure 1).   
 
NG-Tax. This version is the re-implementation of the initial 
version using Java. Java is an excellent programming 
language for developing cross-platform applications. In 
addition, NG-Tax 2.0 also features a conversion module 
that converts the BIOM output format into RDF.  
 

 
 

Figure 1: Overview of the workflow 
 

RDF database. The RDF graph database stores all the 
information and meta-data from the output of NG-Tax.  The 
information includes the OTUs, taxonomic linage 
information and all provenance data.  The strictly defined 
ontology ensures the consistency, interoperability and 
reusability of the data according to the FAIR principles.  
Unlike the BIOM format, information for a specific 
question can be easily fetched through SPARQL queries 
such as finding the bacteria that occurred uniquely in a 
specific sample or dataset.  In addition, RDF is capable of 
combining different datasets which uniquely enables a 
comparative analysis between different experiments.  
 
Downstream analysis toolbox. This toolbox is capable of 
both interactively analyzing and visualizing the data 
through a web-interface.  The toolbox consists of 
computational functions that are commonly used in the 
field, such as bacterial profiling, alpha and beta diversity.   
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Introduction 
Pathway diagrams are found everywhere: in textbooks,             
articles, posters and so on. Their utility to biologists as                   
conceptual models is obvious. They have also become               
immensely useful for computational analysis and           
interpretation of large-scale experimental data when           
properly modelled. 
 
In this talk, I will showcase several pathway and network                   
analysis related tools and resources developed at the               
Department of Bioinformatics at Maastricht University,           
including: 
● WikiPathways (www.wikipathways.org) [1] 

● PathVisio (www.pathvisio.org) [2] 

● WikiPathways app (apps.cytoscape.org/apps/wikipathways) [3] 

● CyTargetLinker (apps.cytoscape.org/apps/cytargetlinker) [4] 

● BridgeDb (www.bridgedb.org) [5] 

 
I will highlight how the different tools are connected and                   
working together to provide an easy to use and flexible                   
workflow to analyse and visualise experimental data.  

 
Biological Pathways 
WikiPathways is a community based, curated pathway             
database that enables researchers to capture rich, intuitive               
models of biological pathways. Building on the same               
MediaWiki software that powers Wikipedia, WikiPathways           
provides a framework that facilitates broad participation by               
the entire community, ranging from students to senior               
experts in each field. The database and the associated tools                   
are developed as open source projects with a lot of                   
community engagement. 
The WikiPathways database is improved by continuous data               
curation and updates through an expanding community:             
more than 630 individual contributors and more than 2,500                 
edits on nearly 900 pathways in 2017. In February 2018, we                     
have reached a total number of 2,652 pathways for 27                   
different species. Recently, we have decided to adopt the                 
Creative Commons CC0 waiver for our content on               
WikiPathways. Our data is available for download from our                 
website, through our REST webservice or in RDF format                 
from our SPARQL endpoint. We are also in the progress of                     
importing our content into WikiData. 
 
WikiPathways is fully compatible with the commonly used               
pathway drawing and data analysis tool PathVisio. It enables                 

researchers to draw pathway diagrams that are much more                 
than just pictures; they contain annotations, literature             
references and comments for each element and interaction in                 
a pathway. These enriched pathway diagrams open the               
possibilities to perform advanced pathway analysis and data               
visualization to get a more comprehensive understanding of               
experimental data. Since its first release in 2008, PathVisio                 
has grown into a comprehensive and extendable pathway               
analysis toolbox and has been used in numerous studies to                   
draw biological pathways, perform pathway statistics and             
visualize biological data on pathways. 

 
Biological Networks 
Pathway models are also a great resource for network                 
analysis. Cytoscape is a widely adopted network analysis               
and visualization software which leverages a rich ecosystem               
of apps to provide additional domain-specific semantics and               
data types, as well as custom visualization and analysis                 
capabilities. The WikiPathways app for Cytoscape enables             
users to load pathways with the complete visual appearance                 
of the original diagram or as simplified networks ideal for                   
topological analyses, network merging and automatic layout.  

 
Biological pathways generally contain little regulatory           
information (transcription factors, microRNAs, compounds,         
etc.). Within the Cytoscape framework, pathways can be               
easily extended with this regulatory information using the               
CyTargetLinker app. It encapsulates all the manual             
integration steps which include several tasks that require               
advanced programming knowledge and can therefore be             
used by researchers from different fields with or without                 
prior knowledge in programming and network analysis. The               
integration of CyTargetLinker into Cytoscape enables           
advanced network analysis and data visualization using             
functionality from other apps. 
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1. Introduction

Thanks to the drastic cost reduction of sequencing and
data  computation,  researchers  can  access  vast  amount  of
genetic  variant  information  in  order  to  study  population
genomics  profiles  and  complex  diseases.  Large  research
consortium's such as BBMRI-NL, gnomAD and UK biobank
often provide  these  genetic  profiles  in the standard  multi-
sample  VCF format.  In  these  VCF files,  tens  of  millions
genomics positions across thousands samples are  reported.
Performing standard  and  simple  queries  on  these  massive
files is already slow. More complicate analyses tend to be
difficult  or  not  possible  even  on  an  HPC  infrastructure.
Therefore, lacking of a proper and scalable data processing
method  clearly  limits  the  comprehensive  analyses
researchers could have achieved. 

We identified two major limitation factors. The first is
that  standard  VCF format  has  a  row based  data  structure.
While this is sufficient for applying simple sequential queries
along the genomics coordinates, it becomes very inefficient
on  supporting  complicated  queries  where  genotypes  of
multiple samples (i.e., columns in VCF format) need to be
examined. The second is just due to the sheer size of genetic
profiles where the entire profile does not fit into the memory
of a single server node anymore. This forces researchers to
look into alternatives such as memory and disk swapping and
chunking  which  have  their  own  drawbacks  in  speed  and
limited types of supported analysis methods. 

2. Method

The common way of  performing computation on very
large datasets is to divide a large input dataset into smaller
parts and process them across multiple CPUs or nodes, e.g.,
MapReduce  like  Hadoop.  However,  only  certain  types  of
applications  fit  into  this  compute  paradigm and  can  be
adapted to run on a MapReduce cluster. These applications
often  exhibit  a  linear  data-flow  and  require  the  mapped
results  can  be  reduced  or  merged.  Apache  Spark  was
developed  in  part  to  address  such  a  limitation  to  allow
iterative  computations  over  the  entire  dataset  which  are
common  in  cases  of  applying  complicated  queries  and
statistical analysis on large datasets, e.g, Machine Learning. 

The  core  feature  of  Apache  Spark  is  offered  through
datasets API which can be used to manipulate immutable sets
of  data  items  distributed  over  the  shared  memory  across
distributed nodes. When provided enough total memory in a
Spark cluster, all datasets needed for computation remain in
memory. Therefore, there is no needs to access storage units
during  the  computation  and  the  commonly  occurred  I/O
bottleneck  can  be  avoided,  which  eventually  leads  to  a
significant speed up of the computation. Benchmarking test

has shown that the speed up is very close to the theoretical
maximum speed up curve. 

Furthermore,  Apache  Spark  has  a  tight  integration
support of Apache Parquet  columnar storage format, which
can be leveraged to address the limitations of standard raw
based data format like VCF files in supporting specific use-
cases. 

3. Results

We have implemented a set of variant analysis tools in
the Biopet toolkit using Apache Spark1. Two use-cases are
highlighted below.

Use-case1.  GoNL re-analysis and quality control.  Last
year, we re-analysed the entire GoNL WGS dataset based on
GRCh38.  The  sample  concordance  quality  control  was
performed  using  the  tool  VcfStats.  With  more  than  4500
samples  and  millions  genotype  sites,  we  were  able  to
compute the pair-wise genotype concordance matrix in about
2 hours.

Use-case2.  Digenic  inheritance  analysis.  In  the
traditional  study  of  mendelian  diseases,  we  have  often
assumed  monogenic  inheritance  model  where  disease
inheritance  is  controlled  by  mutations  at  a  single  genetic
locus. However, it is likely that many disorders are caused by
a more complicated inheritance pattern, e.g., digenic where
two genes interacting to cause the disease phenotype or even
polygenic where 3 or more genes are playing a role. 

Traditionally, in NGS based studies, it is very hard or
extremely inefficient to search for possible digenic signals in
a VCF file since it will require looping through all possible
combinations  of  two  genotypes  across  each  sample  (in
columns).  We have developed a digenic  search  tool  using
Apache Spark to address this issue and have applied it in a
family based study with a couple of WGS datasets.  It has
provided interesting leads with acceptable performance.

4. Discussion

In  addition  to  the  demonstrated  advantage  of  using
Apache  Spark,  we  are  working  on  other  interesting
applications  too.  For  example,  in  the  field  of  clinical
genetics, it is often desired to have a fast turn-around time
including sample preparation, sequencing and data analysis.
We have been experimenting an entire data analysis pipeline
in  memory  using  Apache  Spark  to  reduce  the  total  data
analysis run time. The current results indicate that we could
reduce the data analysis time of a WGS sample from days to
hours.

1https://github.com/biopet
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1. Introduction

The Human Genome Variation Society (HGVS) prescribes
the use of their sequence variant nomenclature for the un-
ambiguous description of genetic variants [1] to prevent
undesired errors in clinical diagnostics, and to enable shar-
ing and comparing of variants across different institutes.
The Mutalyzer suite was created to assist clinical geneticists
to apply the HGVS guidelines in databases and literature.
Until recently, it supported only transcripts (NM, NR, XM,
XR) and short genomic reference sequences (NG, LRG).
Mutalyzer has proven to be a valuable tool to check, analyse,
and correct HGVS variant descriptions, but due to advances
in genomic technologies and the adaptation of these tech-
nologies in the clinic, notably exome sequencing and full
genome sequencing, support for larger reference sequences
is desired. While Mutalyzer is able to syntactically check
any HGVS description and to convert chromosomal posi-
tions to transcript orientated positions and vice versa, the
ability to semantically check HGVS descriptions on chro-
mosomal references was lacking. Here, we describe the
anatomy of our new Reference Sequence Parser module,
which is part of the upcoming Mutalyzer suite version 3.0.
This module efficiently parses large reference sequences
and stores all relevant information in a relational database
to speed up subsequent use even further.

2. Motivation

Because of the direct connection to function consequences
transcript references are preferred by clinicians, but, since
they only contain exonic regions, they may exhibit incon-
sistencies with respect to the genomic annotation or se-
quence, variant descriptions converted to and from tran-
scripts are frequently incorrect. Consider the following
example. On human chromosome 17 between positions

5'
4900793

4897769 4903074

NM_000080.3:c.914_917del

4899653 4902932

5'

NM_001145536.1:c.*260_*263del

NM_001145536.1:c.*261_*264del

NC_000017.11:g.4900794_4900797del

NM_000080.3:c.914_917del

NC_000017.11:g.4900793_4900796del

3' rule

Via name checker with 3' rule applied

Via name checker with 3' rule not applied

Via position converter

Via position converter

Figure 1: Disambiguation example.

4,900,793 and 4,900,796 a deletion is observed, see Fig-
ure 1. This variant can be described using reference
NM 001145536.1, which is corrected according to the
HGVS 3’ rule to NM 001145536.1:c.*261 *264del.
Its genomic equivalent based on the chromosomal refer-
ence is NC 000017.11:g.4900794 4900797del. When,
NM 000080.3 is used as a reference, the application of
the 3’ rule is prohibited because the intronic region is not
present in the transcript sequence. The associated genomic
description now differs from the one before.

3. Approach

To provide the relevant information required by Mutalyzer
for performing its semantic checks at the chromosomal
level, we created a new reference sequence file parser. The
parser currently accepts reference sequence files in Gen-
Bank format. Commonly, desired enrichment procedures
are performed: linking transcripts to a gene, linking tran-
scripts to protein isoforms, etc. The output of the parser can
be either written to a file in JSON format, or loaded into
a database. The parser is highly configurable and it is able
to extract various types of information from the reference
sources upon user customisation.

4. Results and Discussion

We parsed all reference sequences in builds GRCh37 and
GRCh38 and stored the output in a database for quick re-
trieval. With the presented extension Mutalyzer is able to se-
mantically check HGVS descriptions with chromosomal ref-
erences, e.g., NC 000017.11:g.4900793 4900796del.
In addition, descriptions with specific locus segments are
corrected by taking the intronic sequence into account,
e.g., NC 000017.11(NM 000080.3):c.914 915del to
NC 000017.11(NM 000080.3):c.915 917+1del.
The added functionality is available on our test server [2].
The VKGL [3] data sharing working group is testing this
functionality for the disambiguation variant descriptions in
their national variant database.
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1. Introduction  

Translational research requires the use of high-
dimensional clinical data to define phenotypes then to 
elucidate disease mechanisms and hence treatment options. 
A major challenge for translational research and 
personalized medicine is availability of these data and 
statistical tools to the domain experts who will determine 
disease mechanisms.  It is a requirement for all H2020 
grantees that all research data complies with the FAIR data 
principles1.  There are few easy to use, integrated analytical 
and storage platforms, which are open to incorporating new 
methodologies whilst maintaining FAIR principles1. To 
address these challenges we implemented, Scalable OMICS 
Analysis  Reporting (SOAR)2, a generalized and scalable 
open source solution for integrated Analysis of clinical and 
OMICs  data.  SOAR is a component in the i nowIT3 

project with Omnigen and NorayBio used for pancreatic 
biomarker discovery and validation. 

2. Materials & Methods 

The current implementation of SOAR (see figure) is in 
development with 5 components: 

(1). myFAIR4: FAIR data and analysis management 
(myfair.erasmusmc.nl).  Orchestrates FAIR for 
other SOAR services and uses ontologies 
pathogenesis and data type from EDAM5 and 
Dis eNET6 respectively. 

(2). EUDAT7: EU FAIR data store 

(3). alaxy8: scalable secure and provenant workflow 
platform (bioinf-galaxy.erasmusmc.nl). alaxy 
E A ( E A) is a secure encrypted integrative 
analysis workflow service accessing data from the 
European enome Archive (E A).    

(4). JUNIPER9: a jupyter notebook service providing 
predictive modelling and machine learning 
services for research scientists.    

(5). SEE 10: Study driven projects with ISA and 
semantic normalization (seek.erasmusmc.nl). 

We will demonstrate the utility SOAR and its components 
with several omics  test cases. 

 

3. Summary 

SOAR provides research scientists, bioinformaticians 
and statisticians with the ability to work in a secure, 
collaborative environment on translational research using 
federated data. The next phase of SOAR is to extend the 
clinical projects in SEE  with the appropriate semantic 
models.  Additionally we aim to improve the user 
experience with a simple but extensive UI functionality 
for complex data processing and mining in the myFAIR 
application.    
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Long read sequencing technology has greatly simplified and reduced the cost of constructing de-novo 
assemblies. 
 
By simultaneously comparing multiple de-novo assemblies we can study the entire spectrum of sequence 
variation, including variation in the repetitive parts of the genome that were previously inaccessible. 
 
We present REVEAL, a method that is aimed at producing an accurate set of variant calls from multiple genome 
assemblies. 
 
We show how a graph-based approach can aid in terms of representation, computational complexity and 
accuracy. 
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1. Introduction 

 
Despite more than a decade of genome-wide 

association studies (GWAS), the proportion of segregating 
variants that contribute to variation of complex traits, the 
degree of polygenicity and the extent of pleiotropy are still 
largely unknown. Here we curated 3,795 GWAS summary 
statistics for 2,822 traits in 28 trait domains and 
systematically analysed to investigate four main 
fundamental questions; (1) nature of the genetic 
architecture, (2) nature of the GWAS signals and (3) extent 
of pleiotropy. Findings are discussed in the context of the 
recently proposed omnigenic model [1]. 

 
2. Approach 

 
We compiled a database of 3,795 GWAS summary 

statistics (including 3,184 publicly available and 611 UK 
Biobank release 2 GWAS performed in this study) for 
2,822 unique traits across 28 domains. All trait names were 
manually synchronized, and GWAS results were checked 
using a standardized quality control pipeline. For the 
purpose of comparing GWAS outcomes across traits, we 
selected the GWAS with the maximum sample size per 
trait, and in addition, excluded GWAS results that were 
based on a sample size £50,000 to avoid basing conclusions 
on relatively underpowered GWAS which resulted in 501 
GWAS with unique traits across 23 domains. 

 
3. Results 

 
The nature of genetic architecture was measured in 

terms of the polygenicity of traits. We used univariate 
Gaussian mixture for GWAS summary statistics [2] to 
estimate p1 (the fraction of causal SNPs) and sb2 (mean b2 
of causal SNPs). Over 90% of traits showed high 
polygenicity (1e-4<p1<0.01) with moderate discoverability 
(2e-7<sb2<1e-3). While some traits such as Type 2 
diabetes, Alzheimer’s disease and alcohol intake frequency 
showed low polygenicity (p1<8e-6) with high 
discoverability (sb2>6e-3) suggesting small number of 
causal SNPs with higher effect size. 

We extracted lead SNPs (independent at r2<0.1) from 
501 traits to investigate the nature of GWAS signals. 
Almost 90% of lead SNPs are fall into non-coding regions 
(including intronic SNPs) but they are enriched in exonic 
SNPs in majority of traits. The lead SNPs were also 
enriched in active chromatin stats.  

We evaluated the extent of pleiotropy by counting the 
number of associated traits and trait domains at risk locus, 
SNP and gene levels. The risk loci across 501 traits covers 
more than a half of the genome, and 10.2% of SNPs and 
58.1% of protein coding genes in the genome reached 
genome-wide significance in at least one trait. Pleiotropic 
risk loci showed higher gene density compared to genomic 
regions that are not associated with any of the traits. 
Pleiotropy is ubiquitous across the genome; 59.6% (76.6%) 
of SNPs (genes) that are associated with at least one trait 
are pleiotropic (associated with more than one trait) and 
31.0% (63.3%) of SNPs (genes) are highly pleiotropic 
(associated with traits from more than one domain).  

The recently proposed omnigenic model postulates that 
any regulatory variant and gene that is active in a certain 
tissue is likely to be associated with many or even all traits 
that are modulated through the same tissue [1]. Under this 
model, active regulatory variants and genes expressed in 
many or all tissues are more likely to have a higher level of 
pleiotropy than SNPs/genes that are tissue specific. Indeed, 
our results showed that SNPs and genes that are more 
pleiotropic are less tissue-specific. 
 
4. Discussion 

 
We show widespread variation in genetic architecture 

and widespread pleiotropy across hundreds of complex 
traits. Our results provide novel insights into how genetic 
variation contributes to trait variation based on a vast 
amount of empirical results. Our results support the 
omnigenic model where genes widely expressed in a 
variety of tissues are more likely to be associated with 
multiple traits. However, widespread pleiotropy does not 
help identifying trait specific ‘core genes’. Thus our next 
step is to distinguish ‘core genes’ from other genes which 
requires phenotype specific gene expression. 
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1. Introduction

Haplotypes are sets of neighbouring alleles which are in-
herited together. Compared to individual genetic mark-
ers, e.g. bi-allelic SNPs, haplotypes are more informative
and suitable for use as genetic markers in Quantitative
Trait Loci (QTL) studies. However, conventional high-
throughput genotyping and sequencing methods cannot di-
rectly measure the haplotypes. Computational methods
have therefore been proposed to estimate the haplotypes
from such data [1].

While two haplotypes exist for each set of variation
sites in diploid organisms, numerous plant species have un-
dergone whole genome duplication events leading to more
than two haplotypes per locus, among which economically
important crops such as potato and wheat. As a result, hap-
lotype estimation becomes more challenging compared to
the diploid case [2]. We propose a novel approach “POP-
POLY”, applicable to polyploids as well as to diploids, for
efficient estimation of haplotypes in F1 populations con-
sisting of the two parents and their offspring, using short
read data (such as Illumina). We use Mendelian inheritance
rules to improve haplotype accuracy and length.

2. Materials & Methods

Assuming recombination events are very unlikely within
a few kb long locus, we combine all population reads to
obtain probabilities for the parental haplotypes. After de-
tecting variants and alleles, we obtain the likelihood of the
reads conditional on each possible phasing, i.e. set of k
haplotypes (with k the ploidy level). Assigning a prior
probability to each possible phasing using Mendelian in-
heritance rules, we obtain phasing probabilities conditional
on the reads using Bayes’ formula. Next, we apply a greedy
algorithm: starting from the first two SNPs, we iteravely
add SNPs while keeping only the most likely phasings at
each step for extension in in the next step. After estimat-
ing the parental phasings, the phasing of each offspring is
selected from the set of possible parental transmissions us-
ing the minimum error correction (MEC) criterion [3] with
regard to the reads of that offspring.

To evaluate our method, called POPPOLY, we simu-
late tetraploid potato populations and sequence reads [4]
and evaluate the estimates using Hapcompare [1]. We also
applied POPPOLY to estimate the haplotypes at 9 tuberisa-
tion and plant maturity loci reported by [5], for the parents
and 10 offspring from the tetraploid potato cross ‘Altus’ ⇥
‘Colomba’ (A⇥C) sequenced by HiSeq X Ten technology,
and subsequently detected structural variants.

3. Results

Using two accuracy measures: the reconstruction rate (RR)
and the pairwise phasing accuracy rate (PAR) [4], we show
that the POPPOLY estimates of the offspring phasings,
compared to other haplotype estimation methods: H-PoP
[2], SDhaP[3] and TriPoly [4], are locally (RR) (Fig. 1-(a))
as well as globally (PAR) (Fig. 1-(b)) more similar to the
true phasings. In addition, a higher proportion of SNPs is
phased by POPPOLY (Fig. 1-(c)).

Using POPPOLY, we phased in 56 distinct haplotypes
all of the 579 SNPs segregating in the A ⇥ C population
at the 9 candidate loci. On these haplotypes we found 70
nucleotide insertions and 299 nucleotide deletions, com-
pared to the DM reference, affecting less than 0.4% of the
genome at the investigated loci.
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Figure 1: Haplotyping accuracy measures: (a) RR, (b) PAR in
the offspring against the number of offspring in the population
using POPPOLY (light grey), TriPoly (grey), H-PoP (dark grey)
and SDhaP (black) for simulated tetraploid potato populations.
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1. Introduction

Over the last decade, the study of common disease
genetics has been fueled by genome-wide association
studies (GWAS). To date, these studies have identified
thousands of variants that associate with hundreds of
common diseases and traits.1 While the GWAS approach
has been successful in identifying disease-associated
loci, a fundamental challenge remains. SNPs implicated
by GWAS are typically non-coding, correlate to many
other nearby SNPs, and frequently lie in gene-rich re-
gions (Figure 1).2 These features make so-called locus
‘fine-mapping’ – pinpointing the causal variant(s) and/or
effector transcript(s) driving the observed association
signal – particularly challenging.

2. Approach

With this challenge in mind, we have set out to perform
large-scale genome-wide association studies and then
use the results to apply existing fine-mapping tools3 and
develop novel ones that can more efficiently identify
the biological causal mechanisms that underpin GWAS
associations in cardiometabolic disease. We focus on:
obesity and fat distribution, as measured by body mass
index (BMI), waist-to-hip ratio (WHR), or waist-hip ratio
adjusted for BMI (WHRadjBMI).

We first performed GWAS in the UK Biobank4, using a
linear mixed model to account for heterogeneous sample
ancestry and potential relatedness. Given that nearly half

of the loci previously implicated in WHRadjBMI were
found to be sexually dimorphic (with larger effect sizes in
women compared to men5) and only 3 BMI-associated loci
are sexually dimorphic6, we also performed sex-stratified
analyses in all traits. Genome-wide significance was set
at a stringent p-value (p < 5 x 10�9) that accounts for
the SNP density of the data and the multiple phenotypes
tested. We then meta-analyzed the results with pre-existing
GWAS data in obesity.5,6

3. Results

Our GWAS in BMI, totalling N = 806,834 individuals,
identified a total of 666 genome-wide significant signals
in the combined analysis. In WHRadjBMI (N = 709,022),
we identified an additional 402 independently-associated
variants. Of the associated loci in WHRadjBMI, ⇠26% are
sexually dimorphic, showing a significantly different sig-
nal in the analysis of men compared to women. Of these
dimorphic signals, ⇠60% show a stronger effect in women
compared to men. In constrast, only ⇠1.5% of the loci as-
sociated to BMI showed evidence of sexual dimorphism,
and the loci were split, with ⇠50% stronger in women and
⇠50% stronger in men. Fine-mapping using a Bayesian
model allowed us to reduce ⇠70% of the associated loci to
<10 likely-causal SNPs. Integrating epigenomic data with
the likely-causal SNPs identified a potentially causal mech-
anism within ChiP-Seq binding sites for genes with a role
in adipogenesis.

4. Discussion

By more rapidly identifying mechanisms that drive obe-
sity and related disease, we can better understand disease
biology, and leverage this information to enhance risk pre-
diction, enable earlier diagnosis, and improve treatment of
disease in humans.
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1. Introduction

Peptide presentation on MHC molecules is essential for

initiation of T cell responses, yet its winding paths are still

not fully charted. Though relatively much is known about

the basic  biology of  MHC I and  II1–3,    many regulatory

pathways  and  interactors  remain  unknown.  Understanding

these  interactions  is  paramount  for  better  (tumor)

immunotherapies  and  transplant  acceptance2.  In  order  to

discover more candidate genes that might play a role in these

pathways,  we  integrated  five  complementary  data  sets  to

develop  a  naive  Bayesian  classifier.  Such  naive  Bayesian

classifiers  have recently been  successfully  used to  predict

ciliary, RLR, and mitochondrial genes4–6.

2. Approach

We  first  designated  a  set  of  86  genes  known  to  be

important  for  MHC  antigen  presentation  (positive  set).

Rather than explicitly specifying a negative set, we assumed

that all other protein-coding genes in Ensembl Grpch38.p13

(22,237 genes) were non-MHC-related.

We  selected  five  data  sets  with  complementary

information  on  involvement  with  the  MHC pathway.  The

first dataset is a genome-wide assignment of Transcription

Factor Binding (TFBS) motifs based on Encode data7. With

this data, we calculated enrichment (or underrepresentation)

of TFBS in the promoters of positive set genes, and defined

an additive TFBS score that  captures  how much a gene’s

TFBS motifs correspond to those in the MHC pathway. To

improve ubiquitous binning approaches4,5, we also calculated

scores  based  on  fitting  the  kernel  density-smoothened

distributions of these scores. This method is able to separate

the positive set genes and negative set genes more smoothly

than the traditional binning approach, and thereby increases

the differentiation among genes in the final naïve Bayesian

classifier (Figure 1).

We calculated enrichment of MHC pathway genes in a

similar way using four more data sets: i) a time-course of

microarray gene expression in an activated M1 macrophage8,

ii) three viral protein-human protein interaction databases for

measured  interactions  with  viral  proteins9–11,  iii)

immunohistochemistry data from the Human Protein Atlas12

and  iv) a  genome-wide  siRNA  screen  for  disturbance  of

MHC II peptide loading and surface expression13. 

3. Results

The data  sets  individually give strong log2 likelihood

ratios for bins containing MHC pathway genes. The genes in

our  positive  set  are  enriched  among  viral  interactors,  are

among  genes  consistently  upregulated  in  M1-activated

macrophages,  and  are  enriched  in  bins  with  higher

expression in immune tissues. Thus, each data set captures a

part  of  what  it  means  to  be  an  MHC pathway gene,  and

therefore can predict other candidate genes involved in this

pathway.  During  our  presentation,  we  will  discuss  the

candidate  genes  we  discovered  with  our  naive  Bayesian

classifier  trained using this  combined data in  more detail,

and  look  towards  future  prediction  improvement  with

classifier voting.   

Figure 1. Side-by-side comparison of the smoothened TFBS

scores and the usual binning approach. 
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1. Introduction 
 

In biology, we are often faced with multiple datasets 
recorded on the same set of samples, such as multi-omics 
and phenotypic data of the same tumors. These datasets are 
typically not independent from each other. For example, 
methylation may influence gene expression, which may, in 
turn, influence drug response. Such relationships can 
strongly affect analyses performed on the data, as we have 
previously shown for the identification of biomarkers of 
drug response [1]. Therefore, it is important to be able to 
chart the relationships between datasets.  
  
2. Approach 

 
We present iTOP, a methodology to infer a topology of 

relationships between datasets. We base this methodology 
on the RV coefficient [2], a measure of matrix correlation, 
that can be used to determine how much information is 
shared between two datasets. We extended the RV 
coefficient for partial matrix correlations, which allows the 
use of graph reconstruction algorithms, such as the PC 
algorithm [3], to infer the topologies. In addition, since 
multi-omics data often contain binary data (e.g. mutations), 
we also extended the RV coefficient for binary data. 

 
3. Results 

 
We applied iTOP to identify the topology of 

relationships between pharmacogenomics datasets [4,5] 
(Figure 1). Interestingly, gene expression acts as a mediator 
between most other datasets and drug response. The main 
exception is proteomics, which shares information with 
drug response that is not present in gene expression. To 
identify which features that are predictive of drug response 
are distinct to either gene expression or proteomics, we 
then used TANDEM [1], a method for biomarker 
identification using multiple datasets. We found that 
ABCB1 was specific to gene expression data, while pMEK 
(S217/S221) was specific to proteomics data. 
 
4. Discussion 

 
We have developed a methodology for inferring 

topologies between datasets. These topologies can inform 
follow-up analyses, for example suggesting which datasets 
should be prioritized in TANDEM models. As multi-omics 
and phenotypic data is collected for increasingly more 
experiments, we believe our methodology will be highly 
relevant and widely applicable.  

 

 
Figure 1 The inferred topology of pharmacogenomics 
datasets. An edge indicates that two datasets share 
information that is not present in any of the other datasets. 
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Introduction 
 

The advent of sequencing technology offers multiple 
opportunities to dissect gene regulatory networks underlying 
trait associations1. For example, ChIP-sequencing has 
opened the path to studying a plethora of histone 
modifications, which when combined allow pinpointing 
genomic regulatory regions, such as enhancers and 
promoters, at an unprecedented resolution2,3. Yet it is RNA 
sequencing technology that is especially powerful when 
combined with genotyping to identify loci modulation 
transcript abundance, known as expression quantitative trait 
loci (eQTL), or loci modulating transcript splicing known as 
splicing QTL (sQTL).  
Additionally, the allele specific resolution of RNA-seq 
technology enables estimation of allelic imbalance, a state 
where the two alleles of a gene are expressed at a ratio 
differing from the expected 1:1 (Figure 1). This imbalance 
can be caused by genetic regulation through eQTL and 
sQTL effects, as well as epigenetic regulation through 
interactions with the environment4. 
 
 

 
Figure 1: Schematic of allele specific expression giving rise to allelic 
imbalance. 
 
 
Transcriptional regulation and imbalance in patients 
with dilated cardiomyopathy 
 

In a recent publication1, using RNA-sequencing in left 
ventricular tissue of 97 patients with dilated cardiomyopathy 
(DCM) and 108 non-diseased controls, we revealed 
extensive gene expression and splicing differences, affecting 
known as well as novel dilated cardiomyopathy genes. 
Moreover, we showed a widespread effect of genetic 
variation on the regulation of transcription, isoform usage, 
and allele specific expression. Systematic annotation of 
genome-wide association SNPs identified 60 functional 
candidate genes for heart phenotypes, representing 20% of 
all published heart genome-wide association loci at the time.  
 

Additionally, we found that eQTL and sQTL variants are 
enriched for DCM genome-wide association signals in two 
independent cohorts, demonstrating that these QTL variants 
together encode biological information essential for 
establishing the phenotype. Taken together, RNA 
transcription, splicing, and allele specific expression are 
each important determinants of DCM and are controlled by 
genetic factors.  
 
Following up on this work, we are currently applying similar 
approaches on a more deeply phenotyped but also more 
heterogeneous cohort of DCM patients that underwent 
surgery at the Maastricht University Medical Centre. During 
my talk, I will highlight several recent developments. 
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1. Introduction

Research on precision medicine is essential to improve our
ability to tailor treatments to patients, especially for cancer
types with high patient heterogeneity (e.g. pancreatic can-
cer). Ideally we would test patient-specific response to dif-
ferent prospective therapies, but the use of standard screen-
ing technologies is limited by the number of cells avail-
able from biopsy, so new platforms are needed1. Addition-
ally, understanding signalling pathways mediating patient-
specific response to therapy would help to unveil deregu-
lations and resistance mechanisms and further improve in-
formed therapeutic strategies2.

With this aims, we combined a novel microfluidics
platform with mathematical models, for screening of biop-
sies from tumour patients and prioritisation of patient-
specific promising combinatorial therapies.

2. Approach

Our integrated pipeline (see figure) works as follows:
1) A plug-based microfluidics platform was devel-

oped to perform combinatorial drug screening on patient
biopsies3. We used Braille display valves to control indi-
vidual fluid inlets, allowing for rapid and automatised gen-
eration of plugs containing cells, reagents of an apoptosis
assay, and dugs alone and in combinations.

2) Resulting data were used to build patient-specific
mathematical models, adapting a recently described
approach4 to investigate patient heterogeneity at signalling
pathways level. We started from general prior knowledge
(from different public resources) on signalling pathways in-
volved in apoptosis, and interpreted it using logic based
ordinary differential equations formalism. The model was
trained using the experimental data, to derive specific pre-
dictive models, applying bootstrap to obtain a distribution
of model parameters and predictions.

3. Results

The microfluidics platform allowed to perform a large num-
ber of experiments (more than 1200 data points: 56 differ-
ent conditions with at least 20 replicates each) with the lim-
ited number of viable cells available from tumour biopsy.
We used it to screen two cell lines and four pancreatic tu-
mour biopsies from patients at different stages (one neopla-
sia, two primary tumours and one liver metastasis). Data
were rigorously processed and used to prioritise patient-
specific treatments, which were validated both in vitro on
cell lines and in vivo on mouse xenograft models.

The optimised models well described the experimental
data (Pearson corr>0.8). We used them to compare the two
cell lines, highlighting differences especially in the struc-
ture of the PI3K-Akt pathway. These differences affect the
dynamic of the response to drugs, and cannot be intuitively
derived only from genetic information on these cell lines.
Similarly we investigated patient heterogeneity, showing
high heterogeneity in different important pathways, nicely
reflecting also the different tumour stages. Models also
showed great potential for prediction of new combinatorial
treatments (cross-validated Pearson corr=0.7) which will
need to be further validated experimentally.

4. Discussion

In this work we present both technological and computa-
tional advances towards personalized medicine. Our mi-
crofluidic platform allows fast (<48 hours after tumour re-
section) and inexpensive (<150$ per patient) screening of
patient biopsies without need for ex vivo culturing steps.
Combined with mathematical models, it allows to inves-
tigate deregulations and to generate mechanism-based hy-
pothesis of effective personalised combinatorial therapy.
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1. Introduction

Epistasis, genetic interactions of gene pairs, is a crucial
property of biological systems [1,2]. Epistatic interactions
are characterized by the phenotype of interacting single and
double mutated gene pairs. Uncovering the molecular
mechanisms underlying epistatic patterns would provide a
better understanding of their role in biological processes,
diseases, and drug response. There are many factors that
in!uence two interacting genes and therefore the vast
amount of models that potentially could describe epistasis
cannot be reasoned and analysed intuitively. However, for a
de#ned set of factors computational analysis can provide
insights into the molecular mechanisms of epistasis.

2. Approach

In this study, we present a framework for exhaustively
modelling the epistatic patterns of gene-speci#c transcription
factors [1] using Petri nets. It describes i) model de#nition
and generation [3,4], ii) simulation of Petri net models [3,5],
iii) analysis of simulation results [3], and iv) downstream
analysis. We applied it to investigate the molecular mecha-
nisms of epistasic patterns, using four nodes with two
‘regulators’ (R1, R2) on which the mutations were applied,
and two ‘genes’ (G1, G2) on which the epistatic phenotype,
in this case gene expression, was observed. We investigated
the importance of the di3erent model characteristics on the
epistatic patterns such as topology, edge strength
(weak/strong, positive/negative), and complexity level
(number of edges). From this analysis we were able to
provide generic descriptions for the many models with
similar phenotypes.

3. Results
For the four-node model with 12 (non-self) edges and

#ve weights (-5, -1, 0, +1, +5), all possible 9,172,034
relevant non-symmetrical Petri-net models were generated
and simulated. Epistatic behaviour was classi#ed according
to [2] into ‘bu3ering’, ‘masking’, ‘suppression’ or ‘inver-
sion’. Here, we focus on the last two as they are also less
well characterized. We identi#ed ‘prototype’ models, as the
set of all simplest (fewest edges) models that are included in
all larger models with the same epistatic sub-pattern. Figure
1 shows the #ve most common prototypes for one inversion

subtype (‘up-no-down’). These we can consider as the most
likely mechanistic models for the inversion epistatic pattern.

Figure 1. The five most occurring prototypes in ‘up-no-down’

inversion (A-E). The graphs show the directed interaction

networks. The histograms show the occurrence of edge weights 

(–5/–1/0/+1/+5) on the 12 edges (R2→,G1→,G2→R2;

R1→,G1→,G2→R2; R1→,R2→,G2→G1; R1→,R2→,G1→G2).

4. Discussion
Our study provides new insights in the complexity and

diversity of the possible molecular mechanisms for epistatic
patterns. This shows that exhaustive Petri net modelling can
be applied to reason over possible mechanisms, when only
the phenotypes of the interacting gene pairs is known. The
!exibility of our framework allows it to be applied to other
epistatic datasets and other (genetic) regulatory network
datasets.
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1. Introduction 
 
An important aspect of cellular signaling networks is the 

existence of feedback mechanisms. However, due to the 
complexity of signaling networks and the presence of 
multiple interrelated feedbacks, it can be difficult to identify 
which signaling routes are active in any particular context. 
We have previously shown that Inference of Signaling 
Activity (ISA) can be a useful method to study steady-state 
oncogenic signaling across different cancer cell lines and 
drug treatments. However, ISA did not explicitly include 
feedback. Incorporating feedback will increase the 
complexity of the model, and more data will most likely be 
needed to infer feedback activities. 

 
2. Approach 

 
We developed feedback-ISA (f-ISA), an extension of 

the ISA modeling approach which incorporates feedback 
loops [1]. ISA is based on a steady-state, latent variable 
description of a signaling network, where multiple different 
data types can be integrated to infer the most likely signaling 
strengths and activities. In f-ISA, feedback strengths are 
computed by solving non-linear systems of equations. Since 
this scales cubically in the system size, it is beneficial to 
keep the system size as small as possible. To this end, we 
use Tarjan’s strong connectivity algorithm to identify the 
parts of the system which involve feedback loops, and to 
provide a topological ordering to enable the calculation of 
the signaling activities in the correct order. 

In addition, f-ISA also allows for integrated batch 
correction. This makes it possible to fit signaling models to 
multiple, independent datasets simultaneously. 

 
3. Results 
 

We applied this modeling framework to the MAPK and 
AKT pathways. We first explored to what extent feedback 
strengths can be identified using pre-treatment data (steady 
state phosphorylation measurements in 30 cell lines) and 
intervention data (phosphorylation measurements after 
inhibitor treatment in 8 cell lines). Counter-intuitively, we 
found that feedback strengths can already be partially 
identified from pre-treatment data only. Furthermore, adding 
data points can make individual signaling strengths less 
identifiable, even though the total uncertainty is reduced. 
This shows the importance of analyzing uncertainty in 
model parameters. 

We then iteratively extended the model with additional 
signaling interactions and included an additional interven-
tion dataset where an AKT inhibitor was used. This still left 
certain signaling strengths unidentifiable, so we used the 
model to decide which additional measurements are 
necessary to identify these signaling strenghts. Specifically, 
we should use pre-treatment with an IGF1R inhibitor to 
block one feedback loop, followed by intervention with an 
AKT inhibitor. Adding the data of this experiment to the 
inference indeed further constrained the signaling strengths. 

With the final model, taking into account 1254 data 
points spread across 108 different conditions, we find that 
the most likely feedback in the AKT pathway is a strong 
signal of AKT back to SIN1, which in turn only weakly 
inhibits MTORC2, combined with a weak signal from 
MTORC1 to IRS1 S312, which is however amplified by 
IRS1 (Figure 1). 

Finally, we show that such models can indicate whether 
different datasets agree with each other, and can identify 
which parts of the data cannot be explained, thereby 
highlighting gaps in current knowledge. 

 

 
Figure 1. Signaling model specified in SBGN and the posteriors of two 

signaling strengths, given four datasets. 
 

4. Discussion 
 

Feedback-Inference of Signaling Activity (f-ISA) is a 
modelling framework to delineate signaling activities and 
strengths in medium-sized signaling networks (~20 nodes). 
This modeling approach is useful to quantitatively 
understand how complex cellular signaling networks behave 
across different cell lines and treatment conditions. 
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Vera	van	Noort	
Understanding	Post-translational	modifications	
		
Post-translational modifications (PTMs) and small peptides are now being identified on 
genome-wide scales due to advances in genomics and proteomics technologies. For the vast 
majority of these PTMs and peptides the molecular functions are completely unknown. In our 
research group we use computational predictions, comparative genomics and molecular 
modeling to further our understanding of PTMs and peptides. Two example projects will be 
presented in detail; Ebola PTMs and Arabidopsis thaliana peptides. We analyzed the 
evolution of functional regions of Ebola Virus (EBOV) Proteins and highlight the function of 
conserved residues in protein activities. We applied protein sequence conservation, protein-
protein interactome analysis, structural modeling and kinase prediction to EBOV proteins. 
Our results suggest the presence of novel post-translational modifications in EBOV proteins 
and their role in the modulation of protein functions and protein interactions. Moreover, on 
the basis of the presence of ATM recognition motifs in all EBOV proteins we postulate a role 
of DNA damage response pathways and ATM kinase in Ebola Virus Disease.	
Previously, we have identified 189 transcriptionally active regions (TARs) in response to 
plant oxidative stress, which might encode 607 stress induced peptides (SIPs). Some of these 
SIPs may exert their function by binding to other proteins. When no information about the 
peptide binding site on receptors is available, there is need for computational approaches to 
predict peptide-binding sites on protein surfaces as these models can serve as a starting point 
for experimental characterization of protein-peptide interactions specifically in the model 
plant Arabidopsis thaliana. We carried out large-scale predictions on how these SIPs might 
interact with receptors, starting from course-grained models to refined structures with 
molecular dynamics simulations. We found that several peptides in our dataset bind to a 
pocket/catalytic site, which normally binds a cofactor/substrate suggesting that these peptides 
might be able to modulate the activity of the protein.	
These examples showcase how we can use computational techniques to gain mechanistic 
insight into the function of PTMs and peptides.	
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1. Introduction 
For the study of effect of genetic variation in rare 

disease patients we need both experimental and clinical 
databases that capture what is seen in individual patients 
and general knowledge basis where annotation about the 
possible phenotypic effects of variants are available. Several 
examples of both types of databases exist. If we want to 
aggregate the information from different patient related 
databases it is important that these contain the necessary 
minimum information and use interoperable reporting 
standards. Next to that the actual data needs to be available 
in an interoperable way, which requires annotation with e.g. 
ontology terms and unique identifiers in general, plus the 
possibility to map between these. In short, they should be 
FAIR (findable, accessible, interoperable, re-usable). 

For genetic information this standard would be HGNC, 
respectively HGVS, or RS (reference SNP) identifier. For 
phenotypic information different levels of detail are often 
given: phenotype description (e.g. annotated with human 
phenotype ontology terms), diagnosis (e.g. annotated with 
MIM identifiers, disease ontology or similar) or  a 
pathogenicity prediction score (e.g. CADD, PolyPhen, 
SIFT). In this Elixir funded implementation study we 
analyzed the both types of existing genotype-genotype 
databases for MECP2 mutations which are the cause of Rett 
syndrome, a rare neurological disorder (1, 2), and identified 
a group of databases which provided sufficient phenotype 
(diagnosis) annotation. 

 
2. Approach 

A group of 13 genotype - phenotype databases were 
identified using fairsharing.org, literature research and 
recommendations within the rare disease community. Those 
databases, which give diagnosis or phenotype description 
together with the mutation were used for this study. 
Integration of the MECP2 mutations from different sources 
required the use of liftover tools because the information 
was stored in different formats and reference sequences. 
The liftover was done using the webtool Mutalyzer (3). As 
common format the genomic position on chromosome built 
GHRCh38 (hg19) was used. The integration of these data 
resulted in a collection of disease causing and benign 
mutations which was used for further analysis (e.g. Variant 
Effect Predictor). 

 
 

3. Results 
The databases found showed a broad variety of 

phenotype description level. For this approach, only those 
databases which annotated the mutation with the diagnosis 
(Rett syndrome or similar) or detailed phenotype description 
were selected namely RettBase, ClinVar, KMD and 
DECIPHER (4-7). A workflow for integration of multiple 
sources of genetic variant data was developed and used for 
the integration of four data sources or genetic causes for 
Rett syndrome. This allowed the collection of over 4000 
disease causing (821 unique) and 400 benign mutations for 
MECP2 gene. The analysis of these variations showed that 
a disease causing mutation can occur in any domain of the 
protein, but most likely in the methyl-DNA binding 
domain. Interestingly, mutations which score very likely to 
be pathogenic in predictor tools were found in healthy 
individuals while some likely benign mutations were found 
to be causative in Rett syndrome patients. 
 
4. Discussion 

Having FAIR data and databases is the first necessary 
step. Second, FAIR data allows integration of multiple 
sources which is especially useful and necessary in the field 
of rare diseases to draw conclusions on a broader basis of 
data. This data collection is at the moment the largest 
collection of Rett syndrome causing mutations and may be 
used for improving the knowledge on this specific disorder 
as well as serving as a blueprint for other rare disorders. 
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1. Introduction 
 

There are currently more than 130.000 sequenced 
genomes available from which considerable amounts of 
annotation data can be extracted. However, this information 
is often static, and therefore quickly outdated, and not 
interoperable, due to lack of provenance. Keeping genome 
annotations up-to-date, and interoperable is a challenging 
and a computational intensive task. Using a Semantic 
Annotation Platform with Provenance (SAPP) we have 
made a significant step towards obtaining FAIR annotated 
genome data. Adding interoperability to structural and 
functional genome annotations enables in-depth analysis or 
comparative genomics at unlimited scales. Using open 
semantic data frameworks, semi- and unstructured 
phenotypic and other heterogeneous data sources can be 
linked improving query results relevance.  
 
2. Approach 

 
SAPP accepts raw and annotated sequence files which 

are converted into an RDF data structure using the GBOL 
ontology (Figure 1A). Within SAPP, structural and 
functional annotation is performed using a modular 
approach incorporating existing annotation tools for the 
detection of genetic elements and protein functions. The 
resulting annotation data and linked metadata are stored in 
a compressed graph database making the data directly 
accessible, interoperable and reusable. 

 

 
 
3. Results 

 
Large scale genomics requires a management system 

that links annotations with provenance. SAPP reduces the 
complexity of genome analysis through the incorporation of 
semantic web technologies while capturing all meta-
information obtained through various annotation modules. 
In this way SAPP ensures that annotation data is consistent 
and accessible through a uniform and simplified approach 
enabling high throughput and large-scale research. SAPP 
functionalities are unique since none of the existing de 
novo annotation pipelines implement Semantic Web 
technologies to automatically and systematically link 
predictions to data provenance. Interoperability and 
reusability of the data is ensured through direct linkage of 
data, computational predictions and associated metadata in 
a knowledge graph using GBOL, a strictly defined genome 
ontology. SAPP thereby fulfils the applicable requirements 
for data FAIRness. Additionally, federated searches, 
aggregated results across multiple domains including 
external resources, such as UniProt can be obtained (Figure 
1B/C). 
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1. Introduction 
 

Open science and FAIR data principles have gained 
worldwide traction in recent years. FAIR is an acronym for 
Findable, Accessible, Interoperable and Reusable1; 
characteristics that contemporary data resources, tools, 
vocabularies and infrastructures should exhibit to assist 
discovery and reuse by third-parties. The FAIR data 
management principles have been endorsed by the European 
commission, EU life science organization ELIXIR, USA 
based institutes such Big Data to Knowledge, the National 
Institutes of Health and by the G72.  
As such, these data management principles have become an 
integral part of all new European projects in the life 
sciences. As a result, there is an increasing demand for 
scientists to work with software infrastructures facilitating 
FAIR data management.  

One of the most well-known of these infrastructures is 
FAIRDOM, a repository and collaboration environment for 
sharing systems biology research3. FAIRDOM provides a 
number of tools for this task such as RightField for storing 
metadata in excel sheets, openBIS for automated data 
acquisitions and analysis, and SEEK for project management 
and data storage4–6. An online version of SEEK, hosted by 
FAIRDOM, known as the FAIRDOMHub is available also. 
Although these tools helped to increase the amount of data 
and models that are being stored in a Findable and 
Accessible way, most are limited when considering 
Interoperable and Reusable criteria. Arguably, the limited 
FAIRness of data is due to the fuzzy nature of FAIR data 
management guidelines, which as the name suggest, is open 
to interpretation by the community.  Another reason could 
be the limited use of the full functionality of FAIR software. 
Practical examples where data management tools and 
standards are combined successfully could therefore greatly 
benefit the data management in current and future projects. 

 
2. Approach 

 
We present a number of examples of forward thinking in 

data management taken from multiple large European 
Systems and Synthetic Biology projects such as 
MycoSynVac, DigiSal, and SynBioChem.  
 
3. Results 

 

Each of the presented examples showcases different 
aspects and possibilities of FAIR data management tools. 
These examples demonstrate, among others, the potential of 
tools such as RightField, Seek and OpenBis as well as how 
these tools can be combined with custom pipelines, 
persistent identifiers and standard data templates to save 
time for experimentalists, data-analysts and modelers alike.  

 
Figure 1. Example workflow integrating multiple FAIR 

tools 
4. Discussion 

 
Examples of successful FAIR data management were 
presented. These represent explicit realizations of the, 
otherwise very general, FAIR management guidelines.  
These examples can serve as templates to both the current 
and future scientist to reap the full benefits of FAIR data 
management in their own projects  
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For most experimental biologists, handling the avalanche 
of data generated is similar to self-learn how to drive. 
Although that might be doable, it is preferable and safer 
to learn good practices. One way to achieve this is to 
build local communities of practice by bringing together 
scientists that perform code-intensive research to spread 
know-how and good practices.  

Here, we indicate important challenges and issues that 
stand in the way of establishing these local communities 
of practice. For a given researcher working for an 
academic institution, their capacity to conduct data-
intensive research will be arbitrarily relying on the 
presence of well-trained bioinformaticians in their 
neighborhood. In this paper, we propose a model to build 
a local community of practice for scientific programmers. 
First, Software/Data Carpentry (SWC) programming 
workshops designed for researchers new to computational 
biology can be organized. However, while they provide 
an immediate solution for learning, more regular long-
term assistance is also needed. Researchers need 
persisting, local support to continue learning and to solve 
programming issues that hamper their research progress. 

The solution we describe here is to implement a study 
group where researchers can meet-up and help each other 
in a "safe-learning atmosphere". Based on our experience, 
we describe two examples of building local communities 
of practice: one in the Netherlands at the Amsterdam 
Science Park and one in the United States at the 
University of Wisconsin-Madison. The current challenge 
is to make these local communities self-sustainable 
despite the high turnover of researchers at any institution 
and the lack of academic reward (e.g. publication). Here, 
we present some lessons learned from our experience. We 
believe that our local communities of practice will prove 
useful for other scientists that want to set up similar 
structures of researchers involved in scientific 
programming and data science. 
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1. Introduction 
 

Phenylketonuria (PKU) is a classical example of an 
inborn error of metabolism. It is caused by a deficiency of 
the hepatic phenylalanine hydroxylase (PAH) enzyme that 
normally converts phenylalanine (Phe) into tyrosine. If left 
untreated, high plasma Phe concentration has been 
associated with classical PKU symptomatology, which is 
almost exclusively restricted to brain functioning and 
includes severe intellectual disability, seizures, and 
psychiatric problems. Today, neonatal screening allows 
PKU diagnosis and initiation of treatment shortly after birth. 
However even though a severe Phe-restricted diet and/or 
tetrahydrobiopterin supplementation reduces plasma Phe and 
prevents severe intellectual disability, the outcome remains 
suboptimal and warrants alternative treatment strategies. The 
aim of this study it to understand the impact of dietary 
interventions on brain amino-acid and neurotransmitter 
levels by computational modelling.  

  
2. Materials & Methods 

 
The dynamic model consisted of differential 

equations describing amino-acid and neurotransmitter 
dynamics in the brain. It was based on kinetic data for 
amino-acid transport across the blood-brain-barrier, brain 
protein synthesis, and neurotransmitter metabolism. The 
model was built in MATLAB R2015a (MathWorks Inc., 
Natick, MA). Murine kinetic data was prioritised; however, 
mammalian kinetic data was used where no murine data was 
present. The current model consists of 3 compartments, 10 
enzymes, 26 metabolites and 93 parameters.  

To validate the model experimental data1 was used. 
Briefly, C57Bl/6 Pah-enu2 (PKU) mice and wild-type mice 
followed various dietary regimes, with different amino-acid 
composition. After six weeks of dietary treatment, blood and 
brain amino acid and monoaminergic neurotransmitter 
concentrations were measured. 
 
3. Results 

The model describes in detail the competition of large 
neutral amino acids (LNAA) including Phe for transport 
across the blood-brain-barrier (BBB) by the large neutral 
amino acid transporter LAT1. In agreement with 
experimental data, the model predicts that the elevated 
plasma Phe concentration in PKU leads to increased Phe 
concentrations and decreased concentrations of competing 

LNAAs in brain. Besides Phe toxicity it is suspected that 
decreased levels of other LNAAs, notably tyrosine and 
tryptophan, causes decreased levels of the neurotransmitters 
dopamine, norepinephrin, and serotonin. This was indeed 
observed, both in mouse brain and in the computational 
model. Novel dietary interventions aim to reduce Phe 
toxicity and restore neurotransmitter levels by increasing the 
supply of LNAAs other than Phe. Without any model fitting 
the simulated brain levels of tyrosine and tryptophan 
corresponded to levels measured in mouse brain on various 
diets. Neurotransmitter levels were not always correctly 
predicted. Qualitative discrepancies suggest hitherto 
unknown regulation in the neurotransmitter biosynthesis 
pathways. 	
 
4. Discussion 

 
Our study aims to contribute to the identification of new 

treatment targets, the development of novel treatment 
strategies, and the identification of better biomarkers for 
treatment monitoring to further optimize neurocognitive and 
psychosocial outcome of PKU patients. 
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1. Introduction 
 

Aberrations in cellular signaling are ubiquitous in cancer, 
and inhibiting proteins involved in signaling is an important 
treatment strategy. The goal of personalized medicine is to 
design treatment strategies based on the specific aberrations 
of the patient’s tumor. This allows killing the tumor cells 
while minimizing the effect on healthy cells.  

Due to network effects, a single drug is often ineffective, 
and combinations of multiple drugs are required. Because of 
the enormous number of possible combinations, a systematic 
method to identify drug combinations that potently and 
selectively inhibit cancer cells is required.  

 
2. Approach 

 
To do this, three key questions need to be addressed: 1) 

How do cancer mutations alter signaling? 2) What is the 
relation between the signaling response and cell-viability? 3) 
Using this information, which combinations of drugs, at what 
dosage, kill cancer cell but not normal ones? 

We address these questions by perturbing normal cells 
and cells with an oncogenic mutation with multiple drugs and 
then measuring the response of the signalling network and cell 
viability. The signalling response data are used as input for 
Comparative Network Reconstruction (CNR)[1], a method to 
reconstruct and quantify mutation-specific signalling-
network models.  Additionally, we quantify the effect of 
changes in key downstream signalling nodes on cell viability. 
Finally, combining this, we simulate the effect of new drug-
combinations on normal and mutated cells. These simulations 
are used to predict which drug combinations maximally affect 
the mutated cells while minimizing the effect on normal cells. 

 
3. Results 

 
We applied this approach to a normal breast cell line 

(MFC10A), and an isogenic clone with an oncogenic PI3K 
mutation [2]. We treated these with MAPK and PI3K-
pathway inhibitors, and selected combinations thereof, and 
used CNR to identify and quantify the relevant differences 
between PI3K mutated and normal cells. As expected, in the 
mutant, AKT phosphorylation is less responsive to IGF1R 
and PI3K inhibition and changes in EGFR phosphorylation, 
and more responsive to AKT inhibition. Next, we trained a 
model relating changes in AKT and ERK phosphorylation to 
changes in cell viability. The good model-fit to the data 

(Pearson-correlation ~ 0.82) shows that cell viability can be 
predicted from changes in signaling output. 

Importantly, when we combined these two models 
(trained on single drug data only) to predict the cell-viability 
of drug-combinations, there was a good Pearson-correlation 
of 0.55 between simulated and measured viabilities (Fig 1). 
Consistent with measurements, most simulated drug 
combinations where selective for parental cells. 
 

 
 

Figure 1. Comparison of model simulations to 
measurements of cell viability of drug combinations. The 

model was trained on single drug data only. 
 

4. Discussion 
 
These results show the feasibility of this approach to 

prioritize promising multi-drug combinations: CNR can 
identify the relevant differences between two cell lines, short 
term signalling response is highly predictive for long term 
cell-viability, and simulating drug combinations using models 
parametrized on single-drug treatment can predict selective 
combinations with a high positive predictive value. We are 
currently combing the single and two-drug combination data 
to predict the effect of multi-drug combinations and use this 
to find combinations that are maximally selectivity for the 
PI3K mutant. 
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1. Introduction 
 
Osteoarthritis (OA) is a degenerative disease of the 

articular joint cartilage that affects 10-20 % of the 
population over 60 years of age [1]. Currently there is no 
cure for OA. The cellular processes that regulate the onset 
and progression of OA in healthy articular chondrocytes are 
poorly understood, nor is it known whether and how the 
transition to OA can be reversed. In this talk, we discuss the 
development of a computational model of the articular 
chondrocyte. In silico experiments give insight in the role of 
each of the network components and suggest perturbations 
that can cause a derangement of the healthy state or enable 
a reversal of this process. 

 
2. Approach 
  

We developed ANIMO, Analysis of Networks with 
interactive Modeling [2]. ANIMO is a versatile modeling 
tool with a low experience threshold that can be used by 
investigators without formal mathematical training in 
systems biology and that is based on the graphic interface 
offered by Cytoscape. ANIMO has the ability to predict 
biological responses, both by manually testing hypotheses, 
as well as by using the model-checking capabilities offered 
by the underlying mathematical language UPPAAL [3].  

We generated an activity network integrating 7 signal 
transduction pathways resulting in a network containing over 
50 nodes and 200 interactions. We performed in silico 
experiments to characterize molecular mechanisms of cell 
fate decisions by mimicking biological scenarios during cell 
differentiation using RNA-sequencing data of a variety of 
stem cell sources as input. 

 
3. Results 
  
 Using human primary cells, we proved the model-derived 
hypothesis that expression of DKK1 (Dickkopf-1) and FRZB 
(Frizzled related protein, WNT antagonists) and GREM1 
(gremlin 1, BMP antagonist) prevents IL1b (Interleukin 1 
beta)-induced MMP (matrix metalloproteinase) expression, 
thereby preventing cartilage degeneration, at least in the short 
term. 

Figure 1. Healthy and OA chondrocytes respond 
differently to IL1b treatment.  

 
4. Discussion 
  
 We successfully used ANIMO to generate models of 
growth plate and articular cartilage based on an earlier model 
of the growth plate [4] and microarray data of articular 
cartilage [5]. These models were used to obtain insight into 
the signalling network regulating cartilage development and 
OA. We found a possible mechanism by which healthy 
cartilage is protected against low levels of inflammatory 
signals, via suppression of the WNT and BMP pathways. 
Using this model, we identified the protective role of DKK1, 
FRZB and GREM1 against inflammation. 
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1. Introduction 
 

Forkhead (Fkh) transcription factors are evolutionarily 
conserved among eukaryotes, and coordinate a timely cell 
cycle progression in budding yeast. Specifically, Fkh1 and 
Fkh2 are expressed during a lengthy window of the cell 
cycle, thus are potentially able to function as hubs in the 
multi-scale cellular network that interlocks various cellular 
networks. 

Here, we provide a comprehensive, up-to-date overview 
of the current knowledge of Fkh target genes. We report on a 
novel ChIP-exo dataset of Fkh targets, which combines ChIP 
with lambda exonuclease digestion followed by high-
throughput sequencing, that allows identification of a nearly 
complete set of binding sites at single nucleotide resolution 

 
2. Materials & Methods 

 
ChIP-exo was performed according to the original 

protocol (Rhee and Pugh, 2012) with modifications as 
described (Liu et al., 2016). 

To analyze the data we used two existing software, 
GEM (Guo et al., 2012) and MACE (Wang et al., 2014). 
These software require a relatively large amount of strong 
peaks to iterate successfully, and on our dataset both yielded 
problems in this regard. This led us to develop a novel ChIP-
exo data analysis method, that we named maxPeak. The 
maxPeak peak detection method counts the number of reads 
overlapping on both DNA strands for each nucleotide, and 
then assigns the single nucleotide with the highest read count 
per gene as the gene’s signal. Finally, the read count for each 
gene is normalized by the 65th percentile of all genes, 
calculating a signal-to-noise ratio (SNR). 

Through data integration with the GEMMER database 
(Mondeel et al., 2018), target genes were annotated with 
information on their function, abundance, cell cycle phase of 
peak expression and the KEGG pathways they occur in. 

 
3. Results 

 
We report on a novel ChIP-exo dataset for the 

transcription factors Fkh1 and Fkh2 in both logarithmic and 
stationary phases. We identify strikingly divergent 
predictions between maxPeak, GEM and MACE peak 
detection methods. Our analysis confirms known Fkh targets 
and points to many novel ones across various cellular 
processes. We analyzed target genes with respect to their 

functional enrichment, temporal expression during the cell 
cycle and metabolic pathways they occur in.  

We present our results as a comprehensive overview of 
the current knowledge Fkh target genes by integrating our 
results with complementary genome-wide studies available 
in literature. We also highlight differences in metabolic 
targets between Fkh1 and Fkh2, and classify these based on 
genome-wide studies where Fkh are investigated. 

 

 
 

Figure 1. Stack plot of cell cycle regulated target for 
Fkh2 in logarithmic phase: grouped according to their phase 
of peak expression, colored according to their function and 

with identifiers for the available evidence. 
 

4. Discussion 
 
Our work highlights Fkh as hubs that integrate multi-

scale regulatory networks to achieve proper timing of cell 
division in budding yeast. The divergence in predictions by 
three data analysis methods asks for further research to (i) 
identify the more stable method(s), (ii) investigate in depth 
the advantages and shortcomings of each method, and (iii) 
measure the accuracy of the data analysis methods with 
regard to identifying functional targets. 
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1. Introduction 
Metabolic flexibility is the ability of an organism to 

switch its substrate for cellular metabolism depending on 
nutrient availability [1]. In humans, and in most other higher 
organisms, this materialises as the ability of most cells to 
switch from glucose to fatty acids, and vice versa. 

Human metabolic flexibility differs from tissue to tissue, 
as certain cell types (neurons, red blood cells, etc.) cannot 
metabolise fatty acids, and thus other cell types switch to 
fatty acids sooner to conserve the availability of glucose for 
these cell types. Thus, metabolic flexibility in humans is 
maintained at both the cellular and the organism level. The 
signalling needed between these two levels to maintain 
metabolic flexibility is tightly regulated, especially at the 
cellular level where the metabolites themselves play a 
regulatory role by interacting with cellular proteins. 

 
2. Approach 

We started with published literature and existing 
pathway databases to manually curate a directed network of 
metabolic processes involved in cellular metabolic 
flexibility. The network was expanded by adding regulatory 
interactions governing the metabolic processes. These 
detailed biological processes are then simplified by 
representing them as raw materials being converted into end 
products while being regulated by rate-limiting enzymes. 
This abstraction allows us to model a large system with 
reduced computational complexity. We utilised the René 
Thomas kinetic modelling framework [2] for discrete/logical 
modelling of the regulatory network obtained, using the 
software GINSim [3]. The formalism defines a model as a 
discretised regulatory network, along with a set of rules, 
called logical parameters, governing its behaviour.  

The logical parameters of the model were verified and 
selected using computation tree logic (CTL) model checking 
through the SMBioNet tool [4]. The output of the model was 
another directed network called a state graph, which shows 
all possible trajectories of the model. The advantage of this 
approach is that we can see the points of divergences in 
trajectories of interest. These divergences can then be used 
to identify when cellular metabolic flexibility can diverge 
towards biologically unfeasible trajectories and vice versa. 

 
3. Results and Discussion 

Our curated network for cellular metabolic flexibility 
provides a summarised overview of the glucose and fatty 
acid metabolic processes and their intracellular regulation. In 
addition, the network can be used to visualise data from 

existing experiments to identify components that behave 
unexpectedly. These can then be targeted in future analyses. 

In the regulatory network, the glucose and fatty acid 
inputs into the cellular environment were modelled as self-
inhibiting loops. This allows the model to simulate 
behaviours in the presence or (near) absence of either of the 
resources. The state graph of the regulatory network consists 
of 1024 nodes (210 possible binary node states for 10 
components). We used a combination of glucose and fatty 
acid inputs leading to four cases that could be used in 
GINSim; both unavailable (0,0), either of them available 
(0,1 or 1,0), or both available (1,1). We collapse the state 
graphs into acyclic hierarchical transition graphs (HTGs), 
allowing for the analysis of oscillatory and non-oscillatory 
trajectories. The oscillatory trajectories represent sets of 
cyclic/homeostatic behaviours where the system can remain 
indefinitely under the requisite conditions. In the HTGs of 
all four cases, one node of non-oscillatory trajectories exists 
which is linked to other hierarchical nodes. This node 
represents perturbations in the system, wherein the cellular 
metabolic flexibility has achieved one of these states 
because of some external influence, but the system dynamics 
allowed the system to recover.  

For the case of glucose being available and fatty acid 
being unavailable, the HTG contains only two hierarchical 
nodes; one representing the aforementioned perturbation, 
and the other, a large set of oscillatory trajectories. When 
both substrates are unavailable a steady deadlock state 
results, achieved after all modelled processes shut down 
because of the lack of available nutrients. 

The project is currently ongoing and the results are 
preliminary with detailed network analyses and biological 
inferences of the model in progress. 
 
References 
1. Hue, L. and H. Taegtmeyer, The Randle cycle revisited: a new 

head for an old hat. American Journal of Physiology - 
Endocrinology And Metabolism, 2009. 297(3): p. E578-E591. 

2. Thomas, R. and R. D'Ari, Biological Feedback. 1990: CRC 
Press, Inc. 316. 

3. Chaouiya, C., A. Naldi, and D. Thieffry. Logical Modelling of 
Gene Regulatory Networks with GINsim. in Methods in 
molecular biology (Clifton, N.J.). 2012. Springer. 

4. Khalis, Z., et al., The SMBioNet method for discovering models 
of gene regulatory networks. Genes, genomes and genomics. 
3(1): p. 15-22. 



Deciphering gene regulation from temporal response and perturbation data 
Joana P. Gonçalves1  

1Delft University of Technology (TUDelft), The Netherlands 

Gene regulation is inherently dynamic, and adaptive biological processes such as disease progression and drug 
response are better studied along a temporal dimension. The profiling of transcriptomes over time naturally exposes 
response patterns and relationships between them that would not be apparent otherwise. However, time course data is 
notably more challenging to acquire and analyse. In addition, most existing interaction data between regulatory 
elements and target genes are sparse and static. In this talk, I will discuss methodologies we are developing which 
integrate temporal transcriptomes and regulatory interactions to identify pathways disrupted in disease. We also aim 
to identify key regulators that may unveil promising new targets for therapy. 
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Modern biomedical studies are becoming increasingly complex, with a multitude of data obtained from different 
assays and omics technologies. There is an increasing need to integrate these disparate datasets, to find common and 
complementary patterns for a variety of purposes. However, the heterogeneity of this big data’ presents a number of 
challenges including differing dimensionality, noise levels and interpretability. In this talk I will discuss tools from 
chemometrics and network analysis which we have applied to help alleviate these problems, resulting in retrieval of 
useful information from metabolomics and multi-omics data. 
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1. Introduction 
The	serum	metabolome	 incorporates	queues	 from	the	

environment	 as	 well	 as	 the	 host’s	 genetic	 background,	
making	 it	an	 ideal	platform	for	clinical	biomarker	research.	
Here	we	present	a	novel,	well	standardized	1H-NMR	serum	
metabolomics	 data	 set1	 derived	 from	 26	 Dutch	 biobanks	
massing	over	25,000	samples	collected	by	 the	community-
based	 Dutch	 Biobanking	 and	 BioMolecular	 resources	 and	
Research	infrastructure	(BBMRI-NL).	To	illustrate	the	merits	
of	this	vast	resource,	we	implemented	a	metabolomic	age-
predictor	 and	 demonstrate	 its	 applicability	 as	 a	 surrogate	
biomarker	 for	 predicting	 cardiovascular	 endpoints	 in	
downstream	epidemiological	analyses.	Data	and	a	webtool	
for	 creating	 metabolomics	 age-predictions	 will	 be	 made	
freely	available	at	www.bbmri.nl.	

	
2. Approach 

The	 difference	 between	 predicted	 metabolic	 age	 and	
chronological	 age	 (Δage)	 reflects	 the	 disparity	 between	
biological	 and	 calendar	 age	 and	may	 serve	 as	 a	 surrogate	
biomarker	 for	 age-associated	 physiological	 decline	 and	
subsequent	disease	endpoints.	

Hence,	 a	 predictor	 for	 chronological	 age	 was	 trained	
employing	 56	 out	 of	 226	 most	 reliable	 and	 independent	
metabolite	 parameters,	 measured	 in	 18,716	 samples	
(10,036	females	and	9,680	males)	derived	from	22	out	of	26	
biobanks.	 Biobanks	 missing	 a	 metabolite	 parameter	 were	
omitted	 for	 training	 purposes.	 The	 PROSPER	 study2	 was	
held	out	as	an	 independent	 test	 set	 to	assess	 the	value	of	
the	obtained	metabolomics	age	predictions.	A	5-Cross-Fold-
Validation	scheme	was	employed	for	randomly	splitting	the	
data	in	training	(80%,	15,208	samples)	and	test	(20%,	3,802	
samples)	sets	for	an	unbiased	training	and	evaluation	of	the	
models.		

 
3. Results 

We	 first	 investigated	whether	 Δage	marks	 established	
risk	 factors	 for	 vascular	 disease,	 in	 a	meta-analysis	 across	
cohorts	 using	 a	 random-effects	 model	 adjusted	 for	
chronological	 age.	 A	 positive	 Δage,	 interpreted	 as	

‘accelerated’	aging,	was	significantly	associated	with	higher	
Body	mass	 index	 (BMI),	 higher	 c-reactive	 protein	 (hsCRP),	
higher	total	cholesterol,	higher	triglycerides	and	the	use	of	
blood	 pressure	 lowering	 medication	 and	 alcohol.	 When	
further	adjusted	 for	gender	and	BMI,	all	but	alcohol	usage	
remained	 significant.	 Next	we	 investigated	 to	what	 extent	
Δage	 associates	 with	 clinical	 cardio-metabolic	 endpoints.	
Patients	with	current	Metabolic	Syndrome	(MS)	or	Diabetes	
Type	 II	 (T2D)	 were	 consistently	 estimated	 older	 as	
compared	to	their	healthy	counterparts	with	T2D	remaining	
significant	when	adjusting	for	gender	and	BMI.	

	 As	 Δage	 was	 shown	 to	 associate	 with	 cardio-
metabolic	disease	risk	 factors	and	prevalent	endpoints,	we	
next	 evaluated	 whether	 Δage	 also	 marks	 future	
cardiovascular	 endpoints.	 For	 this	 we	 made	 use	 of	 data	
collected	in	the	PROSPER	study,	a	 large	prospective	clinical	
trial	 investigating	 the	 efficacy	 of	 pravastatin	 in	 patients	 at	
risk	of	cardiovascular	events2.	Patients	(N=950,	median	age:	
75.3	 [70.2-83.3],	 51.4%	 male)	 were	 followed	 during	 a	
median	 follow-up	 time	 of	 3.3	 years	 for	 various	
cardiovascular	 endpoints.	High	Δage	marks	patients	 at	 risk	
of	 coronary	 heart	 disease,	 death	 or	 non-fatal	 myocardial	
infarction,	 independent	of	 chronological	 age,	 gender,	 BMI,	
smoking	 status,	 T2D	 status,	 anti-hypertensive	 medication	
and	pravastatin.	

 
4. Discussion 

In	 summary,	 we	 present	 a	 rich	 resource	 of	 1H-NMR	
serum	 metabolomics	 measurements	 massing	 over	 25,000	
samples.	 We	 illustrate	 the	 merit	 of	 such	 a	 resource	 for	
future	clinical	research	by	presenting	a	novel	metabolomics	
age-predictor	that	can	be	used	as	a	surrogate	biomarker	of	
cardiovascular	 endpoints.	 Data	 and	 predictions	 are	 freely	
available	at	www.bbmri.nl.	
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1. Introduction 
 

Data, as raw material for monitoring, planning and 
controlling processes, is becoming increasingly important in 
our society. This development is reinforced by the emerging 
Internet of Things (IoT) in which all kinds of sensors and  
devices are connected to each other and can supply real-time 
data. The agri-food sector is also subject to this 
development1.  

Data usually gets value by combining and aggregating 
them. Sharing data between companies in the supply chain is 
important here. Although several companies have taken steps 
in this direction, this development stagnates due to 
discussions about ownership of data and lack of a good 
business model to share the value of data. Applications are 
also difficult to exchange between various platforms, devices 
and users. The benefits for farmers are often underexposed in 
comparison to the agri-business, which entails the risk of 
resistance to sharing data. 

The DATA-FAIR project aims to accelerate innovation 
by organizing a number of large-scale trials by the business 
community in which a number of data and IoT-based apps & 
services are developed in which data is shared between 
various platforms and added value is created. The farmer is 
central to the development as a supplier and manager of data 
on whose dashboard the data from various sources must be 
integrated. 

 
2. Approach 

 
A lean multi-actor approach is followed to develop a 

number of applications and services in which data has to be 
shared between different organisations around the farm. 
Multi-actor means that all relevant stakeholders are involved 
in all stages of development. Lean means a flexible, rapid 
development of minimum viable products (MVPs) in 
iterative development cycles in which user acceptation and 
market potential are playing a central role. 

Development of applications and services are supported 
from three different angles: (i) technical integration focusing 
on interoperability issues, (ii) governance and business 
modelling trying to resolve issues on data ownership and 
control, privacy, etc. and defining attractive business models 
for data sharing and (iii) ecosystem development ensuring a 
critical mass of users, developers and other relevant actors. 

 
3. Results 

 The project has resulted in the definition of 8 trials in 
which several parties are developing applications and 
services that share data around the farm: 

1. Farm-specific norms and sustainability data for 
benchmarking 

2. Common farmer’s authorization system  
3. Improving quality, transparency and planning for 

beef production  
4. Big Data analysis service for benchmarking 
5. Sustainability dashboard for farmers and auditors 

for compliance data 
6. Diminishing administrative burden and risk analysis 
7. Data-sharing strategy for contractors 
8. Financial data and sustainable soil management 

The parties are formed by a very heterogeneous group 
coming from the banking sector, farmer’s associations, meat 
processing, farm contracting, assurance and agri- 
consultancy. 
 There is a clear difference in maturity level of the MVPs 
between the different trials. Some trials are already working 
on a well-defined product while others are still in the 
ideation phase. Technical integration has resulted in several 
joint initiatives to obtain farmer’s data through a common 
governmental service. One of the parties has entered a 
cooperative data hub in which AgriTrust is used and further 
developed. AgriTrust is a single sign-on portal in which 
farmers can manage permissions on use of their data. Several 
issues concerning governance were identified that are not 
easy to solve. For one trial this means that it is temporarily 
set on hold because of unresolved privacy issues. The 
definition of business models is still in an explorative phase. 

 
4. Discussion 

 
DATA-FAIR is exploring the field of data sharing in the 

agri-food business in a learning-by-doing way while at the 
same time developing common building blocks that can be 
used by others to enlarge the innovation potential of the agri-
business sector by data sharing.  This is done in a ‘fair’ 
manner which means that all stakeholders – in particular the 
farmer – are benefiting from this developments. Current 
results show that the organizational issues are more pressing 
than the technical issues. 
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1. Introduction 
 

A balanced diet is an essential element of a healthy 
lifestyle [1]. Following such a diet requires consumers to 
make sensible decisions on the food they purchase and 
consume. However, these choices are very complex. This 
paper presents a framework that decomposes the decision 
making process into manageable elements, ready for use as a 
generic ‘engine’ in digital dietary guidance systems.  

In the area of nutrition and health, hypes come and go. 
Consumers face continually changing and contradicting 
statements about the impact of food on health. At the same 
time, thousands of  apps and websites claim to provide 
dietary advice, increasingly relying on smart sensors [2]. 
However, their scientific basis is often lacking, and the 
limitations on their applicability unknown.  

The problem is that the decision on what to eat depends 
on many individual and situational factors, including 
personal health, lifestyle, preferences, habits, eating moment, 
cultural factors, etc. Consumers and even dieticians cannot 
oversee and handle all the data and knowledge that is 
required in each case.  

 A common approach in dietary apps is to generate a 
general dietary advice based on limited information from the 
user, leaving the user puzzled about whether it is actually 
good for him. Other apps suggest healthy alternatives for 
specific products. These applications directly translate input 
data into an advice, using generally accepted guidelines. This 
limits their scalability, flexibility and transparency, plus 
optimising one product doesn’t give a balanced diet. 

 
2. Approach 

 
We present a structured and traceable approach to 

creating personalised dietary advice. The first step is to 
distinguish between form and content. In terms of content, 
we define the following personal data: 

- Health parameters, e.g., body mass index, cholesterol HDL, 
specific health risks. 

- Products or ingredients to be selected, e.g.,  a shopping list, a 
selected recipe. 

- Preferences and conditions, e.g., vegetarian, allergies. 
- Situational context, e.g., lunch or dinner, special occasions.  
- Typical food intake for some period of time, e.g., obtained 

from a nutritional diary.  
In many cases, not all input data will be available. Food 

intake, for example, is notably difficult to measure. In our 

framework we develop ways to approximate input data, e.g. 
using group data to approximate individual data.  

We aim to change specific aspects of dietary habits by 
giving suggestions at a decision making moment. For the 
advice engine we propose the following outputs:  

- Changed portion sizes of items in one’s diet.  
- Products or ingredients that replace items in a diet, and have 

better nutritional values.  
- Products or ingredients outside one’s regular intake, in order 

to get a more balanced diet. 
Now, given a set of input data, we infer the advice 

outputs by applying several knowledge sources, such as the 
following. 

- Food-health impact relations. 
- General product and product class replacement rules. 
- Product properties: nutritional values, preference properties, 

context properties, etc.  
- Nutritional value indicator, weighing the importance of 

multiple nutrition parameters for the individual.  
By defining these independent knowledge sources, a 

flexible and scalable architecture is created. The knowledge 
sources can continuously be updated and extended, but they 
can also be simplified if needed. The methods that generate a 
specific advice from these sources are themselves generic 
and hence reusable. Moreover, each knowledge source has 
its own provenance information, making it traceable.  

 
3. Concluding remarks 

 
We have created the overall framework for a 

personalised dietary advice system and identified required 
knowledge sources. We are evaluating our approach by 
discussing use cases with several dietary experts. This will 
be followed by the implementation of our framework in 
intervention studies (field labs) with consumers. 

One challenge is to discover the assumptions that 
dieticians use in practice. How do they decide which effect is 
considered dominant for an individual – e.g. should they 
concentrate on reducing fat or sugar? Automated approaches 
need to make such decisions explicit in order to be reliable.  
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1. Introduction 
 

In pig breeding, selection has improved animal 
performance and quality of its products substantially [1]. As 
a consequence of this selection, the frequency of deleterious 
mutations including recessive (embryonic) lethal mutations 
can rise or stabilize within the population, especially if 
specific lethal mutations exhibit a heterozygote advantage 
for favourable traits (balancing selection) [2].  

 
2. Approach 

 
In this study, we analysed 80K SNP chip genotype data 

for 23,722 animals from a Large White commercial pig 
breed to identify regions in the genome associated with early 
embryonic lethality. The genotypes were phased using 
BEAGLE [3] to assess haplotypes exhibiting missing or 
deficit homozygosity, indicating that these haplotypes likely 
harbour a lethal recessive allele. We used whole genome 
sequence and RNA-sequencing data for carrier animals to 
identify candidate causal mutations and to predict the impact 
on the gene and protein. To test for heterozygote advantage, 
we performed an association analysis using deregressed 
breeding values in ASREML [4].  

 
3. Results 

 
A haplotype with missing homozygous animals was 

identified containing a 212kb deletion. Lethality in 
homozygous state was supported by a reduction of 
approximately 20% on the total number of piglets born from 
carrier by carrier matings as well as a remarkable increase in 
the number of mummified piglets (piglets that die during 
gestation). The deletion directly affects the BBS9 gene 
resulting in a complete loss of function (Fig. 1). In addition, 
the deletion contains enhancer elements of the downstream 
BMPER gene, a gene essential for normal foetal 
development. Interestingly, we observed reduced expression 
of the BMPER gene in lung tissue from heterozygous carrier 
animals, and mummified piglets likely die due to insufficient 
expression of the BMPER gene.  

The relative high frequency (10.8% carrier frequency) 
might imply an advantage for heterozygotes. Indeed, 
heterozygotes for the deletion-haplotype show, despite a 
lower birth weight, increased growth rate, and feed intake.  
 

 
Figure 1: Schematic representation of the SSC18 deletion 
affecting BMPER gene expression and BBS9 protein 
structure. 
 
 Together, we propose that the balancing scenario 
observed is a consequence of the deletion affecting two 
different genes (Fig. 1) resulting in a pleiotropic effect on 
fertility (BMPER) and growth (BBS9).  
 
4. Discussion 

 
This work describes one of the first instances of 

balancing selection in pigs, maintaining a recessive lethal 
allele at relative high frequency in the population, with 
pleiotropic effects on fertility and growth traits. The effect 
on growth rate is very likely a consequence of  the deletion 
causing a loss-of-function of the BBS9 gene. The BBS9 
protein affected by the lethal deletion is required for 
ciliogenesis [5]. Cilia defects are likely to affect feeding and 
satiety causing an increased appetite and lack of saturation, 
supported by the obese phenotypes observed in heterozygous 
and homozygous knockouts [5], analogous to the observed 
phenotype in carriers of the BBS9 deletion. 
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1. Introduction 
 

In the face of a growing world population, declining 
land reserves and climate change, there is an urgent need to 
increase the efficiency of the production of food.  Precision 
agriculture (PA) is one of the pathways in which the 
efficiency of agriculture can be increased. The profitability 
and sustainability of production of potatoes in The 
Netherlands can be increased by at least 20% by employing a 
range of PA technologies that are currently available to 
commercial growers1,2. The systematic collection and 
processing of data is the cornerstone of precision agriculture. 
On the one hand, these data are used to derive models that 
describe the effect of weather, soil, and management on crop 
growth. On the other hand, data and models are used to 
support decision-making about when and where to apply 
inputs: fertilizers, crop protection agents, and irrigation 
water. 

 
2. Approach 

 
We work with two complementary modelling methods. 

In the first method mechanistic, process-based simulation 
models are used. This kind of model can in many practical 
cases explain and predict crop production, but  must first be 
properly parameterized for a specific farm, field, or part of 
field. A major challenge is to find appropriate parameter 
values for the soil without resorting to extensive, costly and 
time-consuming soil sampling. We use data that are available 
on a large scale, such as satellite and drone imagery, soil 
scans, and existing soil maps, to parameterise the 
mechanistic models. 

In the second approach machine learning (ML) methods 
are used. Here there are two major challenges. One challenge 
is related to the sheer infinite number of states that an 
agricultural system can assume, which makes is hard to train 
an ML model. A second, related challenge is to collect 
sufficient data for training the ML models. We investigate 
whether mechanistic models can be used to reduce the 

dimensionality of the problem by computing features with 
which the training dataset can be enriched. 

 
3. Results 

 
For mechanistic models, initial results show that the 

proposed method of parameterisation works well. This  is 
true even when the calibration data are lacking in precision 
and/or accuracy, as long as a sufficient number of fields 
and/or years is used in the calibration. Likewise, for machine 
learning models, features calculated using mechanistic 
models increase the prediction accuracy. However, it often 
proves difficult to understand why a particular feature does 
or does not increase prediction accuracy. 

 
4. Discussion 

 
An agricultural field with a crop growing on it is an 

exceedingly complex system. Thus, even the most detailed 
mechanistic model is still only a much simplified 
representation of reality and will fail to reproduce the 
original system’s behaviour under certain conditions. An ML 
model does not even attempt to represent the structure of the 
modelled system, but aims only to reproduce the outputs. In 
both kinds of models there is a complex interplay between 
model structure and parameterisation, in that a particular 
change in model behaviour can often be achieved by 
changing the model structure, the model parameters, or both. 
This equifinality is a major concern when parameterising a 
mechanistic model or training an ML model. 
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Metagenomics has revolutionised biology. By sequencing genetic material directly from the environment, it has 
enabled the analysis of organisms that previously could not be detected, let alone studied in detail. Moreover, by 
providing an omics-level view of the organisms in an environment, metagenomics provides unprecedented insights 
into the composition of the natural world. One of the remaining enigmatic constituents of all environments are viruses: 
evolving molecular machines that exploit living cells to proliferate. In all environments, viruses are more abundant 
and diverse than cellular organisms, yet they are notoriously difficult to study because they cannot be isolated without 
first culturing their host. Metagenomics is now opening up the virosphere, revealing abundant clades of organisms 
that are more conserved than previously thought. I will present the bioinformatics behind some of our recent findings 
in metagenomics. 
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1. Introduction 
 

The increase in output of short-read sequencing 
instruments coupled with the development of more accurate 
and efficient software for read assembly, poses new 
challenges in metagenomics for accurate taxonomic 
affiliation of long contigs. Moreover, the advent and wider 
adoption of long-read sequencing technologies also increases 
a demand for new methods to annotate long error-prone 
sequences. To date, the most common approach for 
taxonomic classification of contigs has been based on the best 
BLAST match of the whole sequence. However, this method 
only works well for micro-organisms with close relatives in 
the reference database, whereas in most natural environments 
the encountered species may never have been sequenced 
before, let alone be included in the public database. We 
present Contig Annotation Tool (CAT) for the robust 
classification of long metagenomic sequences including 
assembled contigs and long-read sequencing output that arise 
from this microbial dark matter’. We deploy the same 
algorithm to classify novel draft genomes that are based on 
binned metagenomic datasets (BAT), a challenging task for 
many tools. 

 
2. Implementation and algorithm 

 
CAT is implemented in Python and can be run in open 

reading frame (ORF) mode for high quality sequences and in 
six frame translation (SFT) mode for sequences with high 
expected error rates. In ORF mode, CAT deploys Prodigal for 
gene prediction and sequence translations, and DIAMOND 
for identifying sequence similarity hits in the database. In 
SFT mode, CAT translates the sequence in 6 frames without 
gene prediction and queries the translated sequences in pieces 
of predefined size against the database with DIAMOND. 
CAT requires a reference database of taxonomically classified 
protein sequences, such as the NR database freely available 
on the NCBI ftp server. The tool assesses sequence 
annotation in two steps. First, it performs conservative 
taxonomic affiliation of individual ORFs or translated pieces 
by analysing the taxonomic annotations of their top database 
hits. Next, it aggregates the bitscore support for each taxon 
across the whole contig and assigns the contig to a specific 
taxon if the bitscore exceeds a given threshold percentage of 
the maximum achievable bitscore. The same algorithm is 
implemented in BAT, which jointly considers all sequences 

within a bin as opposed to only one contig sequence as in 
CAT. 

 
3. Performance 

 
We tested the accuracy of CAT by simulating different 

levels of unknownness’ of sequences from an artificial 
metagenomic dataset and compared this to several commonly 
used tools for taxonomic annotation. We show that whereas 
CAT is more conservative in its annotations than the other 
tools and thus annotates sequences on a higher taxonomic 
level, it also has a higher percentage of correct hits. CAT 
automatically adapts its level of classification to the level of 
unknownness of the metagenomic sequence or bin, whereas 
other tools are not able to correctly handle unknown 
sequences. CAT is thus exceptionally suited for metagenomic 
datasets with a high fraction of microbial dark matter’. We 
use BAT to taxonomically classify a set of novel draft 
genomes (bins) and show that it is on par with phylogeny-
based methods of bin annotation, and, in some cases, has a 
higher resolution. 

 
CAT version 2.0 is available at 
https://github.com/dutilh/CAT. 
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Cell growth is subject to many sources of stochasticity, causing single isogenic cells to differ from 
each other. However, under constant conditions, isogenic cell populations can be kept growing at a 
fixed, average rate and constant cell-to-cell variation. This feature implies that the spontaneous 
phenotypic variations that arise in such populations are compensated by mechanisms that 
continuously steer deviating cells back towards the population average. Such homeostatic 
mechanisms ensure the robustness of population characteristics, despite perpetual cell-to-cell 
variations. 

Here we focus on growth rate differences between individual cells. What causes these differences, 
and how are deviations compensated? To gain insight into these questions, we studied the cell cycle-
dependent growth behaviour of thousands of individual E. coli cells, under conditions of balanced 
growth. We find that the specific growth rate is not constant during the cell cycle. Cell division causes 
significant disturbances in the growth rate of single cells, leading to a large increase in cell-to-cell 
variability that is reduced as cells progress through their cell cycle. Surprisingly, growth rate after 
birth correlates negatively with size at birth, in both absolute and relative terms. This behaviour, we 
hypothesise, can be explained by imbalances between metabolic and biosynthetic activities that arise 
from asymmetries in cell division.  Using mathematical modelling we show that a simple regulatory 
mechanism, with features similar to a mechanism that modulates growth-rate adaptation across 
conditions, can also function to compensate for growth rate deviations during cell-cycle progression. 

 



Gut metagenomics: population studies 
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The gut microbiome is an important human organ that plays a role in immune and metabolic health and is associated 
with many diseases and traits. However, our knowledge on the variations of gut microbiota in general population, and 
its link to genetic and environmental factors is limited. This knowledge is essential for building disease-related studies. 
In my presentation, I will discuss the effect of environmental and genetic factors on the development and composition 
of the gut microbiome, as seen in our study of the Dutch population cohort Lifelines. I will further discuss the link 
between the microbiome, host genetics and human proteomics profiles, and give examples of ongoing multi-omics 
studies. 
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Figure 1. The most significant co-expression QTL identified in CD4+ T cells. (a) The non-imputed expression of RPS26 
and RPL21 of all individual CD4+ T cells colored by genotype (left panel) and stratified per SNP rs7297175 genotype (right 
panels). Genotype- and donor-specific regression lines are shown in the left and right panel, respectively. (b) The Spearman’s 
rank correlation coefficient (r) between RPS26 and RPL21 expression stratified by SNP rs7297175 genotype in the CD4+ T 
cells per donor. 
 

1. Introduction 
Expression quantitative trait locus (eQTL) analyses have 

taught us that genetic risk factors for disease often affect 
gene expression in a cell type-specific way. However, much 
less is known about their effect on the regulatory wiring of 
individual cells. 

 
2. Approach 

To study this, we first identified the downstream 
consequences of genetic variants by performing cell type-
specific, cis-eQTL analysis on approximately 29,000 single-
cell RNA sequenced (scRNA-seq) peripheral blood 
mononuclear cells from 45 donors of the population-based 
cohort study Lifelines Deep. We followed this up by looking 
at the upstream interactors of the genetic variants identified 
with the eQTL analysis, by studying the effect of genotype 
on co-expression between the eQTL gene and all other genes 
(so called ‘co-expression QTLs’) in the CD4+ T cells. 

 
3. Results 

We first validated our cis-eQTL approach by replicating 
261 cis-eQTLs that were previously identified in bulk RNA-
seq data 1. In addition, we could extend the list of genes 
known to be under genetic control or specified the cell type 
in which the effect is most prominent. Next, we ascertained 
whether these genetic variants can also alter the co-
expression between genes.  We identified several of these 

co-expression QTLs at a false discovery rate of 0.05 and 
replicated these in a large bulk RNA-seq dataset 1. For 
instance, we found 93 significant co-expression QTLs for 
the type I diabetes (T1D) variant rs11171739, for which the 
most significant interaction is shown in figure 1. This SNP 
affects the co-expression between RPS26 and 93 other 
genes, many of which are known to be involved in mRNA 
translation, which suggests that this T1D variant might 
dysregulate this particular pathway. 

 
4. Discussion 

In conclusion, this study shows the feasibility of using 
scRNA-seq data for eQTL and co-expression QTL analysis. 
With the expected growth in scRNA-seq eQTL datasets in 
the near future, we expect many more genetic variants will 
be identified that affect the regulatory wiring within cells, 
and which could be used to infer personalized regulatory 
networks using solely genotype data. 
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1. Introduction 

Alternative splicing in an import mechanism in 
eukaryotic cells which leads to an increased efficiency in 
gene storage, enhanced gen functionality and increased 
specificity. Alternative splicing is known to be regulated by 
genomic features, such as the splicing motives and motives 
that allow for DNA binding of proteins. The large majority 
of human genes (>95%) have two or more splice forms. The 
alternative isoforms usually have slightly different 
specificities or kinetics, which allows for fine tuning of gene 
activity and can have large effects on phenotypes, such as 
disease. 

 
2. Approach 

Here, we present an integrative analysis exploring the 
relation between genomic, cell-level and DNA methylation 
features and their contribution to splicing and splicing 
variability within and across single cells. By using combined 
sequencing of DNA methylation and gene expression data in 
single cells from induced pluripotent stem cells (iPSC) and 
definitive endoderm cells, we had the unique opportunity to 
directly link splicing and DNA methylation across cell states.  

 
3. Results 

We observed that cell-level features such as cell-cycle 
state and expression of splicing genes are related to splicing 
levels, and that DNA methylation of the genomic regions 
surrounding the alternative exon are linked to splicing 
regulation. 

Next, we predicted splicing ratios based on genomic 
features within single cells of both differentiation time 
points, using linear models (R2=0.706 for iPSCs, R2=0.670 
for endoderm cells). When integrating DNA methylation 
information as predictors, we observed an increased 
correlation for both differentiation states (R2=0.721, 
R2=0.685, respectively).  

Splicing variability between cells is much harder to 
predict (R2=0.147 for iPSCs). However, interestingly we 
identified that the genomic regions modulating the variability 
of splicing differ from the regions that affecting splicing 
ratios. To improve splicing variability predictions, we 

assigned cassette exons to splicing categories and were able 
to predict category membership (AUC=0.86) and switching 
behaviour between both time points for each splicing 
category. We found that DNA methylation contributes to 
switching behaviours, especially for intermediate splicing 
categories.  

 

 
 

Figure 1. Splicing variability in single cells. a) 
Variation of PSI over mean PSI of cassette exons in day-0 
splicing data, colored according to splicing categories. Blue 
excluded, green over-dispersed, yellow multimodal, pink 
under-dispersed, red included. b) Mean AUCs across four 
sets of 10-fold CV trainings. The genomic model includes k-
mers, conservation scores and region lengths. The genomic 
and methylation model additionally includes DNA 
methylation features. The methylation model only includes 
average methylation features per genomic region. The 
categories are colored according to (a). 
 
4. Discussion 

Altogether, we showed for the first time that alternative 
splicing and splicing variability across cells can be predicted 
based on genomic and epigenetic features like DNA 
sequence motifs and conservation in single-cell data. We 
assessed the impact of DNA methylation and cell features on 
splicing, and we were able to replicate our findings at two 
differentiation time points. Importantly, we showed that 
DNA methylation affects splicing change during the 
differentiation process. 
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Single-cell technologies such as scRNASeq are 
rapidly transforming molecular biology by 
revealing cell type specific properties that are 
often obscured in bulk data. At the Princess 
Máxima Center for Pediatric Oncology, single-cell 
RNASeq experiments have been implemented for 
a variety of research questions.  

We make use of SORT-Seq1, an early-tagging, 
UMI-based  protocol that starts by FACS-sorting 
cells into 384-well plates. To glean as much 
information from the sequencing data as possible, 
we optimized the preprocessing, collating and 
quality control of the data2. For instance, subopti-
mally designed well barcodes with mismatches are 
correctly recovered; stringent trimming rescues 
reads that would not map otherwise; reads ambi-
guously mapping to complex gene regions are 
retained by mapping them to gene clusters instead.  

Of prime importance is the ability to recognize 
wells containing material from live cells. We 
therefore calculate an adaptive transcript count 
threshold based on spike-in control abundances. 
Extensive diagnostic metrics are produced to 
troubleshoot the plate runs. The total number of 
transcripts attainable is estimated using Michaelis-
Menten kinetics, helping researchers gauge 
whether it is meaningful to sequence the same 
library more deeply. 

To demonstrate the power of the data stem-
ming from such experiments, we will present data 
from two studies. One concerns an investigation 
into the cell types of the mouse adrenal gland 
(Figure 1), undertaken to better understand certain 
types of cancer, notably neuroblastoma, the most 
frequently diagnosed tumor type in infants. 
Preliminary results on neuroblastoma tumoroids 
and patient samples will also be presented. In both 
cases, tumor cells can be clearly identified and dis-
tinguished from other cell types. 

 
Figure 1. The main cell populations found in 

mouse adrenal gland (embryonic day 14.5) 
 
Patient samples often include many tumor in-

filtrating immune cells of various types. Since the 
conventional manual identification of cell types is 
cumbersome and error-prone, we developed an 
automated method that does this flexibly and 
robustly. A classification tree constructed from 
reference expression profiles guides the identi-
fication of the cells to be labeled. During tree-
traversal, correlations are used to choose between 
the two next-deeper branches, but if too little 
discriminatory power remains, the classification is 
stopped at an intermediate stage. 

These developments in single-cell techno-
logies, both experimental and in silico, are helping 
us to further disentangle the biology of childhood 
cancer.  
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1. Introduction 
 

With the large amount and variety of omics data from 
different levels (genome, transcriptome, proteome and 
metabolome) that is produced and publicly available, it is 
becoming increasingly clear that the integration of omics data 
will enhance the understanding of a biological system. This 
integration of multi-omics data is one of the major challenges 
in the current day biomedical research12. The additional 
challenge is that the re-use of experimental data is not 
straightforward, especially when data is publicly shared. 
Sufficiently detailed and extensive metadata is required to 
reuse data to its full potential. Our main objective is to 
investigate and expand on methods for multi-omics and multi-
tissue analyses and develop a standardised workflow for 
analysing these datasets. Also, we aim at evaluating the 
reusability of publicly available data and the quality of its 
annotation. 

 
2. Approach 

 
For this project, we worked with the data from the FP6 

PredTox project3, which was made systematically available 
through di a, an FP7 project which collected, annotated and 
stored all toxicology related data generated by earlier EU 
projects. PredTox investigated the toxicities of 16 compounds 
by using transcriptomics, metabolomics and proteomics. For 
each compound, several doses and time points were taken and 
effects on liver, blood/serum and kidney/urine were 
evaluated. This extensive dataset can therefore be used as a 
test set to evaluate data reusability and to explore methods to 
integrate multi-omics data and obtain biologically meaningful 
results. 

To address the data integration we made use of the 
concept of statistical integration4. We applied two types of 
approaches: multivariate based integration and 
pathway/network-based analysis. By using different 
components from the PredTox study we were able to evaluate 
the generalisability of our approach. Here we mainly focus on 
the conceptual findings of the project. 

 
3. Results 

 

During the initial assessment it was discovered that we 
were missing some of the expected omics types for some 
experiments. In addition, not all processed files, nor all the 
raw data was available, and there was no consistency in 
naming the different files. Also, the proteomics data was not 
annotated. After a closer look at the metabolomics we 
discovered that the cluster names and m/z values did not 
match between files belonging to the same samples.   

It also did not prove easy to find a detailed description of 
which processing steps had already been applied to the data. 
For example for the metabolomics it was difficult to find a 
description how the clusters were made in the first place.  

 
4. Discussion 

 
During this project we discovered that the reuse of 

publicly available data is a challenge, even when taking these 
from projects dedicated to systematically collect such data. 
The difference in filenames and the difference in the metafiles 
made it more difficult than anticipated to make a universal 
workflow to read and analyse the data.  

When a detailed description of the already conducted 
processing is missing, it becomes harder to understand the 
connection between the different files that are available. 
When then the raw data is also missing, it is not possible to 
reconstruct what has been done. Raw data should be available 
so processing can be redone with different techniques. 
Metadata should be carefully recorded and stored along with 
the data, not only with respect to sample annotation, but also 
to the measurement and processing procedures used to 
generate the data. 
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1. Introduction 
 

Biological systems consist of many thousands of genes,               
proteins, and metabolites. Our collective knowledge about             
these systems is collected in many hundreds of databases,                 
each focusing on particular themes of knowledge or types of                   
experiments. Importantly, to capture this focus, each             
database uses its own definition of the key entities and have                     
a matching collection of entity identifiers. Linking all these                 
identifiers requires a flexible tool that provides identifier               
mappings but that also knows about these complexities. 

However, biology is complex and these knowledge             
bases have different approaches in capturing biological             
entities. The platform needs to understand the difference               
between a gene, a DNA sequence, a microarray probe, and a                     
protein. Likewise, it understands the difference between             
stereoisomers, protonation states, and compound classes for             
metabolites and other small molecules. This introduces the               
challenge that equating entities in different databases             
depends on definitions of those entities in those databases.                 
As a result, the meaning of an identifier mapping varies.  

We here give an overview of recent work within the                   
BridgeDb community where knowledge from public           
resources is reused to make other resource more               
interoperable and therefore more FAIR. 

 
2. Approach 

 
BridgeDb was developed earlier to provide a uniform               

framework to enable database integration by formalizing             
identifier-identifier mapping [1]. The BridgeDb project           
provided both a Java Application Programming Interface             
(API) that could integrate multiple sources of identifier               
mappings, and a web service allowing it to be integrated into                     
other tools, identifier mapping databases for genes and               
proteins, based on mappings from the Ensembl databases,               
and identifier mappings for metabolites, based on content               
from the Human Metabolome Database. 

The BridgeDb framework is flexible. Identifier mapping             
databases were extended with updated and new public               
resources on a continous basis for the past few years.                   

Moreover, the framework fully integrates the semantic web               
approaches developed within Open PHACTS work [2]. 

 
3. Results 
 

The overview of recent BridgeDb work includes updates               
of our web services using OpenAPI interface and interactive                 
documentation, and the updated R package available from               
Bioconductor (top 20% most downloaded). It also details the                 
use of Wikidata as source of identifier mappings for                 
metabolites [3]. 

 
4. Discussion 

 
Despite these evolutionary steps, the platform needs             

further development. For example, current limitations           
include the lack of straightforward methods to set up custom                   
identifier mapping services. Second, the core framework             
does not handle databases with multiple identifiers for the                 
same concept well. For example, databases like ChEBI and                 
HMDB often have secondary identifiers, where identifier             
mapping needs to know about the difference. These points                 
will be discussed as part of the outlook of the future of this                         
project. 
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The Infrastructure Systems Biology Europe (ISBE) provides stewardship and help with 
biological and medical data, their acquisition, their analysis and their understanding. It 
consists of 5 interconnected infrastructure pillars: 

1) The Make Me My Model (M4) pillar consists of a software infrastructure that helps 
customers to make their various types of data (genome sequence, transcriptome, pro-
teome, metabolome, physiological, kinetic, etc.) predictive and understood via model-
ling (www.isbe.nl).   

2) The Do Me an Experiment pillar is a distributed hardware-plus-service infrastructure 
that performs systems-biology quality assays as a service (M5; Make Me My Mass Spec-
tra Measurements, enzyme kinetics, metabolomics, and epigenetics will be soon avail-
able. For the time being, there is a Systems Metabolomics service at ISBE.IT (www.sys-
bio.it/isbe): a complete metabolomic platform to perform ad hoc experiments, coupled 
with constraint-based modeling approach.  

3) The Live Model Repository (LMR) of ISBE is a software infrastructure of interconnect-
able, systems-biology-quality kinetic models through JWS Online (https://jjj.bio.vu.nl/) 
and COSYS (sysbio.it/cosys/), where users can perform construction, modification, and 
simulation of kinetic models, and storage of curated ones (JWS), or define mathemati-
cal models of biological systems and perform constraint-based (e.g., Flux Balance Anal-
ysis) and mechanism-based dynamic simulations (either deterministic or stochastic), 
drastically accelerated by GPUs (COSYS). 

mailto:a.n.kolodkin@vu.nl
http://www.isbe.nl/
https://jjj.bio.vu.nl/
http://www.sysbio.it/cosys/


4) The Data and Model Stewardship of ISBE called FAIRDOM (http://fair-dom.org). 
FAIRDOM platform supports Systems Biology to make Data (models, data, SOPs, sam-
ples, workflows) FAIR and platform-exchangeable.  

5) Help Me to Model (HMTM) provides training to customers wishing to make models 
themselves, in online or workshop tutorials (www.isb.nl ). 

The Netherlands branch of ISBE (www.isbe.nl) focuses on M4, LMR and HMTM. It pro-
vides phenomenological modelling (top-down) as well as bottom-up mechanism-based 
modelling, followed by model analyses that help understand the system under study, 
e.g. predicts the effects of therapeutic or biotechnological interventions useful for 
model-driven experimental design and bioengineering, or for therapeutic practice.   

ISBE.NL is currently providing CORBEL clients with online modelling services using the 
FAIRDOM HUB website (https://fairdomhub.org/) and coordinating with other Euro-
pean Research Infrastructures, such as EuroBioImaging and Elixir. ISBE.NL profits from 
the expertise of distinctive systems biologists in a wordwide collaborative network ex-
tending from the Netherlands, Luxembourg, Italy, Spain, UK, Germany, and Slovenia, to 
Russia, and shows the way for innovative network-accommodating biology, biotech-
nology and medicine. 
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FAIR Data Training activities in the Dutch ELI IR node 
Celia van elder, Mateusz uzak 
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Interoperability, FAIR data treatment and training of researchers and data experts are themes that are core to the remit 
of the Dutch ELI IR node. In line with these focal points, a significant part of our training activities can be categorized 
as FAIR Data Training . Strongly connected with these training activities are the community building efforts we are 
undertaking for all of our significant themes (e.g. the national Data Stewards Interest roup) as well as our 
involvement in setting up research support desks in the Netherlands.  

Examples of our FAIR training activities are:  

- Bring our Own Data Workshops (B ODs) and FAIR Hackathons  
- Training in Data Analysis, Data Management and Data Stewardship,  
- FAIR awareness and FAIRification trainings on different levels depending on the audience (in collaboration 

with our funders),  
- the ELI IR Data Stewardship wizard,  
- our participation in the emerging O-TRAIN Implementation Network  

We will present the current status of our FAIR data training activities and our future plans. 
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Introduction 

Bioschemas is a collection of specifications providing 
guidelines to facilitate a more consistent adoption of 
schema.org markup within the life sciences. Schema.org 
delivers a way to add semantic markup to web pages. This 
structured information then makes it easier to discover, 
collate and analyse distributed data. [1] 
 
The MOLGENIS platform [2] hosts many databases, 
amongst which many patient and mutation registries. 
These databases help clinicians and researchers 
worldwide to gain more insight into the relations between 
the genetic variants and symptoms of rare disease 
patients. Prominent instances are: 

 
1) DEB-Central (https://www.deb-central.org/), a registry 
for dystrophic epidermolysis bullosa (DEB) patients and 
DNA variants in COL7A1 containing 1000 patients and 
>650 variants. [3] 

2) CHD7 Database (http://chd7.org/) contains data on 
CHD7 variations and phenotype, 554 mutations in 895 
patients. [4] 

3) Microvillus Inclusion Disease Patient Registry 
(http://www.mvid-central.org/) contains data on MVID 
patients and MYO5B, STX3 and STXBP2 mutations plus 
phenotypes. [5] 

4) AIP Mutation Database (https://aip.fipapatients.org) 
collects variants related to pituitary adenoma 
predisposition (PAP) and familial isolated pituitary 
adenoma (FIPA) and clinical information. [6] 

These databases are hosted in the MOLGENIS software, 
which is open source and available for free from 
http://molgenis.org. Here we describe how we 
implemented BioSchema for these registries.  

 

Results 

We added structured metadata descriptions to these 
patient registries using BioSchema in JSON+LD format. 
These metadata denote name, type, context, organisation 
and location of the registry, followed by dataset 
descriptors denoting type, name, identifiers, keywords 
and key phenotypes measured. Finally, a contact reference 
to the data provider is available. 

Discussion 

Using BioSchemas, we have used machine-readable 
metadata to increase the findability of patient and 
mutation registries, making it easier to find and reuse 
critical information for rare disease patient care and 
research. 
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1. Introduction 
 

The Netherlands Institute of Ecology (NIOO-KNAW) 
has a bioinformatics unit (BU) that aims to enable 
researchers (from senior staff to students) to do their own 
bioinformatics analyses. We have two Linux based servers 
with a large amount of storage and memory, mainly used for 
sequence analysis but also available for other types of heavy 
computing (such as R simulation modelling). The unit 
provides pipelines, tutorials and various web-services (e.g. R 
studio, Gitlab and Galaxy).  

 
2. Approach 

 
The BU is comprised of two bio-informatician, who 

have a NIOO-wide support task and they are supported by 
NIOO-ICT for server maintenance and data backups. The 
BU addresses data storage related questions in close 
collaboration with the NIOO-Library. The work of the unit is 
guided by a bioinformatics steering group in which each of 
the four NIOO departments (Animal Ecology, Aquatic 
Ecology, Microbial Ecology and Terrestrial Ecology) is 
represented. 

The BU has two analysis servers with a large amount of 
storage and memory, mainly used for sequence analysis but 
also available for other types of heavy computing (such as R 
simulation modeling). The BU also provides web-portals 
such as Rstudio Server, Galaxy and Gitlab. The NIOO-
analysis-pipelines and manuals are accessible from the 
intranet and the NIOO-GitLab. The NIOO-GitLab supports 
the reproducible execution of analyses, full version control 
of your code and documents, NIOO-internal and external 
collaborations and sharing of code and analyses. NIOO-
pipelines are mostly written in Snakemake and Cis used to 
install all necessary dependencies. 

The main task of the BU is to support the NIOO 
researchers to perform their bioinformatics analyses 
independently. We do this by training them to execute their 
analysis in a reproducible way, based on our knowledge and 
pipelines and in exchange with the open-source community. 
 



Predicting variant deleteriousness in non-human species:  
applying the CADD approach in mouse 

Christian Gross1,2, Dick de Ridder2 and Marcel Reinders1 

1Delft Bioinformatics Lab, Technische Universiteit Delft, Delft, The Netherlands 
2Bioinformatics Group, Wageningen University & Research, Wageningen, The Netherlands 

E-mail: c.gross@tudelft.nl  
 

 
1. Introduction 
 
Predicting the deleteriousness of observed genomic variants 
has taken a step forward with the introduction of the 
Combined Annotation Dependent Depletion (CADD) 
approach, of training a classifier on the wealth of available 
human genomic information [1]. For non-human species, 
these types of predictors do not yet exist, since less data is 
available. We investigated the pre-requisites to construct a 
CADD-based model for a non-human species and the 
advantages / disadvantages it offers to detect sequences 
under functional constraints.  

This research is the first step to develop similar methods 
for livestock species. These often suffer from inbreeding 
depression due to the accumulation of deleterious variants. 
Removing those variants will increase the overall health of 
populations and will provide breeders with another tool 
which can be used for functional selection. 

 
2. Approach 

 
We built a CADD model for mouse and varied the feature 
subsets used to train the model, simulating the absence of 
certain genomic features for an organism. For this purpose, 
four different feature subsets were generated (Fig. 1). Of the 
original 1063 and 1015 features, for human and mouse 
respectively, models were created with 945 features by 
removing species specific features; 278 feature models by 
removing features which are only defined for coding 
regions; and 55 feature models consisting of sequence 
features only. Differences between the last common ancestor 
sequence and the reference are used as proxy-benign 
variants for training, while proxy deleterious variants are 
simulated on the basis of nucleotide substitution rates 
observed among Primate-/Glire species.  

To evaluate performance, a cross-validation scheme was 
applied. The results of mouse CADD models were compared 
with human based models for different genomic regions 

(Fig. 1). As CADD models are well established in the 
investigation of the human genome, achieving similar 
performances for both species gives confidence for the 
approach in mouse.  
 
3. Results 

 
Cross-validation performance of the mouse model is 
competitive with that of the human CADD model. As in the 
human case, performance varies between genomic regions 
and is best for coding regions. With fewer features, 
performance drops, particularly in coding regions. The 55 
feature sequence only-models (Fig. 1D) perform worst and 
yields almost no differences between genomic regions for 
mouse models.  
 
4. Discussion 

 
Based on our observations, we conclude that CADD 
performance depends on the genomic region in which a 
variant is located, which limits the utility of this score to 
predict deleteriousness on a genome-wide level. 
Nevertheless, deleterious, non-synonymous mutations were 
most often identified. Furthermore, we showed that the 
construction of a successful CADD model depends on only 
relatively few annotations, which are also available for many 
other species. This opens up the possibility to create similar 
deleteriousness scores for other non-human species in future. 
Differences between human and mouse models may be due 
to differences in evolutionary distance between the last 
common ancestors and the alignments used to derive 
substitution rates. The interplay between those needs further 
research. 
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Figure 1: Models are trained on four different feature subsets and evaluated on variants in 7 different genomic regions (Roman numerals). 
Performance is measured in mean squared error over 10 cross validation steps. The pink line indicate a random classifier with uniform distribution. Regions: 
I) whole genome, II) non-transcribed, III) transcribed, IV) transcribed but not translated, V) translated, synonymous, VII) non-synonymous. 
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1. Introduction 
Large e TL studies have mostly been used to 
map the regulatory effects of common SNPs on 
gene expression. However, even with these large 
sample sizes it is difficult to identify e TLs for 
rare variants. To address this we have used 
RNA-sequencing to genotype 3,831 blood 
samples from BIOS, a large Dutch biobank 
consortium, and used this to measure Allele 
Specific Expression (ASE) to assess the effects 
of rare, pathogenic and high impact variants on 
allelic imbalance.  
 
2. Methods  
Using whole-blood derived RNA-seq data 
genotypes were called with AT 1 and 
validated using a subset of whole genome 
sequenced samples from the enome of the 
Netherlands project. After phasing of the 
genotypes phASER2 was used to count 
haplotypes for all genes where samples had at 
least one heterozygous variant. Within genes 
where for at least a hundred samples haplotypic 
counts could be measured we tested for outlier 
ASE by binomial test. Per sample genes with 
p-value  0.001 where selected as genes that 
show allelic imbalance. Subsequently all variants 
were annotated with information such as allele 
frequencies, functional and clinical impact.  
 
3. Results 
For the genes where at least one sample shows 
allelic imbalance we find that there is an 
enrichment of rare variants (MAF 0.1 ) within 
the ASE genes (p 2.4✕10-41) as well as known 
pathogenic variants (p 4.8✕10-107). When 
looking at high impact variants we observe that 
mendelian disease genes show stronger ASE 
effects in the case of stop gained mutations 
(p 1.8✕10 -276). 

 High impact SNPs                                     Low impact SNPs 

 
Figure 1. Percentage of samples with a high impact variant 
(a) and MAF matched low impact variants within the same 
genes (b) that show outlier ASE for various disease groups. 
Dotted line is the average over all disease groups.  
 
Carriers of high impact variants within a 
mendelian disease gene show allelic imbalance 
more often than carriers of low impact same 
MAF variants within the same disease genes (9  
and 4  respectively, figure 1,  p 2.7✕10-46 ). 
 
4. Discussion 
The results of this study show that rare variants 
are more likely to have a high impact and cause 
extreme allelic imbalance, underlining the 
importance of investigating allelic imbalance in 
the classification of variants of unknown clinical 
significance. 
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1. Introduction 
 
Single nucleotide polymorphisms (SNPs) from 
genome-wide association studies (GWAS) are challenging to 
interpret in the context of a complex disease. In particular, 
non-coding SNPs, which are the preponderant output of 
GWAS, are not systematically described in detailed analysis 
of biological impact. Investigating the genetic background of 
a complex and common condition like obesity is an essential 
component in the development of personalized approaches 
to treat this condition. 

 
2. Approach 

 
A publicly available GWAS dataset for body mass index 
(BMI; 339,224 individuals) was analyzed using a network 
biology approach by integrating different data types: 
epigenetics, expression quantitative trait loci (eQTLs) and 
biological pathways, to advance the understanding of 
obesity.  

 
 
3. Results 

 
The function of non-coding SNPs was elucidated by using 
epigenetic and eQTL data from adipose tissue, skeletal 
muscle, liver and pancreas. The epigenetic data allowed 
assignment of variants to active chromatin regions, and the 
eQTL data indicated variants that influence gene expression 
in a specific tissue. 
Four tissue-specific genetic reference networks of SNPs 
associated with obesity are presented as an in silico 
overview of the epigenetic activity of BMI non-coding 
variants and their influence on gene expression. 
Relationships between SNPs, genes and pathways are 
represented in those networks, enabling the interpretation of 
the SNP effects at the process level, especially concerning 
non-coding variants typically not so defined. The networks 

are available for further exploration in a web application, 
and they will be shared online for the NDEx network 
community after the publication of the article. 

 
 

4. Discussion 
 

 The genetic reference networks of SNPs associated with 
obesity, as reported in this study, are maps of SNPs, genes 
and pathways that can be used in different ways by different 
stakeholders interested in obesity and personalized 
treatments. Experts in the field of obesity can explore the 
networks to generate novel hypothesis or confirm results 
related to the functional role of BMI SNPs and their possible 
effect on gene regulation by influencing epigenetic marks. 
Moreover, there are several types of other network 
methodologies that perform data integration in GWAS , but 
to the best of our knowledge our analysis is a unique 
example of genetic reference networks that present tissue 
specific interactions regarding the SNPs within active 
chromatin region, SNPs influencing gene expression, and 
biological pathways in obesity. 
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1. Introduction 
 

Immune responses in the general population show a 
remarkable inter-individual variation [1]. Previous studies 
have identified that genetic and non- genetic host factors play 
an important role in this variation of the immune response 
[2,3]. However, a large portion of this variation remains 
unexplained mainly due to the limited statistical power of 
these studies and to the fact that interactions between genetics 
and environment had been largely overlooked. In this study, 
we aim to identify both the genetic and the environment-
dependent genetic effects that are shared across the cytokine 
production upon multiple pathogen stimulations in a large 
population-based cohort.  

 
2. Approach 
 

After the measurement of cytokines (protein level) in 
response to pathogen stimulations in 500 individuals from the 
general population, we firstly grouped cytokines based on 
biological relevance, given whether they are monocyte (IL-β, 
IL-6 and TNF-α) or T-cell (IFN-γ, IL17 and IL22) derived 
cytokines. Secondly, we also grouped these cytokine levels 
depending on the pathogen used in for the stimulation. 
Subsequently, we applied a multi-trait modelling strategy, 
where the biological relevant groups were evaluated at 
genome-wide level using a linear mixed model. 

 
 

3. Results 
 
A total of 6 genome-wide significant cytokine 

quantitative trait loci (cQTLs) were detected, of which 5 
where novel compared to previous analysis [2].  The 5 loci 
shown enrichment for genes implicated in immune response 
pathways and are co-localized with genetic risk factors 
associated to immune-mediated diseases like inflammatory 
bowel disease and psoriasis. When comparing the cQTLs 
from monocyte derived response profiles to those obtained 

from the T-cell derived response profiles we observed that 
these are not shared between these two cell-types, suggesting 
that the genetic basis for cytokine production between 
monocytes and T-cells are genetically independent from each 
other. In addition, several loci were identified to regulate 
cytokine production by interacting with environmental factors 
such as sex. 

 
4. Discussion 

 
Our results show that using an integrative approach 

which combines multiple immune phenotypes can reveal 
novel genomic associations and context-specific cytokine 
QTLs. These results highlight the shared genetic basis of 
cytokine production upon stimulation which contributes to 
inter-individual diversity of the human immune function.  
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1. Introduction 
 

Dilated cardiomyopathy (DCM) is the most frequent 
cause of Heart Failure (HF) and heart transplants in young 
adults and accounts for approximately 30-40% of all heart 
failure cases[1]. DCM is an idiopathic, multifactorial disease, 
with varying phenotypes, even amongst cases of familial 
inheritance. In a broad disease such as DCM, patient 
stratification is vital to ensure the most suitable and effective 
treatment is provided.  

In the scope of this project, we focus on allele specific 
expression (ASE), the imbalance of expression between the 
paternal and maternal allele. ASE provides an additional layer 
of information, which alongside gene expression, cis-eQTLs 
and phenotypic data might unveil a structure for patient 
stratification. 

 
2. Approach 

 
Using the RNA-seq from 37 samples obtained from 

cardiac tissue of DCM patients, aligned to GRCh38, we 
investigate ASE, utilizing GATK’s ASEreadCounter, SNPs 
are identified per sample. The output from ASEreadCounter 
for all samples is then analysed in R. The samples are 
genotyped, and alternate allele dose, and alternate allele ratio 
are calculated. Due to missing SNP between samples, only 
SNPs with 3 or less missing values are used. Minor allele 
frequency is calculated, and a cutoff of (MAF>0.05) is used 
to filter the SNP set. Using MatrixEQTL package, cis-eQTLs 
are identified. Further analysis of allelic imbalance is 
performed, on a per patient level, or on a whole sample size 
level. Finally, we will utilize EAGLE, a novel method to test 
for interactions between genetics and the environment[2]. 

Upon the completion of the RNA-seq analysis whole 
exome sequencing (WES) data for the same patients will be 
used to validate the SNP hits, and confirm whether the SNPs 
cause nonsense mediated decay. 

 
 

3. Results 
 
From our analysis we have identified 160987 unique 

SNPs that are shared between all samples. After filtering our 
results we obtain 5774 SNPs which will be used for eQTL 
analysis. Our eQTL analysis identified 8032 eQTLs, with 
3897 unique SNPs and 5613 unique genes. 

In Figure 1. Allelic imbalance in rs1071646 is shown 
across all samples. Within our allelic imbalance results, there 
is a striking number of SNPs with significant imbalance, 

however, many of these SNPs have not been detected in the 
eQTL analysis.  

 

 
 

Figure 1. Allelic imbalance in rs1071646, many samples 
exhibit extreme imbalance. 

 
 

4. Discussion 
 
The results of our efforts show that allelic imbalance and 

eQTL analysis pick up different aspects of expression 
regulation, as expected. For example for TMP1 the figure 
above suggest there is no linear relationship between allele 
dosage and gene expression, meaning that in an eQTL 
analysis it would not be detected. Additionally, there seems 
to be multiple individuals with very strong imbalance, 
suggesting nonsense mediated decay, but for either allele; this 
suggest the presence of multiple truncating variants. With the 
utilization of WES data, we will be able to potentially identify 
these truncating variants. 
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1. Introduction

Spatiotemporal heterogeneity plays a dominant role in

glioblastoma tumor evolution and can have consequences

for therapy. Distal molecular events are a common result

of stochastic evolution but can also show the occurrence

of independent mutations in the same gene. This points

towards selective pressure that could direct genetic evolu-

tion, hence genetic convergence. We hypothesized that this

converging evolution is driven by its genetic onset-stage,

also seen in real life monozygotic twins that follow a sim-

ilar but independent life path based on their genetic onset-

stage. This process could enforce already existing traits

resulting in linear pathway enhancement (serial evolution)

rather than complementary (parallel or co-evolving) evolu-

tion.

2. Approach

Figure 1: Analysis pipeline for mutation data of whole exome sequencing (WES):

Frequently mutated genes are first selected from data collected using peer-reviewed

journals
1�4

and TCGA dataset. Secondly, we analyzed the co-mutation frequency

of onset mutations and their relation to converging mutations followed by a statistical

analysis.

3. Results

By performing a comprehensive analysis of converging

mutations in glioblastoma from peer-reviewed journals
1�4

as well as from TCGA dataset, we found that converg-

ing mutations indeed frequently have a fixed genetic back-

ground. Tumors with onset mutations in PTEN/INK4A/B

show EGFR converging mutations and tumors with onset

mutations in INK4B/RB1/CDK4 show TP53 converging

mutations. Converging and onset mutations are commonly

found in a complementary fashion and overlap with genes

that are commonly co-mutated in glioblastoma.

Figure 2: Co-mutation frequency across all glioblastoma samples significantly cor-

relate to onset and converging mutations (P-value = 3,678e-5)

4. Conclusion

These observations support a complementary model of

evolution which might guide future progression-prevention

therapies.
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1. Introduction 
Alzheimer’s disease (AD) is a complex trait, to which 
numerous genes and environmental factors contribute. 
However, age is the largest risk factor for AD: the older you 
are, the greater the risk that you will develop AD. 
Furthermore, the life expectancy of AD patients is shorter 
than age-matched individuals without AD. Therefore, we 
hypothesized that genetic variants that were previously 
associated with AD-risk in large GWAS studies might be 
(inversely) associated with longevity with retained cognitive 
health. If true, then a genetic case-control analysis using 
young AD patients as cases and cognitively healthy 
centenarians as controls should lead to larger variant effect 
sizes compared to an analysis when using young AD patients 
as cases and age-matched healthy subjects as controls.  

 
2. Methods 

To test this, we used 1,073 extensively phenotyped AD 
cases with relatively young age at onset as extreme cases 
(66.3±7.9 years), 1,664 population subjects (66.0±6.5 years) 
and 255 cognitively healthy centenarians as extreme controls 
(101.4±1.3 years). We estimated the effect-size of 29 
variants that were previously associated with AD in genome-
wide association studies and compared these with published 
effect sizes. Then, for each of the 29 AD-associated variants, 
we investigated the effect on AD on the one hand, and on 
survival without cognitive decline on the other. For this, we 
estimated the effect sizes in a case-control analysis using 
young AD as cases and population subjects as controls and 
we also estimated the effect sizes of population subjects as 
‘cases’ with centenarians as controls. 

 
3. Results 

Comparing extreme AD cases with centenarian controls 
increased the variant effect-size relative to published effect-
sizes by on average 1.90-fold (SE=0.29, p=9.0x10-4). The 
effect-size increase was largest for the rare high-impact 
TREM2 (R74H) variant (6.5-fold), and significant for the 
variants in/near ECHDC3 (4.6-fold), SLC24A4-RIN3 (4.5-
fold), NME8 (3.8-fold), PLCG2 (3.3-fold), APOE-ε2 (2.2-
fold) and APOE-ε4 (2.0-fold) (Figure 1).  
When we compared the effect on AD risk with the effect on 
survival until extreme ages, we found that 21/29 variants 
were in the expected direction, i.e variants associated with 
an increased AD risk and with a decreased chance to survive 

until extreme ages. For 10 variants, the effect on AD-risk 
was greater than the effect on overall survival (although CI’s 
overlap), including neuroprotective APOE-e2 and the risk 
increasing APOE-e4 alleles. In contrast, 11 variants had 
larger effect on survival than on AD risk, and specifically 
the protective PLCG2 rare variant. (Figure 2).  

 
Figure 1: Change in variant effect size of 29 previously published AD-
associated genetic variants when using extreme cases and centenarian 
controls. Dashed line indicates same effect size as published effect sizes. 
Orange bars indicate associations with AD at nominal statistical 
significance (p<0.05). * Significant changes relative to previously reported 
effect sizes. 

 
Figure 2: Differential (absolute) effect on AD risk (y-axis_ and on survival 
without cognitive decline (x-axis) for the 21 genetic variants with a variant 
effect in the expected direction. Some variants have larger effect on AD, i.e 
APOE, while others have a greater effect on survival, i.e PLCG2. 
 
4. Discussion 

Using centenarians as extreme controls in AD case-
controls studies boosts the variant effect-size by on average 
two-fold, allowing the replication of disease-association in 
relatively small samples. Decomposition of the effect sizes 
identifies the APOE alleles as AD-associated, and the 
PLCG2 variant as survival–associated. 
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1. Introduction 
The life-time prevalence of ischemic stroke is 18%. In 
ischemic stroke, blood flow in the brain is blocked. This can 
lead to immediate death or life-long disability. A few 
environmental factors that influence someone’s stroke risk are 
known, but the genetic factors that put someone at risk are not 
yet fully known. Genetics plays a role in ischemic stroke: the 
heritability of the trait is 37.9%. The ischemic stroke subtypes 
have different heritabilities, which leads us to believe they 
should be studied separately. In a previous GWAS in 
ischemic stroke and its subtypes, it was found that most SNP’s 
(single nucleotide polymorphism’s) that associate with 
ischemic stroke associate with only one subtype. However, 
there are still not enough associated SNP’s found to explain 
the heritability of this disease. If we understand the genetic 
risk factors of ischemic stroke, high-risk patients can make 
more informed decisions to change their lifestyle risk factors. 

 
2. Approach 
In order to find genomic locations that associate with the 
subtypes, we need to know the subtype. Three clinical 
subtyping systems have been developed to answer this 
question, but they do not always agree. This can lead to 
problems in a Genome-Wide Association Analysis (GWAS), 
where we want a clear distinction between phenotypes and 
genotypes (Figure 1). If the different subtypes have different 
genotypes and they are analyzed as one group, this leads to a 
less clear distinction between cases and controls and thus to 
less significant associations at causal SNP’s (Figure 2). In 
order to combine the results from the different subtypers 
(TOAST, CCSc, CCSp), we can either use one of them on 
their own or we can use the intersect or the union of all the 
cases for a specific subtype. I have performed GWAS’s for 
these different phenotype definitions, for all subtypes, in the 
SiGN dataset. 

 

 

 

3. Results 
Looking at one of the ischemic stroke subtypes in Figure 3, 
we see that we capture the genetics of the trait to different 
extents for the different phenotype definitions. The highest 
heritability is achieved by the union of all LAA cases. 
However, the union GWAS also has the largest sample size. 
In order to distinguish between the effect of sample size and 
the inherent quality of the label, GWAS’s were run with 10 
random subsets of the union cases (with the same sample size 
as intersect). We see that the SNP-based heritability for this 
phenotype is lower than the original union, and lower than the 
intersect. 
 

 
Figure 3 SNP-based heritability of the different phenotype definitions: 

the 3 subtypers separately and combined in intersect, union and random 
subsets of union (same N as intersect) 

 
4. Discussion 
More subset-analyses need to be run to distinguish between 
sample size and quality of the label. Another analysis that’s 
currently being worked on is an age-of-onset analysis, taking 
into account the large effect of age on ischemic stroke risk. Figure 1 GWAS with clear labels: clear distinction between phenotypes 

and genotypes 

Figure 2 GWAS with unclear labels: blurred distinction between 
phenotypes and genotypes 



Detection of Chromosomal Breakpoints in TC A Copy Number Data 
 

Roel A. las1,2, errit A. Meijer1, Jaap Heringa2, Remond J.A. Fijneman1 and Sanne Abeln2 
1Translational astrointestinal Oncology group, Netherlands Cancer Institute, Amsterdam, The Netherlands 

2Centre for Integrative Bioinformatics, rije Universiteit, Amsterdam, The Netherlands 
E-mail: r.glas@nki.nl / r.a.glas@vu.nl, r.fijneman@nki.nl, s.abeln@vu.nl  

 
1. Introduction 
 

Colorectal cancer is the third most diagnosed and fourth 
most deadly cancer worldwide1. Colorectal cancer patients 
have a poor 5-year survival rate of less than 10% when the 
disease is metastasized, but have a more favorable prognosis 
when diagnosed at early stages, when disease is still 
localized and treatable2. Molecular biomarkers can be used 
for diagnosis, prognosis, prediction and monitoring of 
treatment response, which makes them an important field of 
study. Chromosomal breakpoints are an indication of 
structural variants such as insertions, deletions, 
translocations and inversions. Unlike somatic single 
nucleotide variants, small indels and somatic copy number 
aberrations (SCNA), DNA breakpoints in colorectal cancer 
have been poorly studied as a potential biomarker. Previous 
research on breakpoints resulted in genomic regions that 
were significantly more frequently broken in colorectal 
cancer patients than in healthy people3, indicating that 
chromosomal breakpoints play a role in colorectal cancer.  

This research aims to study the role of structural variants 
in colorectal cancer and their potential use as a molecular 
biomarker.  

 

2. Approach 
 

Chromosomal breakpoint data can be inferred from 
DNA copy number profiles, which can be obtained by 
various experimental techniques, such array-CGH or whole 
genome sequencing. The “The Cancer Genome Atlas” 
database has one of the largest collections of copy number 
profiles, consisting of tumor- and patient-matched normal 
blood-derived SCNA data from around 500 individuals. 
However, this data - obtained by SNP6 arrays - is noisy. 
Segments of small length appear scattered over both the 
tumor and normal profiles, while breaks are called between 
segments that do not differ much in copy number 
measurement (log2ratio). Figure 1 shows examples of these 
events. Detection of true events is challenging, since no 
benchmark is available. The data needs to be denoised 
before a breakpoint analysis can be performed. 

We propose a three-step method to remove as much 
noise as possible from this data while retaining signal. First, 
segments of a size below a given threshold were removed 
from the set. Secondly, only breaks between two adjacent 
segments with a sufficient difference in log2ratio are called 
as true breaks. As a last step germline breaks were removed 
by matching tumor samples with their respective blood-
derived normal sample. In order to determine the segment 
and break size threshold used in the first two steps, the 
distributions of the break sizes and sizes of the smallest 

adjacent segments of all (potential) breaks before filtering 
were analyzed. 

 
Figure 1. A schematic overview of a TC A segmented copy 
number profile. Small segments (a) and segments which differ little 
in copy number (b) are considered likely to be noise. Large 
differences in copy number between large segments (c) are 
considered likely to be true breaks. 

 

3. Results 
 

Two-dimensional histograms were made of all breaks, 
with break size and segment size as features. A clear 
difference could be seen in the distribution of the break 
features between the normal and the tumor data. Relative to 
the normal data, more breaks with a large break size, 
adjacent to large segments were present in the tumor data.  
Thresholds were set in order to filter out breaks seen in the 
normal, while retaining tumor specific breaks. Many of the 
breaks could be associated with a significant change in gene 
expression of the corresponding samples.   

 

4. Discussion 
 

The analysis showed that a difference can be found 
between tumor and normal breakpoints in TCGA segmented 
SNP6 copy number profiles by mapping all potential breaks 
to two features. These differences made it possible to filter 
out breaks in the normal data, while retaining tumor specific 
breakpoints. While much effort went into cleaning the data, 
the lack of a gold standard to validate the denoising method 
remains challenging. However, by investigating the data 
thoroughly, we expect that filtering the data leads to more 
accurate breakpoint calls. This was validated by the 
association of the breakpoints with a change in gene 
expression of the corresponding samples. 
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1. Introduction 
 

Viral genomes comprise a vastly diverse repository of 
genetic information. This diversity is achieved by high 
mutational rates and frequent genome rearrangements 
including horizontal gene transfer. As a result, viruses can 
share regions of high sequence similarity, while at the same 
time encompassing regions of distinct genetic content. This 
phenomenon is known as a mosaicism. Such huge genetic 
diversity poses new challenges and modern network-based 
approaches provide decent opportunities for viral genomes 
classification and analysis. At the same time, these methods 
are less suitable for assessment of the whole-genome 
collinearity of diverse viruses. Investigations of genome 
collinearity has revealed contrasting patterns, where phages 
showed preservation of the order of distantly-related genes 
and/or gene functions, while they demonstrated high 
mosaicism. Recently, the rate of genomic mosaicism was 
proposed to depend on the lifestyle and host of phages, 
where high gene flux always occurred in temperate phages. 
Low gene flux, in contrast, was found in both temperate and 
virulent phages. 

 
2. Results 

 
Here, we explore interrelationships between two 

processes: mosaic reorganisations (gene fluxes, deletions 
and exchange) and preservation of genome collinearity and 
gene order in naturally occurring viruses. We collected a 
relatively unbiased dataset of ~334 thousand viral genomes 
and genome fragments from metagenomes, mostly phages. 
We used gene content to group the sequences into ~24 
thousand clusters, approximately representing different 
taxonomic genera. We identified sets of “core” and 
“accessory” genes for individual clusters and used the core 
genes as anchoring points to assess gene order conservation 
within each group.  

 
3. Discussion 

 
We found conservation of global gene order in many 

groups. On several occasions, it was possible to assess 
conservation of gene order between distantly related clusters 
of phages. To investigate the possibility of gene flux in viral 
genomes with global gene order conservation, we also 
explored the consistency of individual gene phylogenies in 
comparison to the core gene super-alignment phylogeny. 
This revealed cryptic genome reshuffling, that was not 
detected in the gene-content analysis. Together, our results 

reveal gene order conservation across genus-level groups in 
metagenomes, sometimes masking dynamic genome 
evolution at the individual gene level. 
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Prokaryotes condense their DNA into nucleoids without histones, nucleosomes, nuclear membranes, or other 
eukaryotic tools. Instead, physical forces such as macromolecular crowding and DNA supercoiling compact 
bacterial chromosomes, and transertion counteracts compaction. We show the impact of supercoiling and 
transertion on nucleoid compactness by experiment, and combine all relevant physical forces in a quantitative 
model of the system (i.e. the nucleoid inside a bacterial cell). 
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1. Introduction 

    Metabolic engineering has progressed from 
introducing just a few genes into a host organism to 
introducing entire pathways, producing for example 
drugs or biofuels [1]. However, rates and yields are 
often unacceptably low. Some way of tuning these 
pathways to obtain predictable and robust gene 
expression at desired levels is needed. In this project 
we aim to develop a method to do this by generating 
promoter sequences. The final aim is to obtain 
predictable portable promotors, that in a later stage 
can be used in different species, from 
Saccharomyces cerevisiae to Aspergillus niger. 

2. Approach 

    We will utilize an iterative, modular promoter 
design method inspired by [2]. Initially, we use a 
specific core-promoter to study the effect of changes 
to the Upstream Activating Sequence (UAS) in 
Saccharomyces cerevisiae. Subsequently, a variety 
of core-promoters, alongside the UASs we designed 
earlier, will be tested experimentally. To measure 
the effects of these variants we add a very short, 
highly variable barcode in the 5’ UTR that can be 
retrieved from both RNAseq and DNAseq 
experiments such that each promoter variant can be 
linked to expression counts. We will develop a 
machine learning approach to learn to predict 
expression given a DNA sequence (Fig 1); once this 
predictor is available, we will use optimization 
techniques to design DNA sequences yielding 
desired relative levels. To test the orthogonality of 
the design we will also perform tests in the distantly 
related fungus Aspergillus niger. 

3. Results 

    So far, we have created a number of plasmids that 
combine the Tet-on or Tet-off genetic systems [3] 
with two core-promoters to examine their 
expression in two different strains of S. cerevisiae. 
We have designed oligos, that when randomly 

combined, will result in over 10,000 unique UASs. 
The main elements are Transcription Factor Binding 
Sites (TFBS), and variable length spacers between 
the core and the TFBSs.  

 
Figure 1. The machine learning approach in brief: Sequence 
information is fed into machine learning algorithms to learn 
specific patterns and their associated gene expression levels. 

Subsequently, in a design step, single nucleotide mutations are 
applied iteratively to find sequences predicted to induce 

expression at a desired level. 

4. Discussion 

    This approach will allow us to advance our 
general understanding of gene expression in lower 
eukaryotes, whilst simultaneously creating a set of 
portable promoters that can be used in both 
industrial and academic research projects to enable 
fine-tuned pathway engineering. 
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1. Introduction

Inbreeding has been recognised as one of the main driving
forces of extinction in small populations, along with
demographic stochasticity and reduced genetic diversity.
The increased homozygosity observed in inbred popula-
tions may result in redistributed genetic variation within
and between populations, lowered population mean of
fitness-related traits, and higher incidence of homozygous
recessive defects. Inbred populations suffer from the
effects of parental relatedness because matings between
consanguineous cause the inheritance of haplotypes that, if
traced back in time, belong to the same common ancestor
(IBD). Although the inheritance of IBD segments results
in homozygous stretches along the genome, these regions
of homozygosity (ROHs) are expected to not be uniformly
distributed across the genome, but to be more prevalent in
certain regions, ROH islands or hotspots, than others, ROH
deserts or coldspots. The existence of these ROH hotspots
and coldspots can partly be explained by stochasticity in
recombination events across the genome or variation in
the effects of demographic processes that influence genetic
diversity. Moreover, the size and position in the genome
of ROHs are expected to correlate with specific genomic
features, including the recombination rate. Here we used
next-generation sequencing data for an in-depth analysis
of the genomic ROH patterns of 37 traditional Dutch
chicken breeds, comprising large fowls, true bantams, and
bantamised forms, and four living wild species of Gallus.
The distinct demographic and management history of
Dutch chicken breed make them a good model for investi-
gating the effects of demography, and thus inbreeding, in
marginalised populations.

2. Approach

ROHs were inferred in each individual using the sliding
window approach implemented by Bosse et al. (2012).
Although inferring ROHs from sequence data is particlu-
arly challenging, the approach here implemented wants to
overcome the challenges and pitfalls of current tools devel-
oped for SNP arrays, which are not suitable for detecting
ROHs from sequence data. Briefly, we defined an ROH as
a genomic region of at least 10 Kbps where the number of
SNPs per bin (or SNP count) was less than 0.25 the whole-
genome nucleotide diversity, and if at least 10 consecutive
bins showed a total SNP average lower that the total ge-
nomic average. Local assembly or alignment errors were

avoided by relaxing the threshold for individual bins within
a candidate homozygous stretch. Recombination rate was
calculated from the chicken linkage map and averaged over
all markers in each ROH.

3. Results

We found an average of 280.8 (± 87.78) ROHs/genome,
with an average size of 1359.80 (± 584.3) Kbps and an av-
erage total size of 372.73 Mbps (± 139.27). Average ROH
size and average number of ROHs in the genome did not
significantly differ in the 4 groups comprising the tradi-
tional breeds, compared to the wild types, which showed
a more heterogenenous ROH profile, along with higher
average ROH size (2360 Kbps) and lower ROHs number
(63.75). At population level, we observed remarkable dif-
ferences between breeds and between in-situ and gene bank
collections. Samples from the gene bank showed an over-
all lower number of ROHs compared to the relative in-situ
populations, though the total length and average ROH size
differed with the breed. The Eikenburger bantam was the
most inbred breed in our dataset. In fact, although the
total number of ROHs in the genome was relatively low,
homozygous stretches were predominately medium-long,
leading to roughly 600 Mbps of genome covered by ROHs.
Recombination rate averaged per chromsome across all
populations strongly correlated with the ROH size (-0.84,
p-value 1.697-e08).

4. Discussion

We studied the influence of demography and recombina-
tion on the genomic homozygosity in order to better under-
stand the effects of inbreeding. Size and number of ROHs
were in agreement with the population demographic his-
tory reported in our previous study, confirming the impact
of bottlenecks, genetic drift, and consanguineous matings
on the genomic ROH profile. Moreover, we showed that
both demography and recombination play a major role in
determing the ROH landscape. Our findings show that the
approach here used to detect ROHs from whole-genome se-
quence data can easly be applied to other livestock species,
thus exceeding species boundaries. Moreover, compared
to current SNP array tools, ROHs of different lengths were
equally detected, thus providing a better and complete pic-
ture of the past and current demographic history of popula-
tions.



References
1. Curik I, Ferenakovi M, Slkner J. Inbreeding and runs of homozy-

gosity: a possible solution to an old problem. Livestock Sci-
ence(166): 26-34, 2014.

2. Bosse M, Megens HJ, Madsen O, Paudel Y, Frantz LA, Schook
LB, Groenen, et al. Regions of homozygosity in the porcine
genome: consequence of demography and the recombination land-
scape. PLoS genetics, 8(11), e1003100, 2012.

3. Bortoluzzi C, Crooijmans RP, Bosse M, Hiemstra SJ, Groenen MA,
Megens HJ. The effects of recent changes in breeding preferences
on maintaining traditional Dutch chicken genomic diversity. Hered-
ity, 2018.

4. Kardos M, kesson M, Fountain T, Flagstad , Liberg O, Olason P,
et al. Genomic consequences of intensive inbreeding in an isolated
wolf population. Nature ecology & evolution, 2(1), 124, 2018.

2



DeepSV: Somatic Structural Variant Detection with Deep Learning 

Santuari L1, Georgievska S2, Shneider C, Kuzniar A2, Schaefers T1, Kloosterman W1 and de Ridder J1 
1Center for Molecular Medicine, University Medical Center Utrecht, 

Universiteitsweg 100, 3584 CG Utrecht, The Netherlands 
2Netherlands eScience Center, Science Park 140, 1012 WX Amsterdam ,The Netherlands 

E-mail: L.Santuari@umcutrecht.nl, s.georgievska@esciencecenter.nl, J.deRidder-4@umcutrecht.nl 
 

 
1. Introduction 
 

Every year, cancer kills millions of people in the world, 
with millions of new cases reported [1]. The advent of deep 
sequencing technologies has enabled genome-wide 
identification of cancer-associated mutations at an 
unprecedented resolution. This information is essential to 
increase our understanding of tumor development and design 
more efficient therapeutic strategies [2]. However, while 
changes of few nucleotides are relatively straightforward to 
identify, larger structural variants (SV, such as deletions, 
insertions, inversions and other rearrangements) remain 
challenging to discover due to limited sequence length and the 
intrinsic complexity of SV events [3]. Available tools for SV 
detection consider only part of the signal [4], offer poor 
consensus among results and are computationally expensive 
to run, hindering the adoption of such methods in clinical 
studies. To overcome these issues, here we present DeepSV, 
a tool that leverage the power of Deep Learning architectures 
to detect somatic structural variants in cancer genomes. 

 
2. Approach 

 
In a typical study, a DNA sample from a cancer tissue 
(Tumor) is compared with DNA derived from a healthy tissue 
(Normal), DNA extraction is followed by Illumina 
sequencing and read mapping onto the human reference 
genome. Multiple signals can serve to identify SVs, such as 
read coverage, discordant read orientation and distance, and 
clipped reads (truncated reads mapped across SV 
breakpoints).  The general idea behind DeepSV is that 
patterns relevant to the presence of somatic SVs can be 
extracted from the alignment data through a conversion into 
‘channels’, i.e. one-dimensional signal representations. 
Clipped read positions are selected as candidate regions for 
further inspection. Multiple channels in the region 
surrounding a candidate position (window)  for the Tumor and 
Normal samples form the data matrix that is the input of a 
Convolutional Neural Network (CNN). The CNN model is 
trained on artificially generated data and is used to classify 
SV breakpoints as being either endpoints of deletions, 
insertions or other SV types. 

 
3. Results 

 
As a proof of concept, DeepSV was trained using a 

dataset of 10,000 artificially generated SVs (50% deletions 
and 50% insertions), introduced in chr17 of the human 

reference genome. Clipped read positions occurring within a 
50 bp interval centered on breakpoint junctions were 
considered for training.  The tool achieved a test accuracy of 
99,7% for the best model. 

In the next phase, we plan to test DeepSV on a 
Tumor/Normal pair of the metastatic melanoma cell line 
COLO829 provided by the Hartwig Medical Foundation.    

 

 
 

Figure 1. The channel data for a somatic variant in the artificially 
generated Tumor/Normal sample pair using a 200 bp window (x-
axis). Channels are displayed along the y-axis as follows. From top 
to bottom, for the Tumor sample: read coverage, left and right 
clipped reads, sum of paired-end distances for clipped reads mapped 
first in the forward and then in the reverse direction, sum of split read 
distances for left and right split reads. Channels for the Normal 
sample (dashed lines) are in similar order.  

 
4. Discussion 
 
DeepSV represents, to our knowledge, the first application of 
Deep Learning to SV detection and has the potential to reduce 
the computational requirements for processing large datasets 
of cancer samples, while maintaining high accuracy. 
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1. Introduction 
 

Mapping short reads generated by next-generation 
sequencing (NGS) technologies to a reference genome is now 
a common practice in many genomic analyses. Using a single 
genome is fast, but comes with certain limitations. As a 
reference genome is a haploid representation of the genome 
of a species, simply ignoring ploidy and variation in the 
population, the mapping is always biased towards the 
reference alleles. This prevents the detection of variants in 
highly polymorphic regions, which are potentially important 
to some applications for example in disease diagnostics. In 
addition, unmapped reads are often discarded. 

Since the advent of high-throughput NGS technologies, 
the number of available genomes has been growing rapidly, 
and many species of interest are now represented by multiple 
genomes. To capitalize on the abundance of genomes and to 
relieve the reference bias, there is a need for tools which allow 
read mapping against a collection of genomes, usually called 
a pan-genome.     

 
2. Approach 

 
We developed a package for computational pan-

genomics analysis, called PanTools [1]. PanTools integrates 
nucleotide sequence, annotated features and protein space [2] 
of multiple genomes in a graph database. In this pan-genome, 
we condense multiple genomes in a generalized de Bruijn 
(GDB) graph.  

Recently, we have equipped PanTools with new 
functionality for mapping single/paired-end Illumina reads on 
all constituent genomes simultaneously. To map a read, we 
look up its non-overlapping k-mers in the index built up 
during the construction of the GDB graph. The k-mer index 
links each k-mer to the node of the graph it occurs in. Looking 
at the offset of the k-mer in this node and the genomic 
coordinates of the genomes passing through that node (circled 
in Figure 1), we determine the genomic positions where the 
read should be locally aligned. 

 
3. Results 

 
We compared the performance of PanTools to another 

hash-based mapper NextGenMap [3] and two popular 
Burrow-Wheeler transform based methods, BWA-mem [4] 
and Bowtie2 [5], using simulated reads. Our results 
demonstrate that PanTools is as accurate as the most accurate 
tool, BWA-mem, and as efficient as the fastest one, 
NextGenMap, among these state-of-the-art read mappers.  
 

 

 
Figure 1. Illustration of anchoring reads to genomic 

positions. The 2-mer AC is located at offset 1 of the forward 
strand of node 56, which occurs in genomes 1, 2 and 3 at 

positions 8, 12 and 4, respectively. 
 

4. Discussion 
 
We need to transition from single-reference to multi-

genome approaches to incorporate the known genomic 
variation within a (group of) species. Our multi-genome read 
mapper reduces the number of unmapped reads, which helps 
to improve the variant calling process and enables population-
scale genotyping in PanTools. In the experiments, the 
sensitivity of our approach was robust to higher error rates, 
and was higher for longer reads, which is a promising fact for 
extending its applicability to other sequencing technologies. 
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Pangenomic applications in plants and pathogens 
Eef Jonkheer  

Wageningen University  

Next-generation sequencing has resulted in the availability of many, sometimes hundreds or thousands, of high-quality 
genome assemblies for a single species. Therefore the use of a single reference genome per species is becoming 
inadequate. To analyze multiple genomes simultaneously we released PanTools, a platform for pangenomic analysis. 
PanTools uses a localized de Bruijn graph as a pangenome representation and stores the data in a Neo4j graph database. 
By including annotations we can easily traverse the graph and address biological questions. Homology can be detected 
in a fraction of the time compared to popular methods such as Orthofinder. In addition PanTools allows linking 
metadata associated with the genomes to identify communalities between genomes that share a phenotype or other 
feature.  

Here we present the added value of PanTools in the analysis of genome content and organization, ranging from bacteria 
to plants. For bacterial data, our platform may serve as a reliable diagnostic assay for identification of relevant genomic 
regions within pathogens. As the pangenomes can be updated, the inclusion of a new pathogen strain will quickly 
enable identification of shared and unique regions that can be used for track and trace purposes. To demonstrate that 
PanTools scales well to more complex datasets, we constructed pangenomes for major crops such as rice, tomato and 
maize. For marker-assisted selection and breeding it is essential to detect variation in specific gene clusters or regions 
surrounding molecular markers. PanTools facilitates direct identification and extraction of homologous regions from 
all other genomes followed by the collection of relevant variants. Finally, included metadata can be associated to 
specific variants.  

Our work contributes to the paradigm shift from reference-centric to pangenomic approaches. We demonstrate that 
pangenomics is a valid bioinformatics approach for storing, retrieving, and querying thousands of genomes efficiently. 
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1. Introduction

Optical map (OM) technology is yielding improved genome

sequence assemblies by Bionano Genomics’s (BNG) Irys in-

strument [1]. Irys platform is packed with nano-channels for

DNA and records the fluorescent DNA backbone and single

specificity restriction sites along it (Figure 1A). Despite the

high quality raw data obtained from the Irys platform, the OM

assembly by Irys software uses only around 40% of the OM

molecules. Another limitation of Irys platform is the closed

source state of the assembly software.

Our OM tool package OptiTools consists of 3 different

tools. First tool, OptiScan use the raw optical map image data

to extract single molecule optical map data as units of signal.

With this, we show improved molecule quality. Second tool,

OptiMap, is then used to align OM molecules with a digital

signal processing approach. Our last tool, OptiAsm, assem-

bles the aligned OM signals by Overlap-Layaut-Consensus ap-

proach.

2. Materials & Methods

Saccharomyces cerevisiae dataset was used in the current

study. The dataset consists of raw image files directly obtained

from Irys platform. The raw image data includes two sets of

frames; DNA backbone and restriction site signals. An im-

age processing framework was developed to organize different

sample scans, extract and analyze molecule signals.

The framework was used to compare DNA molecule

boundaries from BNG image processing to OptiScan’s. Ex-

tracted signals by OptiScan were stored into a BNG file format

that contains label coordinates along a DNA backbone. These

were used as input into Irys platform’s assembly software and

compared to signals extracted by BNG image processing on

parallel. Quality of resulting assemblies were scored by using

BNG software which maps the assembled OM onto in-silico
digested yeast genome.

OptiMap uses cross-correlation based similarity scores as

a basis of pairwise OM molecule alignment. The alignments

are then used to construct an overlap graph to represent assem-

bly paths. The graph was then processed to remove chimeric

molecules and search for the correct assembly paths. We com-

pared our molecule alignments and assembly results side by

side against BNG platform.

3. Results

Molecules extracted by OptiScan indicated differences in DNA

molecule boundaries between BNG versus. BNX files created

by the data obtained by the project showed improved assembly

in several different ways. The results showed better continu-

ity and resolution with the assembly run provided with project

BNX files. Another subtle difference was found in number of

repeats in a tandem repeat region (Figure 1B).

Figure 1: A. The diagrammatic representation of nanochannel chip image

frames (Left) and, backbone and restriction site label signals extracted from the

same molecule (Right). B. Comparison of restriction maps between OptiScan

and BNG assemblies, aligned on the valid reference map. B.1. Continuity of

OptiScan v.s. BNG assembly. B.2. Difference in tandem repeat length. B.3.
Comparison of resolution between OptiScan v.s. BNG assembly

OptiMap show differences from conventional (BNG Re-

fAligner) optical map molecule alignment by aligning a greater

variety of unique molecules. OptiAsm, making use of Op-

tiMap molecules, correctly assemble the yeast genome. Com-

pared to BNG, our de novo assemblies made use of a higher

number of molecules by also making use of shorter molecules,

delivering an alternative to BNG assembly pipeline.

Figure 2: OptiAsm assemby path for chromosome IV.

4. Discussion

As an open source, extensible framework for OM analysis,

alignment and assembly, OptiTools increases the accessibility

of OM data and offers a foundation for developing novel tools

to address more high-level genomics challenges.
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1. Introduction 
 

Cancer patients typically have many single nucleotide 
variants (SNVs), small insertions and deletions (indels) and 
structural variants (SVs) across their tumor genome. 
Knowledge about which of these variants were causal for 
the disease can potentially assist the detection of tumors of 
future patients at an early stage and facilitate the 
development of more targeted therapies. However, in most 
cases, it is not known by exactly which mechanisms a 
cancer developed.  

Current efforts, including popular tools such as the 
Variant Effect Predictor (VEP)1 and ANNOVAR2, have 
made great progress in identifying causal SNVs and indels 
in both coding and non-coding regions of the genome. 
However, especially for non-coding SVs, such methods are 
lacking. VEP is able to prioritize SVs by their causality, but 
mostly focuses on SVs in coding regions and only considers 
the effect on TF-binding sites and non-coding RNA for SVs 
in non-coding regions. Another method, SVScore3, 
combines the causality scores of individual SNVs within 
the SV region. However, it is debatable how well such 
scores model the actual effect of the SVs.  

In our research, the aim is to develop a method to 
prioritize SVs for their likelihood to be causal for a disease. 
We mainly focus on SVs in non-coding regions and will 
initially apply our method to cancer datasets. However, 
ideally, the method will be generally applicable to any 
disease.   

 
2. Approach and results 

 
 

 
 
Figure 1. The input is a list of SVs for a cancer type 

(one or more patients). In the output, the SVs will be 
ranked by how likely these are causal for that cancer type.  

 

We have set up a pipeline that takes as input a set of 
SVs of a specific cancer type and outputs these SVs ranked 
by their likelihood to be causal (Figure 1).    

As a first step, functional annotations are added to the 
SVs. Currently, these annotations include effects on 3D 
genome interactions (Hi-C), effects on TAD boundaries, 
and the disruption of genes. Using these annotations as 
features, we applied a multiple instance learning classifier 
(MILES) to label SVs as either causal or benign. Our 
training and test dataset contains approximately 70,000 
causal and 70,000 benign SVs, which were collected from 
multiple patients of 14 different cancer types. As of yet, we 
were not able to obtain sufficient performance using the 
described setup.  

 
3. Discussion and future directions 

 
One of the biggest issues in developing prioritization 

methods is that the exact mechanism by which the SVs in 
our dataset caused cancer is unknown. Thus, it is difficult 
to determine beforehand which annotations are necessary to 
develop a model with good performance. We are now 
exploring our SV dataset in more detail to identify 
potentially causal mechanisms. For example, we identified 
cases where in some patients a known causal gene was 
directly disrupted by an SV, but in other patients with the 
same cancer type, the boundary of the TAD neighboring 
this gene was disrupted. Thus, the disruption of this TAD 
boundary may have been an important mechanism to affect 
the causal gene without disrupting the gene itself. Similar 
cases showed up in the data for eQTLs. Using this 
knowledge, our next step will be to define a score that will 
rank SVs by if their effects on our identified disruptive 
cases occur more often in patients than expected by random 
chance.  
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1. Introduction

Comparing genome sequences is traditionally being per-
formed using one genome reference. The disadvantage of
using only one reference is that it does not capture addi-
tional variation from a population. Comparisons can be
improved by combining multiple reference genomes into
a graph [1, 2]. A beneficial application of genome graphs
would be to allow copy number variation (CNV) analysis,
which is used in a wide variety of applications, such as de-
tecting genetic deficiencies in the human genome linked to
diseases. In this work we investigated CNV analysis on
genome graphs using dynamic coverage models.

2. Approach

Given read alignments to a genome graph [2, 3], we try to
fit a mixture model of Gaussian distributions to the distri-
bution of coverages of nodes in the genome graph. This
way, we expect individual distributions in the model to cor-
respond to an integer copy number, indicated by the dis-
tances between the different distributions. By looking at
the corresponding chromosomes of the nodes in the distri-
butions, we can assign the estimated copy numbers to the
chromosomes.

To test our method, we benchmarked with simulated
and real samples of a S. pastorianus yeast genome. These
samples were analyzed against a reference genome graph
based on the alignment of three yeast genomes, S. cere-
visiae, S. eubayanus and S. uvarum. It has been shown
that S. pastorianus has CNV and that it is a hybrid of S.
cerevisiae and S. eubayanus [4]. For the simulated sam-
ple, reads were simulated based on the linear references of
the genomes in the graph using SimSeq [5]. By changing
the number of reads simulated per genome and per chro-
mosome, we controlled the expected copy numbers of the
different chromosomes. For real data, we used a short il-
lumina reads sample of S. pastorianus, of which the copy
numbers have been previously estimated [4]. We aligned
these samples to the graph using the methods described by
CHOP [3], which transforms the graph into a linear space
to enable read alignment into paths to which the reads can
be aligned. The alignments are transformed back to the
graph to obtain node coverages.

3. Results

When looking at the node coverages of the CBS1483 sam-
ple, we see clear Gaussian distributions belonging to the
chromosomes, that are logically spaced when compared to
the expected copy numbers (see Figure 1). Assuming that

Figure 1: Histogram of coverages of unique nodes in the genome
graph for the CBS1483 S. pastorianus sample, separated by chro-
mosome. Some distributions are annotated with their expected
copy number.

our results are not skewed in any way, we can assign rea-
sonable copy numbers to the individual peaks in the plot-
ted mixture model. These numbers agree with the expected
copy numbers for the individual chromosomes.

4. Discussion

Early results from the sample data and benchmarking are
promising. Using the same approach that we use for an-
alyzing chromosome copy number variation, it should be
possible to analyze the copy number variation of genes and
alleles as well. One current challenge is the automation of
determining the relative distances of the Gaussian distribu-
tions and thus the assignment of integer copy numbers.
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1. Introduction 
 

A long standing limitation in comparative genomic 
studies is the dependency on a reference genome, which 
hinders the spectrum of genetic diversity that can be 
identified across a population of organisms [1–3]. This is 
especially true in the microbial world where genome 
architectures can vary significantly [1–3]. There is therefore 
a need for computational methods that can simultaneously 
analyse the architectures of multiple genomes without 
introducing bias from a reference. Here, we present Ptolemy: 
a novel method for studying the diversity of genome 
architectures—such as structural variation and pan-
genomes—across a collection of microbial assemblies 
without the need of a reference. 

 
2. Approach 

 
Loosely speaking, Ptolemy is a “top-down” approach in 

comparing whole genome assemblies: genomes are 
represented as labelled-multi-directed graphs—known as 
quivers—which are then merged into single, canonical 
quiver by identifying “gene anchors” via synteny analysis. 
The canonical quiver therefore represents an approximate, 
structural alignment of all genomes in a given collection 
encoding structural variation across (sub-)populations within 
the collection. The structural variation can then be extracted 
using dynamic maximally-labelled path traversal and 
visualized with available graph visualization software. 

We highlight various applications of Ptolemy by 
analysing pan-genomes and genome architectures of three 
different datasets representing the spectrum of microbial 
genomic diversity: 24 assemblies from the M. tuberculosis 
complex with conserved genomes [1]; 12 assemblies of 
Saccharomyces sensu strictu group which harbour various 
complex structural variants as well as eukaryotic gene 
transfers [2]; and 21 assemblies of Escherichia, and Shigella 
species which harbour many complex structural variations 
with little overlap in their gene content [3].  

 
3. Results 

 
The graphical representation of the alignments of all 

genomes in each dataset—termed the canonical quiver—
reflect not only previously published analyses of the pan-
genomes and genome architectures but also novel insights in 
their genome architectures. Figure 1 shows an overview of 
the pan-genomes derived from the canonical-quiver 

representation for each dataset. As expected, we find that 
genome architectures in the M. tuberculosis dataset are 
generally conserved but do contain structural variation such 
as a sub-population harbouring a large-scale inversion 
(Figure 1 top-left). In the Saccharomyces dataset, we find 
much more structural complexity, particularly in the sub-
telomeric regions (Figure 1 top-right). Finally, we find 
significantly much more structural variation in the 
Escherichia and Shigella genomes (Figure 1 bottom). 
Indeed, ~11% of the gene content is shared across all 
genomes in the dataset. 

 

 
Figure 1. Overview of the pan-genomes and genome 

alignments of three microbial datasets. 
 

 
4. Discussion 

 
Early results show that Ptolemy is a flexible method that 

can systematically identify structural variation across a 
collection of assemblies while providing insights in the 
population structure and pan-genome of the collection—all 
without the need of a reference. Ptolemy tackles long-
standing challenges in comparative genomics including 
independence from a reference genome, characterization of 
complex structural variation as sub-populations, and viability 
in studying both conserved and highly dynamic genomes. 
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1. Introduction 
 

The MERLN Institute at Maastricht University is a 
tissue engineering lab where we develop new techniques to 
help the human body repair damage. A key aspect of our 
research is the development of new biomaterials that 
integrate better with the surrounding tissue. For years 
already, we have been using transcriptomics, a technology 
that generates Big Data, to understand how the body reacts 
to certain biomaterials and how we can improve them. 
However, the generation of such large amounts of data 
required a proper data handling strategy, which was never 
before systematically implemented in our institute. Data were 
scattered, inadequately and inconsistently coded, and 
difficult to compare. This motivated us to develop a 
publically accessible data repository to systematically store 
data while simultaneously making them available to other 
researchers: The Compendium for Biomaterial 
Transcriptomics (cBiT).  

 
2. Approach 

 
The cBiT repository is accessible through a web 

interface and comprises a central warehouse containing data 
from transcriptomics studies. Studies are prepared in ISA-
Tab format and include all relevant study details and data.1 
After archive preparation, data are first imported into the 
institutional DataHub repository (doubling as a back-up),2 
followed by import into cBiT where the data are processed 
and indexed to enable search queries and downloads. Data 
can subsequently be used for data analysis approaches 
directed at developing new and improved biomaterials 
(Figure 1).  

 
3. Results 

 
cBiT was recently launched 

(https://cbit.maastrichtuniversity.nl) and gives users the 
opportunity to search through and download biomaterial-
based transcriptomics data sets. Queries can be initiated 
using free text search or selection menus. Downloads can be 
customized to only include the samples of interest. New 
studies will be added on a regular basis and we are actively 
approaching owners of biomaterial-based transcriptomics 
studies to contribute to cBiT. 

 
 
 

 
 

 
Figure 1. Data in cBiT are archived in a standardized 

way, allowing for efficient data analysis strategies. 
 
cBiT is able to accommodate both microarray and 

RNAseq data and any format of material property 
measurements. So far, cBiT contains 11 microarray-based 
transcriptomics studies, comprising a total of 326 samples 
and covering approximately 25 different biomaterials, 
several cell types (including mesenchymal stem cells and 
MG-63 cells), and two species (mouse and human).  

 
4. Discussion 

 
We present the cBiT repository as a new tool to help 

researchers in finding unique and standardized knowledge on 
the interaction of commonly used biomaterials with different 
cell types and insight into the underlying biological 
responses. We invite other researchers to add their data to 
cBiT, thereby becoming the go-to resource for biomaterial-
associated data. In doing so, we expect to make a major 
contribution to a more efficient development of new and 
better materials that show improved integration in the human 
body. 
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The  intestine  of  an  animal  is  a  complex  system  that

plays an important part in processing environmental stimuli.
These  stimuli  alter  the  functioning  of  the  gut  and  elicit

different responses from the tissue which shows plasticity in
the  functioning  of  the  gut.  In  order  to  understand  the

mechanisms behind these varied reactions of the same tissue
we  performed  a  high  level  data  integration  of  several

microarray  datasets  measured  on  the  gut.  This  high  level
data  integration  was  done  on  the  pathway  level,  wherein

datasets from different experiments were analysed separately
on a pathway level. The results of these individual analyses

combined  to  have  an  overview  of  the  gut  responses  to
different stimulations. 

For  this  analysis  we  selected  gene  expression
microarray  data  from  14  experiments  on  mice  where  the

intestine was sampled. These datasets are publicly available
in  GEO  (Gene  Expression  Omnibus)  and  satisfy  all  our

selection criteria. From the meta-data of the selected datasets
we found that the exposures can be broadly classified into

changes  in  diets,  drug  treatments  and  immune challenges.
Each  dataset  was  analysed  individually,  each  perturbed

condition  compared  against  the  control  condition  in  the
experiment.  We used  a  modified  version  of  the  pathway

analysis  tool  CePa  (CEntrality  based  Pathway  Analysis)
along with the pathways from the Reactome database. 

The results of the high-level integrated pathway analysis
shows that the gut in the three classes of exposures shows

responses  using a common set  of pathways.  This result  is
shown  in  Figure  1  where  the  results  are  classified  into

broader  categories.  We  further  look  into  one  of  these
pathways in detail to understand the functional plasticity of

the gut as it responds to these different classes of exposures.

Figure 1. Overlap of significantly enriched pathways.

Based on these results we designed and executed an in vitro

experiment on intestinal organoids to verify that the pathway
modulation is the result of local changes. We conclude that

the functional plasticity of intestinal mucosal tissue can be
explained, at least partially, by variation in the pathway sets

that  are  regulated  by  different  challenges  and  by  the
induction of intra-pathway specific gene expression patterns.
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1. Introduction 
 

Systemic sclerosis (SSc) is such disease in which 
endothelial cell damage and immune activation 
culminates into fibrosis of skin and internal organs [1]. 
Previously, we had shown that chemokine CXCL4 in 
dendritic cells (DCs) has been shown to be a biomarker in 
early SSc, which suggests a potential role for CXCL4 in 
this disease [2]. We later showed that CXCL4 modulates 
the phenotype and function of DCs [3]. However, how 
CXCL4 exactly modulates DCs response remains unclear. 

 
2. Approach 

 
To investigate the biological role of CXCL4 on DCs, 

we isolated monocytes from 5 healthy donors and 
differentiated them to monocyte-derived dendritic cells 
(moDCs) co-culturing with or without CXCL4 for 6 days 
and then stimulated with a TLR3 ligand (polyI:C). 
Transcriptomic sequencing and DNA methylome 
profiling was performed for 65 samples tracking the 
differentiation and stimulation trajectories of moDCs with 
and without CXCL4. 

 
3. Results 

 
We found that CXCL4 caused massive alterations in 

the transcriptome and epigenome, and led to 
dysregulation of several critical dendritic cell pathways 
like antigen presentation, interferon signaling, and 
cytokine production during both differentiation and 
stimulation of moDCs. Furthermore, CXCL4 imprinted 
the epigenome of moDCs during their differentiation that 
induced pro-inflammatory phenotype of moDC after TLR 
mediated stimulation.  

We integrated transcriptomics and epigenomics data 
using graph theoretical approaches and found that CXCL4 
dysregulates multiple transcriptional regulators. We 
further performed gene regulatory network analysis using 
three different methods namely, data-driven co-expression 
network, literature based transcription factor-target 
network, and machine learning. Using gene regulatory 
network analysis, we found that CXCL4 dysregulates key 

transcriptional regulators like CIITA, IRF8, and TLE1 
(Figure 1). Interestingly, we found that this dysregulation 
induced a novel function in dendritic cells namely, 
production of extracellular matrix proteins. We confirmed 
the bioinformatics results by knocking down CIITA in 
moDCs, and found that this mimicked the effect of 
CXCL4 on moDCs. 

 
Figure 1. Transcriptional regulators network. 

 
4. Conclusions 

 
Altogether, by integrating transcriptomics and 

epigenomics data, here we show a unique role of CXCL4 
in directly driving fibrosis by transcriptomic and 
epigenomic imprinting of DCs thereby highlighting the 
key role of CXCL4 in inflammatory and fibrotic 
conditions. 
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1. Introduction

Earth’s diurnal cycle, which result in an alternate of day
and night, forced photosynthetic organisms to optimize
their light usage efficiency by scheduling their cellular
processes. Throughout the day, light energy is partially
stored as carbohydrates such as starch. A previous study of
growth, cell division and energy storage in the microalga
Tetradesmus obliquus established that starch is used as a
transitory energy storage (TES) [1]. This study showed that
the diurnal cycle improved energy conversion efficiency in
comparison to continuous light. A starchless mutant was
shown to have reduced energy conversion efficiency and it
was also concluded that triacylglycerides did not take over
the role of starch as TES. While the biochemical analysis
allowed us to draw some useful conclusions, we still do not
know how the different processes are regulated over the di-
urnal cycle. Furthermore, while the lack of starch had an
impact on efficiency, we were not able to identify a poten-
tial substitute as TES.

To understand the regulation of such complex process
we extensively characterized transcriptional adaptations of
T. obliquus to varying light regimes.

2. Approach

The previously published draft genome of T. obliquus [2]
was functionally annotated using Braker1, InterproScan5
and EnzDP. RNA was extracted every hour from cultures of
wild type (WT) T. obliquus with 16h of light followed by
8h of dark. Additionally, samples of a starch-less mutant
(MT) were extracted every three hours. A total of 72 sam-
ples were sequenced. We performed a time profile based
data analysis to characterize the internal phenotypes asso-
ciated with changes in gene transcription. The internal phe-
notypes can help to explain the measured external pheno-
types.

3. Results

Transcription follows a circular pattern over two major
components that represent time (figure 1). Those two com-
ponents explain 78% of the variation in expression (87%
for WT only). Distinct phases can be identified that corre-
late to different moments of the 24h cycle.

Out of the 21493 transcripts annotated in T. obliquus,
4686 displayed a consistent time profile. These were clus-
tered in 6 groups using the WT samples. These time profile

clusters indicate a clear succession of metabolic process
associated with macromolecule biosynthesis: fatty acids,
proteins, pigments, DNA, starch. The timing of these
events corresponds to the measured changes in external
phenotypes: cell growth, energy accumulation, and cell di-
vision. The MT samples also showed whole transcriptional
adaptation to varying light. However, there was a distinct
difference in the temporal distribution of the phases. The
most prominent difference was the absence of starch accu-
mulation phase.
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Figure 1: PCA of time point samples. The numbers repre-
sent the time point samples, red are the WT samples, black
are the MT samples. The background colors refer to the
identified six time phases.

4. Discussion

The presented whole transcriptome analysis has helped to
gain understanding on the molecular mechanisms underly-
ing the diurnal cycle of T. obliquus and the role of starch.
Detailed inspection of the time profiles of genes annotated
to metabolic pathways will allow the identification of po-
tential TES substitute to starch.
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1. Introduction 
 

Extreme psychological stress exposure, as often 
experienced during combat situations, can result in the 
development of post-traumatic stress disorder (PTSD). 
Currently, little is known about the mechanisms underlying 
PTSD. Identifying pathways involved in PTSD development 
can determine potential mechanisms, contributing factors and 
biomarkers, enabling therapeutic opportunities and 
identification of individuals susceptible to developing PTSD. 
 
2. Approach 

 
Based on our preliminary findings from longitudinal data 

on military servicemen (n=93), three similarly sized groups 
were selected based on their level of traumatic stress exposure 
and presence of PTSD symptoms. Blood samples collected 
before and six months after deployment were analysed for 
epigenome-wide association studies (EWAS, published)(1), 
miRNA abundance, metabolomics, and proteomics. We used 
R scripts and bioinformatics tools to process data and perform 
integrative analysis and visualisation (figure 1). 

 

 
Figure 1. Multi-omics approach to identify changes in 

regulatory pathways and networks in PTSD 
 
 

 

3. Results 
 
Multi-omics data can be combined in many ways, more 

or less guided by existing biological knowledge. Genes 
regulated by the highest number of changed miRNAs were 
identified and compared to those affected by methylation 
changes. Also, pathway and gene ontology analyses were run 
and results compared between omics to identify processes of 
interest and jointly visualise the changes. Finally, networks 
were generated based on changed genes and information from 
databases on interactions, regulation and targets. 
 
4. Discussion 

 
Integrative methods were developed and core genes and 

processes potentially related to PTSD identified based on 
multiple omics data. PTSD pathways were visualised and 
interpreted in the context of known involvement. Using a 
data-driven approach, this study is hypothesis-generating 
with respect to identifying candidates for targeted research. 
Gene expression is a key data layer still lacking from this 
study. Transcriptomics analysis is planned and will enrich and 
help interpret the tables, pathways and networks generated 
from this study. Eventually, we hope to support identification 
of predictive biomarkers and therapeutic targets. 
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1. Introduction 
 

Stress is a complex phenotype determined by genetic and 
environmental factors. In this study the main focus is to 
investigate genetic regulation in relation to stress. RNA-seq, 
methylation, and miRNA datasets based on a chronic social 
defeat (CSDS) mouse model were analysed to gain more 
understanding of stress mechanisms. Multi-omics integrative 
approaches were used to strengthen conclusions. 

 
2. Approach 

 
Datasets were available from genetically identical mice 

which underwent a CSDS experiment. Young mice were 
socially defeated by older aggressor mice and classified into 
three groups; control, susceptible and resilient. RNA-seq data 
was measured in brain regions and processed by our 
collaborators in New York.[1] Methylation and miRNA 
datasets were obtained from blood and processed in the 
current project using MethylKit and DESeq2 R packages, 
respectively. Both regulatory layers were connected to their 
target genes. Statistical integration was done by retrieving 
genes that reached significance in all of the datasets. 
Biological integration was performed by focusing on specific 
affected biological processes in a network approach. 

 
3. Results 

 
Significant changes were determined in each of the omics 

datasets individually as well as the genes targeted by most 
miRNAs overall. Statistical integration identified potentially 
important genes, both known to be related to stress and novel 
candidates, as seen in figure 1. For the network 
approach, ’intracellular signal transduction process’ (RNA-
seq), ’cellular response to stress’ (methylation) and ’response 
to stimulus’ (miRNA) were included as affected processes of 
interest. Hub genes, essential for the connectivity of the 
networks were identified.   

 
 
 
 
 

Figure 1. Integrated network based on statistical results 
of methylation, miRNA and RNA-seq datasets. 

 
4. Discussion 

 
Core target genes – known and novel – were identified to 

guide further investigation of the exact mechanism how 
genetic regulation determines gene expression in CSDS, e.g. 
by functional testing. These include Ywhae, Shank3, and 
Grin2b. Follow-up steps will be the incorporation of recently 
generated proteomics and metabolomics data, and additional 
analysis of the interplay of regulatory mechanisms. 
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1. Introduction
Predicting patient response to particular therapies is a crit-

ical clinical question. A number of biomarkers are al-

ready used to tailor therapies. Large-scale drug screens

performed on cell lines are a powerful way to hunt for these

biomarkers. Nevertheless, cell lines do show large differ-

ences compared to tumors and a predictor of drug response

trained on cell line transcriptomics data will not necessarily

generalize to tumors without performing a proper mapping

between the cell line and tumor molecular domains.

We use domain adaptation to perform this mapping by find-

ing common features between the two domains.

2. Approach
Notations: .CL and .T subscripts refer to cell lines and tu-

mors respectively. X 2 Rn⇥p
denotes the centered data

matrix with p the number of genes (features) and n the

number of samples. P 2 Rd⇥p
denotes the principal com-

ponents, with d the number of principal components. The

same number of principal components are computed for

cell lines and tumors.

We use the subspaces spanned by the principal directions to

map the molecular domains. This method, called Subspace

Adaptation, uses the cosines similarity matrix defined by

M = PCLPT
T. M measures the similarity between the

two subspaces. Tumor data and cell line data are projected

into their own subspaces. MT
is then used to linearly map

tumor data points into the cell line space. A regression

model trained on the projected cell line points can then di-

rectly be applied to the tumor linearly transformed points.

3. Results
All the experiments have been performed using the

GDSC1000 panel for cell lines and TCGA for tumor data.

We employed RNAseq data from both sources. We focus

here on breast cancer, but the methodology can be general-

ized to other cancer types.

A regression model was trained on the cell lines, and per-

formance was quantified by pearson correlation. Our goal

is to maintain the same level of performance on the tumors.

The similarity between the principal components of the cell

lines and tumors is represented by the matrix M. Absolute

values are shown since only the direction of the principal

components is relevant. If the components in both spaces

were exactly aligned, the M matrix would show large val-

ues on the diagonal. Instead the heatmap (Figure 1, left)

shows that the similarity between some off-diagonal com-

ponents is quite high, particularly for the first 4 principal

components of the cell lines that show large similarity with

some of the top 13 components derived from the tumors.

It suggests that principal components share common fea-

tures but require a proper mapping, hence the Subspace

Figure 1: Matrix M (in absolute value) (left). Tumor
variance explained by first directions (right). Breast tu-

mor and cell lines.

Figure 2: Predicted drug response for breast cancer
against known biomarkers. Lapatinib response is tested

against ERBB2 copy number variations (left) and Vinorel-

bine is tested against ERLIN2 (right).

Alignment methodology introduced. This is confirmed by

the variance explained. Specifically, the tumor data is pro-

jected into PCL and PT and variance along each direction

is computed (Figure 1, right). Around 30% of the tumor

signal is explained by cell lines.

Figure 2 shows that the transferred prediction model recov-

ers the known Lapatinib sensitivity in cell lines that show

high copy number gains of ERBB2, the target of Lapatinib.

Similarly, Vinorelbine resistance is high in lines showing

high copy number values of ERLIN2.

4. Conclusion
We show that by using a linear transformation between

principal components derived from cell line and tumor

data, models trained on cell line data can be transformed

into meaningful prediction models on tumor data.

We have evaluated the drug response prediction in tumors

by comparing the predicted stratification against known

biomarkers.

Finally, this methodology uses PCA and looks for retaining

variance only. Other studies argued that information might

be present in higher order moments: using linear methods

such as ICA might help capturing this information.
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1. Introduction

There is great hope in the scientific community that
multi-level omics approaches, including transcriptomics and
metabolomics, will increase our understanding of physiolog-
ical processes behind diseases and provide new avenues into
patient management and treatment. For example, transcript
and metabolite bio-signatures or biomarkers in blood can be
correlated with disease severity or progression. Develop-
ment of integrated approaches for data analysis and inter-
pretation linking transcript and metabolite bio-signatures to
clinical phenotypes is desperately needed.

We developed a semantic approach to functionally and
statistically link transcriptomics and metabolomics data
through annotations from a generic biomedical knowledge
graph. The advantage of this approach is that the results
should be intuitive because they are based on functional in-
formation.

The functional annotations are obtained using concept
profile analysis, a vector-space based method [1]. Concept
profile analysis predicts the degree of association between
two semantic concepts based on their shared associations; as
a result, annotations are predicted for entities with little in-
formation available. Previously, concept profiles based on
the literature co-occurrence of semantic concepts have been
used to interpret data from biological experiments. In this
study we based the concept profiles on data from Euretos
(http://www.euretos.com), a generic biomedical knowledge
graph combining data text-mined from the literature with
200 public databases. For this reason, the viability of Euretos
as source for concept profile analysis is also investigated.

2. Approach

To investigate the value of the method for linking transcrip-
tomics and metabolomics data, we analysed a longitudinal
transcriptomics and metabolomics dataset from dystrophin-
deficient mdx, mdx/utrn+/- and wild type mice. The study
included 5 time points. Mice were fasted before samples
collection of blood, which was performed at sacrifice. Blood
samples were collected at all time points. Plasma was col-
lected at all time points to measure metabolites and lipids,
and full blood was collected in RNA-preserving tubes for
RNA-seq. The metabolome and lipidome were measured us-
ing Liquid chromatographymass spectrometry. The blood
transcriptome was measured using paired-end 125bp Illu-
mina sequencing. Weighted correlation network analysis
(WGCNA) was applied using the WGCNA package [2].
WGCNA forms a network of genes or metabolites based on
co-expression, from which clusters are extracted.

Each cluster is annotated with Gene Ontology terms using
concept profile analysis. The number of overlapping anno-
tations for pairs of clusters from differnet -omics were com-
pared against a large number of permutations in order to test
for significance. Clusters with a significant number of over-
lapping annotations are predicted to be associated with each
other.

Because the direct connections used to make concept

profiles are obtained from Euretos instead of literature
co-occurrence, the annotations were benchmarked against
the Gene Ontology Annotation (GOA) Database and the
Chemical-GO enriched associations from the Comparative
Toxicogenomics Database. AUC scores for ROC curves
were calculated for both gene and metabolite annotations.

3. Results

Annotation of the resulting clusters from the WGCNA anal-
ysis showed that a few annotation concepts that are highly
connected in Euretos dominated the top of the list of annota-
tions for many clusters. These annotations include terms like
protein binding, cell proliferation and apoptosis. There was
not enough distinction between the clusters of one -omic to
find significant correlations between the different -omics.

The annotations were benchmarked and compared to an
earlier benchmark [3]. In the earlier benchmark, different
weighting methods were used to determine the importance of
a concept in relation to the main concept. The uncertainty co-
efficient performed the best when benchmarked against the
GOA with an AUC score of 0.89, correct annotations have a
89% chance to rank higher than incorrect annotations. With
the Euretos based concept profiles, benchmarking of genes
against GOA showed that the gene annotation performed
well with a AUC score of 0.85. The chemical annotation
performed less well with an AUC score of 0.55.

4. Discussion

The AUC score of the gene annotation shows that Euretos
is a viable source for concept profiles as a replacement for
literature co-occurrence. In spite of the relatively high AUC
score, the lists of annotations showed a bias towards con-
cepts that are highly connected in Euretos. This bias is likely
caused by the use of the Jaccard index for weighting. While
other methods for weighting calculate the dependency of the
occurrence of two concepts in the literature, the Jaccard in-
dex calculates the overlap between the sets of neighbours of
two concepts in Euretos. The Jaccard index showed a bias
towards highly connected concepts in a random network.

Finding a solution for the bias towards annotations that
are highly corrected in Euretos will be the next step. Po-
tential solutions include investigating the algorithms chosen
for concept profile analysis and removing concepts based on
their connectivity in Euretos. Solving this problem would al-
low for a semantic and intuitive way to interpret multi-omics
data sets.
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1. Introduction 
In clinical trials animal and cell line models are often used to 
evaluate the toxicity of a novel or existent chemical. 
However, relating the results of animal and in vitro model 
exposures to the human in vivo state presents a challenge. 
The repeated dose rat bioassay has been shown to lack 
sufficient sensitivity and specificity in terms of predicting 
toxic effects of pharmaceuticals in humans [1]. In addition,in 
in vitro  models there is an absence of interplay with other 
tissues. In this study we propose to make use of deep 
learning techniques to predict time series of human in vitro 
gene expression from rat in vitro gene expression following 
an exposure to several compounds. We will also apply the 
developed method to relate in vivo gene expression to in 
vitro expression following an exposure.  
 
2. Materials & Methods 
The TG-GATES data set is a toxicogenomics database 
containing gene expression profiles from in vivo rat and in 
vitro primary rat and human hepatocytes following exposure 
to 170 compounds at multiple time points and dosages (low, 
medium, and high) as well as traditional toxicological data 
[2]. For this study we use a subset of 47 compounds for 
which all time points and dosages are available for all three 
domains. (rat in vivo, human in vitro, and rat in vitro). 
Making use of replicates and controls, 754 learning 
examples can be generated, of which 75% are used for 
training and the remaining 25% reserved for testing. Given 
the relatively limited number of learning examples we 
identified a subset of 50 genes selected to allow 
classification of compounds based on toxicity.  
 
3. Results 
Multiple network architectures were utilised and compared 
including convolutional neural networks and capsule 
networks [3]. Following optimisation of the auto-encoder 
network structure, numbers of nodes and layers, the 
combination of the rat and human auto-encoders showed 
improved predictive ability of human in vitro gene 
expression from rat in vitro when compared to alternative 
methods such as k-nearest neighbours.  

Unsupervised domain adaptation has also been employed to 
predict human in vivo gene expression for which we 
currently have no data[4]. 
 

 
Figure 1: Diagrammatic representation of workflow using 
artificial neural networks to predict time series of human in vitro 
gene expression from time series of rat in vitro gene expression. 
 
4. Conclusion 
Our study evaluates the ability of artificial neural networks to 
predict separately both human in vitro and rat in vivo gene 
expression following exposure to a compound given gene 
expression of exposed primary rat hepatocytes in culture. In 
future work we aim to utilise our models to predict human in 
vivo gene expression, permitting the evaluation of toxicity of 
a compound on predicted human in vivo gene expression 
rather than the direct inference of toxicity from exposure to 
an animal or cell line model. In addition, cursory exploration 
of the latent spaces generated by these neural networks also 
suggest a promising new method for the classification of 
compounds by toxicity.  
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1. Introduction 
 

Pancreatic ductal adenocarcinoma (PDA) is usually 
diagnosed at an advanced stage and is resistant to targeted 
therapies. It is difficult to accurately predict clinical outcome 
since the cancer genome is neither simple nor independent but 
rather complicated and dysregulated by multiple levels of the 
biological system through genome, epigenome, 
transcriptome, proteome, metabolome and interactome.  

Recent network analysis has emerged as promising 
strategy that takes into account both key genes/proteins and 
their relationships in specific modules. Detailed and complete 
information on the structure and dynamics of these networks 
is required to better understand fundamental mechanisms of 
cellular processes and diseases. 
 

 
 
Figure 1. Study design. Cell lines, PDX models and 

clinical samples are combined together in each –omics data. 
WGCNA is performed to get modules in each group that will 
be compared between the omics data. 

 
2. Approach 

 
Phospho(proteomics) and transcriptomics data have been 

profiled for clinical samples, primary cell lines, ATCC cell 
lines and PDX models. We prioritize the target candidates 

through weighted gene co-expression network analysis 
(WGCNA)1 on (phospho)proteomics and transcriptomics 
data. WGCNA is based on the concept of a scale-free 
network. Metabolic networks in all organisms have been 
suggested to be scale-free networks and have been observed 
in many empirical studies,2,3,4 meaning that there is high 
similarity between them. All sample types (cell lines, PDX 
models and human tumors) are combined by groups 
(proteomics, phosphoproteomics and transcriptomics) as 
shown in Figure 1, and after removing batch effects and latent 
variables we will apply WGCNA in each group. Additional 
network analysis including degrees of centrality and between-
ness centrality will be performed to rank drug targets. 

 
3. Expected outcome 

 
A total of 48 samples for each data type are used to perform 
network analysis to have sufficient statistical power. It is 
expected that WGCNA is able to detect subsets of nodes 
(modules) that are tightly connected to each other. The 
topological overlap of different layers of omics data will lead 
to robust modules, aiding in candidate marker prioritization. 
One key feature of regular biological networks is the 
existence of a few highly connected nodes that participate in 
a very large number of metabolic reactions. With a large 
number of links, these hubs integrate all substrates into a 
single, integrated web. We expect to get modules highly 
correlated between groups in order to explain a direct 
information flow from protein to phosphoprotein (or vice 
versa) and paying attention on phosphoproteins that are 
regulating protein expression through phosphorilation on 
specific phosphosite. Once the target modules are identified, 
we will be able to determine (phospho)proteins drug 
candidate targets through hub network detection, high 
centrality and betweenness degree. 
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Introduction 

Branched-chain amino acids (BCAAs) (valine, leucine, 
& isoleucine) are one of the key factors regulating glucose 
homeostasis, muscle protein synthesis and body weight1. 
Studies have reported increased circulating levels of BCAAs 
and reduced expression of enzymes catabolizing BCAAs in 
adipose tissue of obese individuals2,3,4. However, the 
molecular mechanisms underlying this dysregulation remain 
unclear. Therefore, we aim to understand the relationship 
between adipose tissue metabolism and plasma BCAA levels 
by integrating adipose tissue gene expression and plasma 
metabolomics data with the genome-scale metabolic model,5 
iAdipocytes1809. 

 

 
 
 
Methods 

Data from 378 obese subjects (131 males & 247 females) 
who participated in the pan-European DiOGenes Study6 was 
used for the current analysis. Plasma concentrations of 
BCAAs were measured using NMR and the gene expression 
of abdominal subcutaneous adipose tissue was measured 
using RNA-seq. As outlined in Fig. 1, first, linear regression 
analysis was carried out to investigate the association between 
plasma levels of BCAAs and gene expression of adipose 
tissue. The linear regression model was built using DESeq2 
package in R and was adjusted for age and study centre. The 
gene-wise p-values were then used for Reporter Metabolite 
Analysis7 using RAVEN Toolbox8 (in MATLAB) in order to 
identify the intracellular metabolites around which the most 
significant transcriptional changes occur.  
 
Results & Discussion 

During the building of linear regression model, 
accounting for variability in sex revealed a clear sex-specific 
effect. Therefore, the analysis was repeated independently in 
males and females (stratified analysis). A clear difference in 
the number of significantly correlated genes (padj<0.05, 

adjusted using Benjamini-Hochberg method) was observed 
between males and females (Table 1). No significantly 
correlated genes were identified in males, while about 12-
16% of the genes in iAdipocytes1809 were significant in 
females.  
 
 
 

 
 
 During Reporter Metabolite Analysis, intracellular 
metabolites involved in mitochondrial BCAA catabolism and 
lysosomal protein degradation were identified as reporter 
metabolites. They were found to be associated with genes that 
negatively correlated with plasma BCAAs. These preliminary 
results point towards a significant contribution of adipose 
tissue to the regulation of plasma BCAA levels. 
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Type of subjects
Metabolites/Type of 

correlation
Positively 
correlated

Negatively 
correlated

Positively 
correlated

Negatively 
correlated

valine 0 0 127 162
isoleucine 0 0 97 122

leucine 0 0 120 169

MALES (n=131) FEMALES (n=247)

Figure 1 Overview of the workflow 

Table 1 Comparison of number of significantly correlated genes (padj< 0.05) 
for Valine, Isoleucine and Leucine between males (n=131) and females 
(n=247).  
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1. Introduction 
 

Mercaptopyruvate sulfurtransferase (MST, PDB code: 
4JGT)[1] catalyzes sulfur transfer from mercaptopyruvate to 
sulfur acceptors, and the first step of the reaction is the 
formation of cysteine (C248) persulfide via S-sulfhydration 
(a.k.a. persulfidation). In this work[2] we present the 
molecular simulation to study the catalytic mechanism of its 
sulfur transfer process by the methodology composed of 
quantum mechanics and molecular mechanics (QM/MM). 

 
2. Approach 

 
Molecular models of the active site of 4JGT are first 

investigated using high-level ab initio methods to assess the 
computational accuracy of density functional theories (DFT) 
in the calculations of activation and reaction energies. The 
whole structure of the enzyme is then subjected to NVT 
equilibration by molecular dynamics (MD) for 4 ns with a 
time step of 2 ps; average RMSDs for the protein and the 
loop shows that no significant conformational change occurs 
during the MD simulation. 

Snapshots with the lowest potential energies among the 
MD runs are employed to set up the QM/MM simulation 
using the two-layer ONIOM implementation with both of 
mechanical and electrostatic embedding schemes; DFT of 
M06-2X is applied to the QM layer while the force field of 
AMBER ff99sb is utilized in the MM layer. The energy 
profiles are constructed after the minima and transition states 
are located and verified. The catalytic function of the 
hexapeptide loop composed of C248-G249-S250-G251-
V252-T253 (CGSGVT) is exclusively analyzed.  

 
3. Results 

 
Two pathways of sulfur transfer in MST, in terms of 

sulfur atom (S0) transfer and SH-promoted sulfur transfer, 
are discovered from the QM/MM calculations (Figure 1). 
For S0 transfer, the first step is the deprotonation of the 
sulfhydryl group of the substrate: S250 in the catalytic triad 
acts as the base that removes the proton of the SH group 
through two simultaneous proton shuttles among S250, H74, 
and the sulfhydryl group of mercaptopyruvate. Free energy 
barriers (∆G‡) of the deprotonation and S0 transfer steps are 
8.1 and 15.9 kcal mol–1, respectively. For the SH-promoted 
transfer, the activation free energy is around 40 kcal mol–1; 
hence this route is kinetically disfavored even its product of 

Figure 1. Energy profiles (in kcal mol–1) for the sulfur atom  
(S0) transfer and the SH-promoted sulfur transfer. 

 
pyruvate in the keto form is more stable than the enol form 
resulted from the S0 transfer. The relatively larger barrier is 
possibly due to the lack of the hydrogen bond between S250 
and the carbonyl oxygen atom of the substrate. 

 
4. Discussion 

 
Simulations demonstrate that in MST, the S0 transfer 

initialized by the deprotonation of the S250/H74/D63 triad is 
kinetically preferred to the SH-promoted sulfur transfer. The 
calculated barrier of approximately 16 kcal mol–1 for the S0 
transfer agrees well with the experimental catalytic rate 
constants[1] (kcat) of 0.3–6.1 s–1. The electrostatic repulsion 
during the S0 transfer can be reduced by the aid of the 
CGSGVT loop. Electrostatic potential and frontier orbital 
analyses for the persulfide anion surrounded by the loop also 
confirm that the sulfur atom transfer which is seldom 
regarded possible can be facilitated with the assistance of the 
triad and the loop in this enzyme. 
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1. Introduction 
 

Mycoplasmas are human and animal pathogens with a 
reduced genome and lacking a cell wall around their cell 
membrane. Mycoplasma species infect human, pets and farm 
animals. For this reason, the MycoSynVac project aims at 
engineering Mycoplasma pneumoniae (MPN) as a broad-
spectrum animal vaccine, which would help preventing 
diseases, lesions and economic losses. 

Most Mycoplasmas are difficult to grow in axenic 
culture and require a complex media including animal serum, 
which makes the large-scale production process of the 
vaccines challenging.  

 
2. Approach 

 
Genome-scale Metabolic Models (GEMs) are widely 

used for the reconstruction of networks of reactions that take 
place inside living organisms1. To analyse the metabolic 
potential of the organism, constraint-based modelling 
approaches became very popular. 

We updated Mycoplasma pneumoniae Metabolic Model 
initially reconstructed in 20132,3 and converted its name 
space according to BIGG to build an Escher model. 

Through Flux Balance Analysis, Flux Variability 
Analysis and parsimonious Flux Balance Analysis we were 
able to predict an optimal chemically-defined medium. 

We integrated information about the lipid native 
pathways and formation and composition of the cell 
membrane3 into M. pneumoniae GEM. This allowed us to 
relate the membrane stability to the fatty acids and lipids 
uptake from the medium. 

Because MPN cannot synthetize saturated fatty acids, 
we inserted a biosynthesis pathway by expressing in-silico 
13 genes from Acholeplasma laidlawii, which introduce 
reactions leading to the incorporation of acyl chains into 
membrane phospholipids and would prevent the formation of 
components acidifying the medium. 

Finally, we applied a GapFilling algorithm for knock-ins 
discovery. 

The updated model will become available in SBML. All 
model simulations were performed using cobrapy. 

 
 
 

3. Results 
 
We predicted the optimal composition of a chemically-

defined medium to grow MPN, estimating a growth rate 
significantly higher than the growth rate experimentally 
observed in batch culture and in the same order of the one 
observed in complex media. 

However, the slow growth of MPN could reside in its 
membrane characteristics. MPN builds up its cell membrane 
depending on the available sources with a unique flexibility: 
after an extensive literature search4,5,6,7, we integrated a 
broad range of information about the membrane construction 
into the GEM, with the aim of reproducing in-silico this 
flexibility. We were then able to model the effect of the 
saturated fatty acids biosynthesis pathway from 
Acholeplasma laidlawii and compare the growth results to 
the ones obtained by the supplementation of fatty acids in the 
medium in terms of growth rate.  

Finally, knock-ins prediction suggested pathways that 
might increase the total biomass yield. 

In conclusion, the extension of the Mycoplasma 
pneumoniae genome-scale model allows us to get insight in 
its metabolism integrating the information on the cell 
membrane formation, therefore making predictions about the 
inclusion of pathways that could possibly improve its 
growth. 
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1. Introduction

In recent years metabolic models have gained an increas-
ingly important role in biotechnological research. Often
these models are created under simplifying assumptions,
e.g. the steady state assumption, which allows the use of
techniques such as Flux Balance Analysis. However, with-
out a large number of constraints, many different flux sets
can describe the optimal model and we obtain no informa-
tion on how metabolite levels dynamically change. Kinetic
models offer more detail on metabolite concentrations and
dynamics, but can be time-consuming to manually con-
struct and optimize.

2. Approach

We present a computational framework, DMPy, that uses
an SBML network scheme as input to automatically search
for kinetic rates and produces a mathematical model that
describes temporal changes of metabolite fluxes and con-
centrations. The parameter search utilises several online
databases to find measured reaction parameters and is able
to crosslink identifiers between several annotation stan-
dards.

To produce the mathematical model, we take advan-
tage of previous modelling efforts, such as the modular
rate laws and parameter balancing, which uses a Bayesian
framework to integrate multiple (conflicting) parameter
measurements of different quality into a single thermody-
namically feasible model.

Finally we analyse the effect of parameter uncertainty
on model dynamics and test how recent flux-based model
reduction techniques (NetworkReducer) alter system prop-
erties.

3. Results & Discussion

Our results highlight that good estimates of at least 80%
of the reaction rates are required to accurately model
metabolic systems. Furthermore, reducing the size of the
model using flux-based methods alters system dynamics.

The presented pipeline automates the modelling pro-
cess for large metabolic networks. From this, users can
simulate their pathway of interest and obtain a better un-
derstanding of how altering conditions influences cellular
dynamics.

SBML Model

Reactions & Compounds

Parameters & Identifiers

Balanced Parameters

Mathematical Model

Simulations

1 Extract reactions and compounds

2 Extract identifiers

5 Balance parameters

6 Mathematical Formulation

7 Simulation

Databases

Solver

3 Register conversions

4 Find parameters

Prior and Pseudo Values

Regulation

Constraints

Figure 1: Overview of steps in the pipeline.

Further work to improve the pipeline will focus on in-
tegrating model reduction techniques with parameter op-
timisation and identifiability analysis to produce minimal
models with high predictive power for a process of inter-
est, taking into account experimental constraints.
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1. Introduction 
 

Mathematical models are key to systems biology where 
they typically describe the topology and dynamics of 
biological networks, listing biochemical entities and their 
relationships with one another. Some (hyper)thermophilic 
Archaea contain an enzyme, called non-phosphorylating 
glyceraldehyde-3-phosphate dehydrogenase (GAPN), which 
catalyzes the direct oxidation of glyceraldehyde-3-phosphate 
to 3-phosphoglycerate omitting adenosine 5 ′ -triphosphate 
(ATP) formation by substrate-level-phosphorylation via 
phosphoglycerate kinase (Figure 1). 

 
2. Approach 

 
In this study we formulate three hypotheses that could 

explain functionally why GAPN exists in these Archaea, and 
then construct and use mathematical models to test these 
three hypotheses. We used kinetic parameters of enzymes of 
Sulfolobus solfataricus (S. solfataricus) which is a thermo-
acidophilic archaeon that grows optimally between 60 and 
90 °C and between pH 2 and 4. For comparison, we used a 
model of Saccharomyces cerevisiae (S. cerevisiae), an 
organism that can live at moderate temperatures. 

 
3. Results 

 
We formulated three hypotheses that might have 

explained why GAPN is essential in hyperthermophilic 
organisms. We demonstrated the use of kinetic models to 
help us to test hypotheses, i.e., not for quantitative but for 
qualitative purposes. We find that both the first hypothesis, 
i.e., that the glyceraldehyde-3-phosphate dehydrogenase 
(GAPDH) plus phosphoglycerate kinase (PGK) route (the 
alternative to GAPN) is thermodynamically too much uphill 
and the third hypothesis, i.e., that GAPDH plus PGK are 
required to carry the flux in the gluconeogenic direction, 
survive the test. The second hypothesis, i.e., that the GAPDH 
plus PGK route delivers less than the 1 ATP per pyruvate 
that is delivered by the GAPN route, is only correct when the 
GAPDH reaction has a high rate and 1,3-bis-
phosphoglycerate (BPG) spontaneously degrades to 3PG at a 
high rate. 

 

 
 

Figure 1. Schemes of the pathways converting 
glyceraldehyde 3-phosphate ( AP) to pyruvate [1].  
 

4. Discussion 
  
We herewith demonstrated the research strategy of in 

silico discovery for Biology: assuming that the kinetic and 
thermodynamic parameters we used were right, we have here 
discovered more about the function of GAPN in 
hyperthermophilic organisms. We found that it enables the 
organism to carry out the lower half of glycolysis at high 
temperatures, which would otherwise be impossible because 
the GAPDH reaction is thermodynamically too much uphill 
with the PGK reaction not delivering enough Gibbs energy 
drop to pull the GAPDH reaction through by lowering the 
BPG concentration. With more and more systems biology 
models becoming available, the use of in silico methods for 
the discovery and testing of network mechanisms that serve 
important biological functions should become even more 
productive. This is of course not limited to Archaea and at 
odds with the paradigm resident in Biology that hypothesis 
validation can only occur in the wet lab. 
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1. Introduction 
Amino acids are increasingly recognized as an important 

factor influencing glucose metabolism. Increased fasting 
concentrations of circulating branched-chain amino acids 
(BCAAs) are associated with insulin resistance [1]. On the 
contrary, amino acid ingestion triggers insulin release and 
decreases plasma glucose levels [2]. As such, a clear and 
quantitative understanding of the influence of amino acids on 
glucose and insulin dynamics is still lacking. Integrating 
amino acids in whole-body metabolic models of the 
postprandial glucose regulatory system is essential to 
understand the interaction between amino acids and glucose 
homeostasis. The calibration of these model parameters, 
however, requires a lot of quantitative data. We propose a 
combined approach of an extensive literature search and 
computational modelling to study the effects of amino acids 
on glucose homeostasis.  

 
2. Methods 

The electronic literature search was conducted in 
PubMed. A search strategy, consisting of Mesh terms, 
Boolean operators and Title searches, was employed to 
identify all relevant articles related to the research question:   
“What are the quantitative effects of amino acid intake on 
short term glucose and insulin dynamics in humans?”. The 
search was limited to studies in humans and English 
language articles. In parallel to the literature search, we 
extended a computational model of the postprandial glucose 
regulatory system, termed the Eindhoven Diabetes Education 
Simulator (E-DES), starting with the BCAA leucine. The E-
DES model was created by adjusting and combining 
different models from the literature [3]. The model consists 
of several compartments: the gut, the plasma, the interstitial 
fluid and the subcutaneous tissue (Figure 1). For these 
compartments the dynamic in- and outflow of glucose, 
insulin or both is calculated using (coupled) differential 
equations.  

 
3. Results 

The initial literature search identified 8987 records. 
After screening of titles and/or abstract, 8517 records were 
excluded. The remaining 470 records were clustered based 
on amino acid/protein type. 25 records contained information 
on leucine, which we chose for the initial modelling due to it 
being one of the BCAAs. The E-DES model was 
implemented in MATLAB 2017b. The differential equations 
were adjusted to account for leucine, which was given as an 

input to the model (Figure 2A-B). As a first attempt to 
optimize the model, we estimated the glucose and insulin 
parameters to best describe the experimental data. We 
employed a dataset, identified through the literature search, 
consisting of glucose and insulin time series data after oral 
ingestion of leucine, leucine & glucose, glucose, or water [4] 
(Figure 2C-D). As a next step we aim to predict the glucose 
and insulin response for independent datasets containing 
glucose, insulin and leucine time series data to verify the 
optimized parameters. Ultimately, we want to integrate all 
relevant amino acids into the model. 

 
Figure 1. Schematic representation of the E-DES model (3). The grey areas show the 
compartments used in the model. Red arrows denote glucose fluxes; blue arrows denote 
insulin fluxes. 

 
Figure 2. E-DES model extension and optimization. A-B) Plasma glucose and insulin 
concentrations before and after implementation of leucine. C-D) Plasma glucose and 
insulin concentrations before and after model optimization. Crosses denote the 
experimental data used for the model optimization 
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1. Introduction 
 

Genome-scale metabolic models are well-established in 
metabolism research. Nevertheless, these tools assume steady 
state, and therefore ignore the environmental perturbations that 
prevail under industrial fermentations and natural environments. 
Simultaneously, studies describing dynamic behavior are often 
confined to a small scale and simplified compartmentalization.  

In this project, we aim to develop an extensive dynamic 
model of yeast central metabolism. It will be used to provide in-
depth understanding and, ultimately, control over metabolic 
pathways that have been challenged under dynamic nutrient and 
oxygen feeds. 

 
2. Approach 

 
For this purpose, we will benefit from a set of state of the art 

technologies, with computational and experimental character, 
used by different groups: 

The group in Amsterdamb will develop experimental tools to 
access yeast central metabolism under dynamic nutrient feeds. 
We will develop GFP and FRET-based sensors to quantify key 
metabolic intermediates at a single-cell level and in short-time 
scale (minutes) experiments. The first approach will involve the 
application of FRET-based sensor to measure inorganic 
phosphate, glucose and ATP. Sorting sequences will be added to 
guide these sensors to the mitochondria. 

The group in Delftc will generate controlled dynamic 
environments to mimic large-scale conditions at lab-scale. Under 
these selected conditions, cultivations will be executed in highly 
controlled bioreactors. 13C tracing methods will be employed to 
estimate dynamic fluxes at the timescale of seconds. In addition, 
equilibrium-based reactions will be implemented to measure the 
cytosolic concentrations of several metabolites and cofactors.  

Phosphoproteomics data will be provided by DSM at Delftd. 
Information on the proteome and its regulation stage is essential 
for this project. DSM will contribute with a pipeline for 
quantification of cell proteins, regulation and localization. 

Dynamic modelling will be carried out at our group in 
Eindhovena. Experimental data from the other partners will be 
integrated to develop and adjust the model. The ADAPT 
algorithm will be used for parameter estimation and identification 
of missing regulations.  

 

3. Dynamic modelling (ADAPT)  
 

Central carbon metabolism is well-studied, but its complete 
regulation has not yet been unravelled1. The Analysis of Dynamic 
Adaptations in Parameter Trajectories (ADAPT) algorithm can 
help in addressing structural and parametric uncertainty 
simultaneously. This method enables us to estimate time-
dependent evolution in parameter trajectories. By studying this 
dynamic behaviour, enzymes with missing regulation can be 
identified and hypothesis on their regulation can be tested. 

 
5. Methodology 

 
First of all, a kinetic model will be developed, based on a 

previous existing one from Teusink et al. 2000 (adapted in 2). 
Data describing additional pathways will be added, using recent 
publications in the field. Then, the ADAPT workflow will be 
used for parameter estimation, and can be divided in 4 stages3: 
1) Experimental sampling at different stages 
2) Monte Carlo sampling of data interpolants  
3) Estimation of parameter and flux trajectories 
4) Analysis of treatment effects and validation of hypothesis 

6. Outlook 
 
Current models have reached a certain level of operational 

understanding. We want to couple the following pathways: 
glycolysis, pentose phosphate pathway, trehalose and glycogen 
metabolism, TCA cycle and oxidative phosphorylation, under 
dynamic nutrient and oxygen feeds. 
 

 

Figure 1. Schematic 

view of the model 

coverage aim 
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1. Introduction 
The prevalence of obesity is rising to epidemic 

proportions. A promising field of obesity research focuses on 
dopamine (DA). This is a powerful neurotransmitter which 
controls the neurological reward after feeding. Blum et al.1 
propose that a reduced number of striatal dopamine D2 
receptors (D2R), and therefore an impaired reward response 
after feeding, is the underlying cause of obesity in 
individuals with Reward Deficiency Syndrome (RDS). 
Verification of this theory would open up possibilities for 
new medicinal interventions. 

 
2. Approach 

In the current study, a computational model was 
developed which encompasses body weight, D2R 
availability, and other relevant factors. A simplified and a 
more complex version of this model were made. The 
complex version includes effects of hormones and circadian 
rhythms, and discriminates between phasic and tonic DA 
release. A schematic representation of the simple model is 
shown in Figure 1. 

 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1: Schematic representation of the simple model. 

 
Using the models, different hypotheses concerning the 

causes of obesity are being tested. For different parameter 
settings, the models represent the different hypotheses. The 
results are compared to literature findings, to assess the 
validity of each hypothesis. 

The following hypotheses are tested: 
(1) Individuals with reduced striatal D2R availability are at 

risk for overeating, which leads to obesity.  
(2) Reduced D2R availability causes obesity mainly due to a 

lower activity level.2 
(3) Obesity leads to a reduced D2R availability.3 
(4) Increased ventral striatal DA release mediates increased 

behavioural salience of food. This produces excessive 
intake of highly palatable foods, leading to obesity.4 
 

As obesity is a complex condition, it is likely that none 
of these hypotheses will, by itself, be the best explanation of 
its cause. Therefore, combinations of hypotheses will also be 
tested. 

  
3. Preliminary results 

Currently, the RDS hypothesis has been modelled in the 
simple and the complex model using ordinary differential 
equations. The BMI after 1 year has been calculated for 
different values of D2 receptor availability. These graphs are 
shown in Figure 2. There is a clear negative association, as 
the model framework prescribes.  

 
 

 
 
 
 
 
 
 
 

Figure 2: D2R availability vs. BMI after 1 year, for the RDS 
hypothesis (left: simple model, right: complex model). 
 
4. Outlook 

The next steps are to adjust the models to the other 
hypotheses and to compare all the results to literature 
findings. In order to ‘pass the test’, the results of each 
modelled hypothesis must meet the following criteria: 

(1) The values and patterns observed in the variables 
are physiologically realistic (if applicable).  

(2) The A1 allele (a lower basal D2R availability) leads 
to a significantly higher BMI. 

(3) Knocking out leptin, ghrelin, dopamine transporters 
or dopamine receptors induces the effects observed 
in the literature. 

If a combination of hypotheses does not meet these 
criteria, the factors included in the model do not adequately 
describe the causes and physiological processes involved in 
weight gain. This way, the explanatory power of the RDS 
hypothesis (compared to the other hypotheses) will be 
assessed. 

                                                           
1 Kenneth Blum et al., Frontiers in Psychology 5 (2014), https://doi.org/10.3389/fpsyg.2014.00919. 
2 Jeff A. Beeler et al., Biological Psychiatry, Addiction, 79, no. 11 (June 1, 2016): 887–97, 
https://doi.org/10.1016/j.biopsych.2015.07.009. 
3 Linh C. Dang et al., NeuroImage 138 (September 1, 2016): 176–83, 
https://doi.org/10.1016/j.neuroimage.2016.05.044. 
4 Robert M. Kessler et al., Synapse 68, no. 7 (July 1, 2014): 317–20, 
https://doi.org/10.1002/syn.21738. 
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1. Introduction

Dynamical models applied to biomedical sciences provide
systematic explanations to the underlying biological pro-
cesses that occur in a particular observed phenomenon.
Consequently, models which are able to capture the essence
of various interactions, whether occurring in competing
cell populations or in biochemical reactions, help to un-
derstand and forsee the outcome of these interactions. For
example, such models can support disease diagnosis, mon-
itoring and qualitative predictions, and ultimately, optimal
treatment design. This abstract is concerned with the work
from [1], where a nonlinear systems theory approach was
considered to derive supporting tools for the above tasks.

2. Approach

The human body is a complex control system composed of
switching positive and negative feedback loops which act
at maintaining homeostasis. These interactions and related
disorders, also at a cellular level, can be described by non-
linear dynamics. Take for example the HPA1 axis with
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Figure 1: Trajectories of a dynamical model describing the
HPA axis in the healthy and dysfunctional (bistable) case.

the main task to regulate the level of cortisol. Maintain-
ing homeostasis in certain systems in the body translates to
maintaining a stable, ”healthy“ equilibrium (eq.) of their
corresponding dynamical models. Information about the
set of all possible initial states which converge to the stable
eq. is relevant for diagnosis but also for predictions. This
set is called the domain of attraction (DOA).

In general, nonlinear systems in biology exhibit bista-
bility (two stable equilibria - one healthy, one unhealthy
and one unstable, transition eq.) In Figure 1, trajectories
with equilibria from a model for the HPA axis from [2] are
shown. The switch to bistability occurs in the case of HPA
axis dysfunction and it is related to changes in the param-
eter values of its corresponding model. By using DOAs
one can provide guarantees for homeostasis, information
about health boundaries and based on the DOAs, treatment

1Hypothalamus-Pituitary-Adrenal

strategies focused on stabilizing healthy equilibria can be
developed.

3. Results

By making use of Lyapunov functions to compute DOAs,
estimates of the DOAs of attraction corresponding to hy-
portisolic and hypercortisolic equilibria of the HPA axis
were computed as shown in Figure 2. For certain initial
conditions, the corresponding trajectories will first con-
verge to the healthy eq. state (red), and since this one is
unstable, they will further converge to either one of the
nonhealthy ones. Therefore, if a patient is to be diagnosed

Figure 2: DOA sets for disfunctional HPA axis and stabi-
lized healthy cortisol equilibrium.
based only on measuring the level of cortisol, that patient
may appear to be healthy (while the HPA axis is dysfunc-
tional), and after some time he/she will become hypocorti-
solic depressed, for example, and cannot be treated without
medication. The other plot in the figure shows an illus-
tration of a nonlinear systems feedback control technique
applied to the HPA case, aimed at stabilizing the healthy
equilibrium of the HPA axis.

4. Discussion

The presented approach is aimed at personalized treatment
strategies. However the model parameters are specific to
each patient, or to a category of patients. This will allow
for more accurate, patient specific models which need to be
analyzed and possibly, used for optimal personalized treat-
ment design.
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1. Introduction 
 

Natural and industrial environments are dynamic with 
respect to substrate availability and other conditions like 
temperature and pH. Especially, metabolism is strongly 
affected by changes in the extracellular space. Here we study 
the dynamic flux of central carbon metabolism and storage 
carbohydrate metabolism under dynamic feast/famine 
conditions in Saccharomyces cerevisiae.  

 
2. Approach 
 

A cyclic perturbation method is used to generate regular 
dynamic conditions, which allows for high resolution 
measurements [1]: After a chemostat phase (reference 
steady-state), a block-wise feeding regime is applied at the 
same average substrate supply and dilution rate. This regime 
leads to repetitive dynamic conditions. Intracellular 
concentrations were measured by sampling two cycles, then 
the feed was switched to labelled substrate and the 
enrichment of metabolites was monitored for three 
consecutive cycles [2]. 

 
3. Results 
 

The metabolic flux reacts fast and sensitive to cyclic 
perturbations in substrate availability. Compared to well-
documented stimulus–response experiments using substrate 
pulses, different metabolic responses are observed. 
Especially, cells experiencing cyclic perturbations do not 
show a drop in ATP with the addition of glucose, but an 
immediate increase in energy charge. Although a high 
glycolytic flux of up to 5.4 mmol/(gDW h-1) is observed, no 
overflow metabolites are detected. From famine to feast the 
glucose uptake rate increased from 170 to 4788 μmol/(gDW h-

1) in 24 s. Intracellularly, especially the T6P synthesis rate 
increased more than 100-fold upon glucose addition. This 
response indicates that the storage metabolism is very 
sensitive to changes in glycolytic flux and counterbalances 
these rapid changes by diverting flux into large pools to 
prevent substrate accelerated death and potentially refill the 
central metabolism when substrates become scarce. Using 
13C-tracers it was shown that glycogen and trehalose 
degradation occur in parallel to synthesis. Based on the 13C 
labelling in average 15% of the carbon inflow was recycled 
via trehalose and glycogen. This average fraction was 
comparable to the steady-state turnover, but changes 

significantly during the cycle, indicating the relevance for 
dynamic regulation of the metabolic flux.  

 
4. Conclusions 
 

Comparable to electric energy grids, metabolism seems 
to use storage units to buffer peaks and keep reserves to 
maintain a robust function. During the applied fast 
feast/famine conditions about 15% of the metabolized 
carbon were recycled in storage metabolism. Additionally, 
the resources were distributed different to steady-state 
conditions. Most remarkably is a fivefold increased flux 
towards PPP that generated a reversed flux of transaldolase 
and the F6P-producing transketolase reactions. Combined 
with slight changes in the biomass composition, the yield 
decrease of 5% can be explained. 

 
4. Outlook 

 
Currently most computational and experimental studies 

on dynamic metabolic systems are constrained to small 
systems, notably glycolysis [3]. However, for understanding 
the relevant physiology like dynamic feast and famine 
conditions, models that go beyond this pathways are 
required. Future research will therefore include TCA cycle, 
storage cycles and thus include intercompartmental 
dynamics, using compartment-specific metabolite sensors 
[4], to provide a better understanding of S. cerevisiae’s 
physiology under dynamic conditions.  
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1. Introduction 
 

Metabolomic analysis often involves analyzing hundreds 
to thousands of possible interesting compounds. This is 
especially a challenge in untargeted metabolomics, where a 
sample is directly introduced into the spectrometer with little 
to no previous manipulation. arious analytical tools such as 
MetaboAnalyst1 have been created over the years to stand up 
to this challenge. 

One limitation of these tools lies in the identification of 
compounds. In order to analyze their data, the analyst needs 
to find possible candidates for specific mass/change values of 
interest. This is often a tedious manual process that can take a 
long time.  

As part of a larger untargeted metabolomics project, we 
have been working on a tool to streamline this process. This 
tool, currently named MetaboShiny, aims to facilitate the 
translation from mass/charge peak values to possible 
candidate features of interest in an attractive and interactive 
interface. Users can add own compound databases of interest, 
ranging from the HMDB2 and ChEBI3 to used-created in-
house databases, and this all at a speed that greatly improves 
on previous in-house identification methods. MetaboShiny 
also houses the statistical tools included in MetaboAnalyst, 
adding more interactivity to the plots familiar from the 
existing webtool. 

 
 

2. Description 
 

MetaboShiny is being developed in R. It makes heavy 
use of the shiny package in order to interact with and 
visualize the data. Most of the plot generation is done through 
the ggplot2 and plotly packages, enabling users to hover over 
and click on data points to acquire information on these 
points. 

MetaboShiny uses databases created with the S Lite 
engine. Each database (in total users can use the UMC, 
HMDB, ChEBI, WikiPathways4, MetaCyc5 and E 6 
databases) is first downloaded through various methods, 
including REST API and SPAR L queries, and processed 
using the data.table and XML libraries. 

The R app then builds on this database to generate 
adducts, deducts and isotopes from each compound with the 
enviPat package. These databases are stored locally, indexed 
to enhance speed, and are used for identification later on. In 
total, the databases encompass  thousand compounds (incl. 
isotopes and adducts). 

The analytical functionality of the app is based on the 
newly released MetaboAnalystR package, which enables 

users to perform many different types of data cleaning, 
including various normalization methods and missing value 
filtering and imputation. It also features many different 
methods to analyse data, ranging from T-tests and fold-
change analysis, to heatmaps and machine learning analytical 
techniques including random forest (figure 2). By using the 
interactive capabilities of MetaboShiny, users can now click 
through these results and immediately connect significant 
mass/charge values to the various databases underlying the 
app. Compound descriptions are also provided, making it 
easier to do a broad scan of all the features of interest (figure 
2). 

Future plans include more machine learning 
methods(LASSO, elastic-net and such) to find interesting 
features based on predictive value and built in batch effect 
correction. 
 

 
Figure 1: Statistical pane 

 

 
Figure 2: Identification pane 
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1. Introduction

Pathway diagrams are  found everywhere:  in  textbooks,  in
review articles, on posters, and on whiteboards. Their utility
to  biologists  as  conceptual  models  is  obvious.  They  have
also  become immensely  useful  for  computational  analysis
and  interpretation  of  large-scale  experimental  data  when
properly  modelled.  Online  pathway  databases  like
WikiPathways  [1],  Reactome  [2],  and  KEGG [3]  provide
rich, intuitive models of pathways.

Pathway  analysis  has  been  widely  adopted  for  the
analysis  of  transcriptomics  data.  In  experimental
metabolomics  data,  however,  many  measured  metabolites
cannot  be  linked  to  the  metabolite  identities  present  in
biological pathway models. The resulting sparseness makes
it more complicated to use metabolomics data in pathway
analysis. 

2. Approach

MetaboNetworks  [4]  is  a  tool  to  create  sub-networks
between  sets  of  metabolites  using  the  reactions  from  the
KEGG database  by calculating the shortest  paths between
them.  Such  networks  overcome  the  metabolic  data
sparseness  by  focussing  on  the  paths  between  the
metabolites  of  interest  ignoring  the  borders  of  traditional
pathway models.  

Here,  we  present  an  extended  approach  of  the
MetaboNetworks  method that  combines  different  pathway
knowledge  bases  and  introduces  detailed  directionality
information to ensure the shortest paths follow directional
biological cause-and-effect paths. Using WikiPathways RDF
[5], we created a directed network of all metabolic reactions
from WikiPathways and Reactome. This directed metabolic
network is stored in the graph database Neo4j and enriched
with knowledge from the ChEBI ontology [6] and Wikidata
[7]. Using the cyNeo4j app [8] in Cytoscape [9], we are able
to extract and visualise the smallest connected sub-network
between  the  metabolites  of  interest  and  further  study  the
processes involved. 

3. Use cases

We  applied  the  described  approach  to  investigate  the
metabolic differences in several  publicly available datasets
from the MetaboLights [10], resulting in their corresponding
networks. 

Figure 1. Workflow to visualise and analyse metabolic
relevant sub-networks.

4. Discussion

We  developed  a  new  solution  to  visualize  the  biological
pathways  involved  in  sparse  metabolomics  data.  Using
detailed  models  from  online  pathway  databases  and
ontology-based approaches, we can extract the directed sub-
networks between metabolites of interest.

By  using  Neo4j  and  Cytoscape,  we  ensure  the
computational calculation environment  for  larger  networks
as well as advanced visualization functionality to investigate
the  identified  sub-networks.  Importantly,  our  extension  of
the available cyNeo4j app allows biomedical scientists in the
metabolomics  field  to  easily  apply  this  approach  in  their
own research.

Finally, the generic nature of this approach opens up the
option  to  combine  with  other  omics  data,  such  as
proteomics, and transcriptomics.
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1. Introduction 

Consumption of non-digestible carbohydrates (NDC) 
has many health benefits. However detailed knowledge of 
the exact fate and impact of NDC in the intestinal tract is 
lacking. NDC can be used as substrates for gut microbiota 
producing short chain fatty acids (SCFAs) and other 
metabolites. In mice after feeding NDC, only the uptake flux 
from the intestine, but not the concentrations of SCFAs, 
correlated with improvements of the metabolic syndrome 
(1). In humans, access to this inner world is now possible by 
the IntelliCap system, a swallowable electronic capsule that 
can deliver or sample from an exact location in the human 
gastrointestinal tract. It monitors gut location from real-time 
pH and temperature data that are wirelessly sent from the 
capsule to a personal computer. In this first part of the study 
we are optimizing the analysis of SCFAs and other bacterial 
products in small volumes of sample mixed with a 
stabilizing (quench) solution. The latter is used to stop 
further fermentation inside the IntelliCap capsule until it is 
excreted.  

 
2. Approach 

The planned intervention study is a randomized, cross-
over dietary intervention study using two diets, a low and a 
high fibre diet, in 10 middle-aged overweight men. The 
IntelliCap system will be applied at the end of both 
interventions to study fluxes of SCFA production and uptake 
by the host. To this end, stable isotope labelled 13C SCFA 
will be dispensed into the proximal part of the colon by an 
IntelliCap capsule.  De novo synthesis will be measured by 
sampling with a second capsule, loaded with a quenching 
solution, at the same location of the gut lumen in vivo.  

GC-MS protocols to measure acetate, propionate and 
butyrate (SCFAs) and other organic acids in IntelliCap 
samples, have been developed.  
 
3. Results and Discussion 

We first optimized the protocol to measure SCFAs in 
small samples, using samples from mice cecum, in vitro 
fermentations with human small intestine inoculum, and 
human feces. Subsequently, we validated it using feces, 
which is the more complex matrix. We also optimized a 

method to measure other organic acids in feces, mainly 
succinate. Then, we designed a quench solution that will 
stop fermentation inside the Intellicap pill and tested its 
effect on the SCFA analysis. The SDS component of the 
quench strongly interfered with the analysis. We could 
overcome this by a pre-treatment of the sample before 
extraction with KCl at low temperature. Indeed, the quench 
did stop fermentation: in vitro incubations of ileum samples 
(microbiota) with a nutritional fibre (GOS, galacto-
oligosaccharides) for 48 hours in the presence of the quench 
did not result in SCFA formation, in contrast to a control 
without quench solution. In samples pretreated with KCl the 
quench did not perturb the analysis, as can be seen by 
comparing samples at time 0 with and without the quench. 
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Figure 1. Acetate analysis. A, Acetate measurements 
precipitating SDS from the quench solution. B, SCFAs 
concentrations in in vitro fermentations at time 0 (T0) and 
48 hrs (T48) with and without quench (+Q) and pre-treated 
with KCl (+KCl) before measuring.  
 
4. Conclusion 

The analytical protocols to measure SCFAs and other 
organic acids have been optimized for small intestinal 
samples. SCFAs analysis has also been optimized in the 
presence of the quench solution. 
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1. Introduction 
Patients with severe community-acquired pneumonia 

(CAP) receive empirical treatment with broad-spectrum 
antibiotics awaiting laboratory results. These results may 
confirm bacterial etiology and guide towards targeted narrow-
spectrum antibiotic treatment. However, current laboratory 
tests such as culturing of sputum or blood are associated with 
turnaround times up to 48 hours. Other available tests only 
asses the presence of specific pathogens. Combined, these 
tests are still inconclusive in up to 50% of patients. This can 
lead to unnecessary treatment with antibiotics in patients that 
do not have a bacterial infection, and unnecessarily long use 
of (broad-spectrum) antibiotics, which may promote 
antimicrobial resistance (AMR). Hence, an unmet need exists 
for novel biomarkers that can rapidly i) discriminate between 
bacterial and viral infections and ii) guide optimal antibiotic 
treatment based on patient-specific host-response to the 
infection. Previous studies suggest that the host metabolome 
may be a relevant unexplored source of host-response 
biomarkers to infectious pathogens.1,2 

 
2. Approach 

This project aims to identify and validate novel 
metabolomics-based biomarkers to guide antibiotics 
treatment in patients hospitalized with CAP to reduce the risk 
of AMR, and which can be implemented as a rapid assay for 
diagnostic use. Specifically, we aim to i) identify metabolite 
biomarker profiles that can discriminate between bacterial 
and viral etiologies; ii) identify time course metabolite 
biomarker profiles that are associated with disease 
progression; and iii) to obtain a further mechanistic 
understanding of observed metabolite profiles in relation to 
bacterial infections. 

To these aims, patient time course serum samples from a 
previously conducted randomized controlled trial in patients 
hospitalized with CAP (n=304)3 are analyzed using multiple 
targeted and biologically-relevant metabolomics platforms. 
We will apply multivariate regression and classification 
approaches to identify metabolite signatures associated with 
causal pathogens and disease severity and treatment response. 
We will use pathway and metabolite interaction network 
databases to obtain insight into the mechanistic basis of the 
identified signatures5. The obtained metabolite biomarkers 

will be validated in separate cohorts of patients with CAP and 
suspected bacterial infections of different origins.4 
 
3. Results & Discussion 

Preliminary results for metabolites from the class of 
biogenic amines allowed separation of metabolite profiles 
from CAP patients with atypical bacterial infections, 
including Mycoplasma pneumoniae and Legionella species, 
from patients with a Streptococcus pneumoniae bacterial 
infection or a viral infection (Figure 1). 

Future work will focus on expanding our dataset and 
analysis with additional classes of metabolites, and to explore 
their role in the immune response to pathogens involved in 
CAP.  

 

 
 

Figure 1. PLS-DA score plot of biogenic amines 
metabolomics data based on human serum from CAP 

patients infected with S. pneumonia (n=50), atypical bacteria 
(n=50) and viruses (n=34). 
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1. Introduction 
 
Fecal Microbiota Transplant (FMT) has been the subject of 
extensive research in the recent years. It has successfully 
been applied as treatment in patients with recurrent 
Clostridioides difficile infection (CDI). The general accepted 
mechanism behind this treatment is the repression of C. 
difficile through the newly implanted microbiota. However, 
standardization of FMT has proven difficult given the 
variable health status of donors, variable donor efficacy, 
limited quantities of the drug substance material, and the 
presence of microorganisms in the fecal sample with unclear 
roles in health and disease. We sought to investigate the 
mechanisms of FMT efficacy in the treatment of recurrent 
CDI, to lay a path for the development of a standardized 
drug.   

 
2. Approach 

 
For this study, FMT was performed in ten patients with CDI 
using a cohort of four common donors. Shotgun 
metagenomics was performed on an Illumina Nextseq on 
donor fecal samples, and on patient fecal samples before and 
after FMT. The sequencing data was quality controlled and 
taxonomically profiled with the One Codex platform and 
afterwards all reads were cross-assembled with the MegaHit 
assembler. Taxonomic annotation was performed with 
Megablast/LCA and functional annotation with InterproScan, 
PRIAM and dbcan. 

 
3. Results 

 
The analysis indicated that patients with active CDI had a 
reduced diversity and extremely divergent composition of 
their microbiota compared to healthy donors and compared 
to the microbiota after FMT. The patient microbiota after 
FMT was more similar to its donor microbial community 
than to the other microbiota samples in this study, but did not 
reach the same state, indicating a host influence on the 
composition. Enterobacteriaceae such as Klebsiella could be 
detected in the microbiota before the FMT, but were greatly 
reduced after FMT. 
The functional analysis indicated a depletion in carbohydrate 
active enzymes in diseased patients. Functions for the 
degradation of mucus or the biosynthesis of complex 
extracellular carbohydrate degradation structures could only 
be found in healthy individuals. CDI patients showed more 

an enrichment for lysozyme and cell wall degradation 
enzymes.  
Antibiotic resistance genes and virulence factors were only 
present in low quantities, but most showed a depletion after 
FMT, like different multidrug transporters and penicillin 
binding proteins. 

 
4. Discussion 

 
This preliminary analysis on engraftment and function will 
give directions for the development of a standardized 
microbiological drug, but underlying mechanisms for the 
curing effect are still unknown. 
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1. Introduction 
 
A wide variety of important plant specialized 

metabolites, such as the antimicrobial triterpene 
avenacin in oat, the anticancer alkaloid noscapine in 
opium poppy, and the insect repellent cyanogenic 
glycoside dhurrin in sorghum, are synthesized by 
enzymatic pathways known to be encoded by 
Biosynthetic gene clusters (BGCs). Recent 
developments in sequencing technology and genome-
mining approaches allow us to predict thousands of 
putative BGCs of varying gene content and complexity 
in plants. One such strategy involves locating genes 
that encode scaffold-generating enzymes and exploring 
their genomic neighbourhood for enzymes that in 
conjunction could constitute a metabolic pathway. 
However, the function and evolutionary history of 
most BGCs is unknown.  

 
2. Approach 
 
Here we performed a systematic analysis of the 

genomic neighbourhoods of genes that encode 
triterpene-scaffold-generating enzymes across 13 
Brassicaceae genomes.  

 
3. Results 
 
We found that the genomic neighbourhoods around 

terpene scaffold-generating enzymes have similar 
protein domain content, and most neighborhoods 
contain cytochrome p450 and/or acyltransferases, as 
seen in Fig. 1. Furthermore, similar loci across closely 
related species show large differences at the sequence 
level despite having similar gene family content. 
Moreover, we characterized the BGC encoding the 
metabolic pathway for tirucallol. Our in vivo and in 
vitro analysis demonstrates that the tirucallol cluster 
has the capability to synthesize a branched pathway. 
This is in contrast to the thalianol cluster, which is 
highly similar in gene content and encodes a linear 
pathway. Ancestral state reconstruction indicates that 
such clusters originated independently during 
evolution. 

 
 

 
Fig.1 Summary of the protein domain contents identified in 

the genomic neighborhoods of terpene scaffold-generating 
enzymes. The word cloud in the center indicates the protein 
domains (or subfamilies) most frequently found in the 
neighborhoods. The pie chart shows the percentage of 
neighborhoods that contain cytochrome p450s and transferases. 
 

4. Discussion 
 
Our findings indicate that superficially similar 

terpene BGCs encode diverse chemistry and do not 
share a recent common ancestor. Thus, they shed light 
into how dynamic genomic regions in plants give rise 
to diverse and species-specific specialized metabolism. 
This study provides a template for understanding the 
evolution and functions of the untapped world of plant 
BGCs, laying a foundation for plant synthetic biology 
to further leverage these high-value compounds. 
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1. Introduction

The human intestine microbiome consists of a population
of up to 100 trillion micro-organisms,1 it is even referred to
as an organ with its own physiology and pathology.2 The
intestinal microbiome is known to interact with the host
metabolism. This communication system is referred to as
the gut-brain axis, it allows the body to keep its energy
homeostasis.3

Metabolic syndrome is a complex disorder with a
prevalence of approximately 25 percent in adults.7 A pa-
tient is considered to suffer from metabolic syndrome if
three or more of the following criteria are met: large waist
circumference, high triglycerides, low HDL-cholesterol,
high blood pressure and high fasting blood glucose.7

Research has shown that the gut microbiota is altered
in obese patients, their microbiota is able to extract en-
ergy from food more efficiently.5 Feces transplantation
from lean donors is able to temporally increase insulin sen-
sitivity in obese patients,8 which indicates a relationship
among intestinal microbial, bacterial translocation and host
metabolism.6

The relationship between gut microbiome and
metabolism in metabolic syndrome patients is largely
unknown, to investigate potential relationships machine
learning approaches could be used. Here the potential to
use Canonical Correlation Analysis (CCA) is investigated;
to our knowledge this technique has not been used for this
type of data before. We hypothesize that the technique is
suitable for this data due to the two multivariate datasets
with microbes and metabolites and the known interactions
between intestinal microbiome and metabolism.

Identification of potential relationships is performed
using CCA, which is a method that correlates linear re-
lationships between two multivariate variables.4 In this
analysis the two multivariate variables are the microbial
data obtained using HitChip analysis and plasma metabo-
lite data obtained using mass spectometry. The CCA calcu-
lations result in a set of weight vectors, one for each mul-
tivariate variable. The features that have high weights in
these weight vectors can be used to find potential relation-
ships. The CCA calculations are implemented in a random
train-test split set-up with 1000 reruns, the metabolites that
have high weights in most of the reruns are most likely to
have a relationship.

2. Results and Discussion

Figure 1: Counts of high weights in 1000 reruns

A set of resulting microbial and metabolites with high
weights is shown in figure 1, the microbes and metabolites
with the highest counts above threshold are most likely to
have a potential relationship. Usage of CCA to investigate
relationships between plasma metabolism and gut micro-
biome shows potential, however more research could be
done to apply different types CCA; including nonlinear ker-
nel CCA. Additionally a larger number of patients could
potentially increase performance of the algorithm.
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1. Introduction
The mutualistic relationship between arbuscular mycorrhizal
fungi (AMF) and the majority of land plant species is one
of the most widespread mutualistic interactions on earth, and
is hypothesized to have played a key role in the colonization
of the land by plants, more than 450 million years ago1. In
this symbiosis, AMF provide their host plants with soil nitro-
gen and phosphorus2. In return, plants provide the fungi with
carbohydrates, similar to a marketplace where there are com-
petitive partners on both sides of the interactions and partners
offering the best rate of exchange are rewardeds3. Despite its
importance, the potential impact of more than 450 million
years of co-evolution between plants and AMF remains to
be tested. To investigate the influence of evolutionary rela-
tionships on these species interactions, we used a network
analysis approach in combination with dated phylogenetic
hypotheses of both plants and AMF based on an extensive
online data scraping effort.

2. Approach
Molecular marker data for AMF was obtained by scraping
the online sequence repositories MaarjAM4 and NCBI’s nu-
cleotide database, retaining database entries where host plant
data was available. All available sequence data and sam-
ple metadata was extracted and stored in a custom database.
A dated fungal phylogeny was created using unique ribso-
mal small subunit (SSU) sequences, after being sheared on
both terminal regions. Sequences in the database not cover-
ing the SSU region were discarded for the phylogeny. The
phylogeny is infered using the RAxML maximum likelihood
phylogenetic software5. This phylogeny is constrained using
the latest phylogenetic hypothesis for AMF6. A dated plant
phylogeny is constructed using the list of host plant species
associated with the obtained fungal samples. Ortholog deter-
mination and phylogenetic inference were performed using
the SUPERSMART pipeline 7.

Next, by integrating the phylogenies with the interac-
tion data, patterns in the network are analysed. Investi-
gating network properties such as nestedness, modularity
and conectance within the phylogenetic framework of plants,
fungi, or both, can elucidate patterns of co-evolution and geo-
graphic endemism. These network properties are assessed on

a broad scale containing all groups of fungi and plants, and
on a specific subset of better represented clades. Addition-
ally, we estimated the strength of the phylogenetic signal of
both plant and AMf phylogenies on the interaction network.

3. Results
Data gathering and cleanup resulted in a total of 38.496 in-
teractions between 33.959 unique AMF sequences and 838
plant taxa with sampling sites spread out across all terrestrial
ecosystems. The AMF phylogeny was created using 26.048
unique SSU sequences.

4. Prospect
In addition to the evolutionary patterns that can be elucidated
using general and clade-specific phylogenetic approaches, we
intend to infer network interaction patterns using plant trait
data and geographical distribution data. Furthermore, the
AMF dataset can shed light on geographical distribution pat-
terns of the fungi. Consequently, this large dataset can serve
as a versatile tool to investigate complex interaction patterns
for current data, and provide a backbone for future data anal-
yses.
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1. Introduction

Systemic  sclerosis  (SSc)  is  a  complex,  heterogeneous
autoimmune disease, where patients present a wide range of
symptoms.  Typical  hallmarks  of  the  disease  include
vascular abnormalities, immune involvement, and extensive
fibrosis of the skin and internal organs.  Myeloid dendritic
cells  (mDCs)  are  antigen  presenting  cells  that  have  been
shown  to  be  dysregulated  in  SSc,  and  have  a  potential
involvement  in the disease pathogenesis1,2.  To explore the
role  of  mDCs  in  SSc,  we  performed  a  transcriptomic
profiling  of  circulating  mDCs obtained  from SSc patients
with  varying  disease  severity  and  co-morbidities.  By
applying  a  gene  co-expression  network  approach,  we
stratified patients into different groups, based on molecular
and  clinical  data,  and  further  identified  key  driver  genes
potentially involved in disease pathogenesis in  these patient
groups.

2. Materials & Methods

RNA sequencing (Illumina HiSeq 2000) was performed
on mDCs isolated from peripheral blood samples obtained
from  SSc  patients,  and  sex  and  age  matched  healthy
controls.   Reads  were  aligned  to  the  GrCh38  reference
human  genome  using  HTSeq,  and  differential  expression
analysis was performed using the R/Bioconductor package
DESeq2. Genes with FDR corrected p-value >0.05 (Wald’s
test) in at least one of the clinically determined SSc subsets,
compared  to  healthy  controls,  were  considered  to  be
differentially  expressed.  The  gene  co-expression  network
was  built  using  the  Weighted  Gene  Expression  Analysis
(WGCNA) package in R/Bioconductor.  Expression levels,
given as variance stabilised data (VSD),  for  genes with a
minimum expression level > 0 counts in all samples were
used as input for network construction. 

3. Results

Using  Weighted  Gene  Correlation  Network  Analysis,
we  were  able  to  identify  42  distinct  modules  of  co-
expressed  genes  of  which  15  modules  significantly
correlated with SSc and/or disease associated clinical traits,
and were enriched in differentially expressed genes. Each of
the clinically relevant modules was typically associated with
either  gene  regulatory  pathways  like   transcription  and
translation  of  genes,  cell  cycle,  and  vesicle  mediated

transport,   or  with  pro-inflammatory  pathways  like
interferon  (IFN)  signaling,  cytokine  signaling  and
lymphocyte activation. In general, modules associated with
immune  regulatory  pathways  were  downregulated,  while
inflammatory pathways were upregulated in patients. Using
different network parameters,  we identified top hub genes
CHRNE, NFKBID, STX11, NR4A1 and NR4A3 that were
dysregulated  in  multiple  late  SSc  patients.  However,  the
extent of dysregulation of key genes and pathways differed
between patient groups. Additionally, within patient group
variability  was  observed  for  some genes,  which  could  be
associated  to  disease  related  factors  like  the  presence  of
specific auto antibodies, extend of skin fibrosis etc.  These
gene  signatures  are  expected  to  contribute  to  patient
stratification,  different  from  the  current  clinical
classification. Lastly, in addition to hub genes, we identified
transcription  factors  with  their  known  targets  in  each
module.  The transcription  factors  were  used  as  a
complementary  tool  to  find  master  regulators  in
dysregulated pathways.

4. Discussion 

Based on our RNA sequencing analysis, we constructed
a gene co-expression network for mDCs obtained from SSc
patients.  From  this  network,  we  were  able  to  map  gene
expression  signatures  describing  putative  biological
molecular  mechanisms  implicated  in  the  dysregulation  of
mDCs  in  SSc.  These  include  impairment  of  translation,
induced  expression  of  pro-inflammatory  genes  and  a
reduced  ability  to  regulate  the  immune  response,  likely
resulting  in  increased  cytokine  production,  migration  and
lymphocyte  activation,  thereby  contributing  to  SSc
pathogenesis.  The hub genes  identified  in  these  pathways
potentially  represent  novel  targets  to  restore  the  immune
system homeostasis in SSc, which we are currently testing
experimentally. Further functional studies will be conducted
to  unravel  the  role  of  these  genes  in  the  phenotype  and
activation status of SSc mDCs.
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1. Introduction

Immune cells are known to differentiate from one com-
mon hematopoietic stem cell (HSC) progenitor. Ac-
cording to the classical model, HSCs first differentiate
into multipotent progenitor cells (MPPs) which further
differentiate into distinct lymphoid and myeloid lineage
committed progenitor cells like lymphoid-primed multi-
potent progenitors (LMPPs), common myeloid progeni-
tors (CMPs) and finally further into various distinct im-
mune cells. The lineage commitment of progenitors is
now being re-evaluated and recent studies have shown
that some lineage-committed progenitors can produce cells
from other lineages1. However, since most of the studies
that evaluate differentiation potential of HSC and down-
stream progenitors are conducted in mice2, knowledge on
the hematopoietic stem cell differentiation tree in humans
remains elusive.

2. Approach

Using meticulous batch correction and data processing
methods, we analyze 27 publicly available RNA sequenc-
ing datasets of FACS sorted, unstimulated or in vitro dif-
ferentiated immune cells from healthy human donors, from
which we create transcriptome based regulatory profiles of
40 different types of immune cells. This data reveals that
human hematopoietic lineages do not necessarily follow
the classical tree of HSC differentiation but have potential
to be more flexible than thought. The regulatory networks
also highlight the commonalities and differences between
each unique cell subsets, which help in identification of
transcription factors (TF) and other genes that could play
an important role in the differentiation process and lineage
commitment. In addition, the exhaustive cell profiling aids
in the discovery of genes that are uniquely expressed in the
specific cell type, which are confirmed using RT-qPCR and
western blot assays.

3. Results

Clustering analysis showed clear separation between lym-
phoid, myeloid and progenitor cells distinctly despite the
different datasets they came from. On the basis of TF reg-
ulatory networks, the progenitors were a closely connected
group, with LMPP showing relatively higher transcrip-
tional similarity to Granulocyte Macrophage Progenitors
(GMP) and HSC, than to MPP or even MLP (Multipotent
Lymphoid Progenitor) as known in the literature. Using the
transcriptional similarity matrix and network analysis, key
TF differential between all to all cells were identified, cre-
ating a map of TF based cell-cell conversion routes. Plas-
macytoid Dendritic cells (pDC) showed higher transcrip-
tional similarity to CD19+ B cells than to other myeloid
cells.

4. Discussions

Progenitor cells considered to be lineage-restricted still
have the potential to differentiate into diverse lineages be-
cause they share a wide range of TF with other lineage-
restricted progenitors. Using parsimonious models on gene
regulatory networks, we show that LMPPs that are consid-
ered to be lymphoid primed have increased potential to-
wards myeloid lineage. In addition, the improved under-
standing of the cell-specific gene/transcription factor net-
works led us to identify and validate multiple novel lineage
and cell-specific markers. We further show application of
our findings in clinical research.
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Gene co-expression network analysis may discover the regulatory mechanisms causing phenotypic 
differences, as genes with similar expression patterns may contribute to the same molecular 
functions. The R package WGCNA defines modules (groups of co-expressed genes) by constructing an 
approximately scale-free network. Modules have an optimal size, because small modules lack power 
to statistically assign molecular functions to, while larger ones are mainly annotated to generic 
functions. Here we investigated the effect of various WGCNA parameters on network construction. 
We identified, using a parallel computational framework for parameter sweeps, the settings yielding 
a maximum number of modules with 100-200 genes. We applied our methodology on a microarray 
dataset (GSE36398) containing paired deltoid and biceps muscle samples from 12 unaffected 
individuals to find gene modules that contribute to the intrinsic differences between muscles. With 
WGCNA parameters power = 10, deepSplit = 0, minClusterSize = 15 and MEDissThres = 0.15, we 
detected a maximum number of modules with 100-200 genes (79 out of 139 modules). Linear mixed 
models were fitted to identify 14 modules (size range: 28-179; median: 121, containing 1693 genes in 
total), delineating the two muscle types, while accounting for differences in age of the participants. 
These modules contained 107 out of 128 significantly dysregulated genes (Limma R package, FDR < 
0.05) and reflected molecular differences between deltoid and biceps. These modules may provide 
new leads for exploring functional differences between muscles. 

 

Keywords: co-expression network, gene module size, WGCNA, coherent molecular functions. 
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1. Introduction 
 

Even though the survival rate of childhood cancer has 
increased in the last decades to around 80% today, it is still the 
major cause of death in children in developed countries. 
Cancer develops through the acquisition of multiple 
mutations, and it is assumed that genetic interactions between 
mutated genes play an important role in cancer onset and 
progression. A genetic interaction is defined by an unexpected 
phenotype resulting from the combination of multiple 
mutations, given the outcome of the individual mutations. One 
approach to find genetic interactions in cancer is to search for 
pairs of mutated genes that occur more (or less) often than 
expected given the frequency of the individual mutated genes. 
Highly co-occurring mutated genes suggest a cooperative role 
of these altered genes in cancer development. Mutually 
exclusive gene pairs can be a signal of synthetic lethality and 
could therefore point to possible cancer treatments. 

 
2. Approach 

 
We developed a pipeline to detect genetic interactions in 

two paediatric cancer data sets by testing for co-occurring and 
mutually exclusive pairs of mutated genes. The first data set 
(DKFZ) consists of 900 tumours including 22 cancer types 
[1]; the second data set (TARGET) comprises 1632 tumours 
from 6 cancer types [2].  

First, we performed a permutation test [3] to detect 
significant cases of co-occurrence and mutual exclusivity. In 
short, for each cancer type in both data sets we constructed a 
binary sample–gene matrix, recording per sample if it has one 
or more mutations (SNVs or indels) in a certain gene. For each 
gene pair we next counted the number of co-occurrences. We 
permuted the sample-gene matrix repeatedly (N=1x106), to 
create a null distribution and infer p-values for the observed 
co-occurrence counts. To correct for multiple testing, we 
estimated empirical FDRs by creating a p-value null 
distribution from testing 100 randomly selected permuted 
matrices (Figure 1). 

We then applied a second test, called Weighted Sampling 
based Mutual Exclusivity (WeSME) [4], that is based on the 
same principle as the permutation test, but incorporates 
several improvements resulting in a considerable decrease in 
computation time. For example, the test applies a weighted 
sampling scheme based on the sample mutation rate (instead 
of matrix permutation) to create a null distribution for p-values 
calculation. FDR estimation was done in a similar way as the 
permutation test by creating and testing 300 permuted 
matrices. 
 

3. Results 
 
In total we detect nine co-occurring and 36 mutually 

exclusive genetic interactions (having FDR < 0.2), most of 
them being significant in both the permutation and WeSME 
test. We not only confirm previously detected genetic 
interactions between significantly mutated genes (SMGs) 
[1,2], but also find many interactions that involve non-driver 
genes. This suggests that the inclusion of the whole set of 
genes instead of the set of SMGs, can lead to novel 
discoveries. 

 
4. Discussion 

 
We applied a genetic interaction test to detect co-

occurring and mutually exclusive pairs of mutated genes. The 
candidate pairs will provide us with more insight into 
paediatric cancer development and could point to potential 
therapies. As a next step, we will validate our top candidates 
experimentally to confirm the co-operative nature of co-
occurring genes and test the cell-fate of double knock-outs of 
mutually exclusive genes. 

 
References 

 
1. S.N. Gröbner et al. “The landscape of genomic alterations across 

childhood cancers”. Nature 555;321-327, 2018. 
2. X, Ma et al. “Pan-cancer genome and transcriptome analyses of 1,699 

paediatric leukaemias and solid tumours”. Nature 555;317-376, 2018. 
3. S. Park & B. Lehner. “Cancer type-dependent genetic interactions 

between cancer driver alterations indicate plasticity of epistasis across 
cell types”. Mol Syst Biol 11, 2015. 

4. Y.-A. Kim, S. Madan & T.M. Przytycka. “WeSME: uncovering mutual 
exclusivity of cancer drivers and beyond”. Bioinformatics 33; 814–
821, 2017. 

Figure 1. Permutation test to detect genetic interactions 



Genetic interactions underlying mutational signatures in paediatric cancer 
Papastolopoulou C.1,2, Daub J.T.1, Amini S.1, Holstege F.C.P.1 and Kemmeren P.1 

1 Princess Máxima Center for Pediatric Oncology, Utrecht, The Netherlands 
2 Utrecht University, Utrecht, The Netherlands 

E-mail: C.Papastolopoulou@prinsesmaximacentrum.nl, P.Kemmeren@prinsesmaximacentrum.nl 
 
 
 

1. Introduction 
The last decades significant progress has been made in 

treatments of paediatric cancers. This has increased the 
patient survival rate for many paediatric cancer types to 80%. 
Regardless of this progress, many patients encounter 
secondary effects by the surgery, treatments and/or secondary 
cancers. Paediatric cancers differ from adult cancers in many 
ways. In order to improve the treatment and the quality of life 
of the patient it is essential to elucidate the molecular 
mechanisms that underlie paediatric cancers.  

A genetic interaction (GI) is defined by an unexpected 
outcome of combined genetic alterations given the outcome 
of the genetic alteration in each gene. Genetic interactions are 
assumed to be involved in cancer and they can be predicted 
by experimental or statistical methods.  

Mutational signatures are described as unique 
combinations of mutation types and they can arise by various 
mutational processes. Remarkably, many mutational 
signatures have a known aetiology, while the contribution of 
the mutational signatures in cancer types vary according to 
cancer type. The COSMIC catalogue currently lists over 30 
different signatures of mutational processes [1, 2]. 

Investigating the role of genetic interactions in the 
regulation of mutational signatures can provide insight in 
understanding cancer formation and therapy. 

 
2. Approach 

In this study we investigate co-occurring (CO) and 
mutually exclusive (ME) pairs of mutated genes in order to 
identify candidate genetic interactions that underlie 
mutational signatures in paediatric cancer. We apply the 
Weighted Sampling based Mutual Exclusivity (WeSME, [3]) 
test on two paediatric cancer datasets (hereafter called 
TARGET [4] and DKFZ [5]) in total comprising 2500 tumour 
samples and 22 cancer types. See also poster [6] for more 
details of the approach. 

 
3. Results 
For each mutational signature, we test for candidate co-
occurring and mutually exclusive gene pairs and focus 
especially on those pairs that were not detected previously 
when testing for genetic interactions per cancer type [6]. In 
the TARGET dataset we identify 12 candidate gene pairs (11 
ME, one CO), with five mutually exclusive pairs found 
uniquely in this test and the remaining pairs overlapping with 
the results per cancer type. (Fig. 1). In DKFZ dataset we find 
74 candidate gene pairs (10 ME, 64 CO), all unique for this 
test. 
 
 

 
 

 
Figure 1. Candidate co-occurring (blue) and mutually 
exclusive (red) gene pairs in the TARGET dataset. 
Significantly mutated genes (SMGs) as determined in [4] are 
indicated. Transparent edges represent candidate pairs that 
were previously detected in a GI test per cancer type.  
 
4. Discussion 

The co-occurring and mutually exclusive gene pairs 
found by the genetic interaction test in mutational signatures 
indicate possible molecular mechanisms that are responsible 
for specific mutational signatures. These candidates have to 
be further investigated as candidate genetic interactions that 
could lead to personalized treatments and/or help us elucidate 
the mechanisms that underlie the mutational signatures.   
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Abstract: 

Pharmacological and toxicological actions are two sides of the same coin important for 
the assessment of the risk/benefit ratio and for optimizing the dosage regimen of the 
drug.  Pharmaceutical drugs are specific for endogenous macromolecules. The desired 
effects are achieved when the concentration of the chemical is tuned well so as to 
minimize adverse actions off-target. (Epi-) genetic heterogeneity of the population will 
impact drug action at both the level of kinetics and dynamics. Flutamide, used to 
combat prostate cancer comes with liver toxicity at its therapeutic dose. Oxidative 
damage here plays an important role, and is presumed to produce idiosyncratic adverse 
effects. The objective of this study is to develop an integrated tool that describes both 
the kinetic and dynamic effects of Flutamide via coupling physiological based 
pharmaco-kinetics of the drug (PBPK) to a systems biology model of ROS effects. To 
achieve this objective, two levels of hierarchy were used:  First both a PBPK model 
describing the drug-concentration time-course inside the body and a systems biology 
model describing ROS generation in liver, were made.  Second, the two models were 
coupled so as to compare predicted Flutamide toxicity in liver with its predicted 
pharmacodynamic effects in prostate, at therapeutic concentrations. Metabolic control 
analysis of the integrated model ranked the various steps in terms of importance. The 
developed model is able to predict the different factors responsible for flutamide-
induced hepatic toxicity, integrating pharmacokinetics and pharmacodynamics. 
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1. Introduction 

 
The computational model for blue light irradiation of 

psoriatic skin (BLISS) 1 reproduces the clinically observed 
average response to irradiation with blue light. However, it 
does not capture the inter-patient variability2. It is essential 
that the model accounts not only for the average patient 
response but also the inter-patient variability. One approach 
to achieve this is to develop virtual patients (VPs), which are 
parameter sets that capture the variability in the real clinical 
investigation and sample the uncertainty in the model 
parameters 3. The VP sets included in the virtual population 
should account for the possible responses from perturbing 
the model and reflect the distribution of population-level 
data 4. The application of this methodology to BLISS would 
increase the confidence in the model predictions and enable 
the model to reflect the intersubject variability.  

Here, a set of virtual patients is generated by fitting the 
distribution of the decrease in disease severity, referred to as 
change from baseline, after treatment with blue light from the 
clinical investigation of Pfaff et al. 2 to the model BLISS. 
This virtual population is then used in a series of in silico 
clinical studies that explore whether the treatment response 
of psoriasis patients can be increased by modifying the 
settings used in the therapeutic protocol. 

2. Approach 
 
To generate the virtual patients from the model, the first 

step is to define the input parameters p that describe a VP 
and set the boundaries for these parameters. Then, an n 
number of plausible patients (PPs) are made using the Latin 
hypercube sampling method. From this plausible population, 
a PP is selected at random to run the model of blue light 
treatment for psoriasis. The virtual population is built by 
selecting the population with probability proportional to the 
prevalence in the real population relative to the prevalence in 
the plausible population. 

The pool of virtual patients is used in a series of virtual 
clinical studies to assess whether the efficacy of blue light 
irradiation as treatment for psoriasis can be increased by 
using a combination of therapeutic settings different from the 
one currently used in the protocol of the clinical 
investigation 1, i.e., fluence, length of treatment, and 
frequency of treatment sessions. Sets of simulations are 
implemented for these settings (Table 1). 

 

Table 1. In silico clinical studies for therapeutic settings 
No. Tested parameter Value 

1 Fluence 15 - 500 Jcm-2 
2 Length of treatment 14 - 140 days 
3 Frequency of 

treatment sessions 
Daily, every other day, 
2/3 as either daily or 
every other day treatment 

 
3. Results 
 

We generated a population of approximately 500,000 
virtual patients that match the population-level 
characteristics of the patients in the clinical investigation. 
We analyzed the minimum number of virtual patients needed 
to obtain the same change from baseline distribution as in the 
clinical study of Pfaff et al. 2. The minimum number of VPs 
was ~2,500 patients.  

The results from the simulations performed with the 
virtual patients using different combinations of therapeutic 
settings suggest that the treatment efficacy can be increased 
for all patients, including those with low treatment response. 
This can be achieved by implementing a therapeutic protocol 
with daily treatment, and a higher fluence and length of 
treatment compared to the currently used settings.   

 
4. Conclusion 
 

This work enables the current model of blue light 
irradiation for psoriasis to reflect the inter-subject variability 
typically observed in clinical investigations and demonstrates 
the use of in silico clinical studies in the field of 
dermatology. 
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1. Introduction 
 

The Human Leukocyte Antigen (HLA, human MHC) 
system consists of a large family of highly variable genes and 
allelic variants which form the basis of the human 
immunological defense system. In stem cell transplantation, 
matching of the patient and donor is vital as small 
differences between HLA molecules of patient and donor 
may cause graft versus host disease and may have serious 
impact on the patient survival. 

To determine HLA alleles from NGS data we have 
developed NGSengine , a software application that 
reconstructs the two alleles and determines the closest match 
from the IM T/HLA database [1], the official repository of 
the HLA allele DNA sequences. The number of alleles 
recognized increases daily. However, only a small number of 
these alleles are completely sequenced. Many alleles even 
lack some of the exonic regions. Due to this incompleteness, 
typing algorithms based on these sequences introduce a bias 
towards entries with incomplete sequences, since those are 
less likely to contain mismatches with the NGS data. To 
overcome this, we have developed a method that extrapolates 
the missing sequences from other, closely related HLA 
alleles. 

 
2. Approach 

 
The nomenclature of the majority of the HLA genes 

indicates the underlying structure of the HLA system. Allele 
names contain four numerical fields, e.g. A*02:01:01:01. 
Allele names with a common first field are from the same 
allele group, names with a common second field indicate the 
same HLA protein, etc. We hypothesize that alleles with 
shared first field, and to a lesser extend second field indicate 
similar immunological reactivity, probably based on 
evolutionary close relation, and are a better candidate for 
extrapolation. 

We extrapolate missing data in incomplete IMGT/HLA 
alleles by finding the best possible extrapolation source. The 
general mechanism implemented to identify the extrapolation 
source for an allele is the first complete allele in the 
IMGT/HLA database that shares a maximum number of 
fields. In case we encounter an actual sample where the 
extrapolated sequence does not match the data, we modify 
the software to include predetermined extrapolated sources. 

 
 
 

3. Results 
 
The correctness of the extrapolation is validated using 

samples of cell lines and data from customers for which the 
pre-typing is known. Extending IMGT/HLA entries with 
extrapolated sequences improves the typing performance by 
5%.  

In a few cases, the first occurring allele in the 
IMGT/HLA that shared the most number of fields was not 
the optimal extrapolation source. E.g., we have noticed that 
for HLA-C*03 alleles with missing data, the optimal 
extrapolation source was not HLA-C*03:02:01, but HLA-
C*03:03:01. Inspecting the allele frequency list indicates that 
HLA-C*03:03 alleles are indeed more common than HLA-
C*03:02 alleles, making this a more likely extrapolation 
result. Also, a few cases were found where the ideal 
extrapolation was the second best entry in the list of possible 
extrapolation sources.  

 
4. Discussion 

 
Although the extrapolation algorithm is likely to return 

the correct missing sequence, the application of such method 
introduces some additional challenges.  

Not all HLA genes follow the nomenclature system 
indicative of the underlying structure, i.e. HLA-DPB1. For 
this gene, the only solution is to predetermine extrapolation 
sources. 

In a few cases, the algorithms returns a wrong typing due 
to missing exon sequences. The extrapolation introduces 
false exon mismatches, which classifies the allele as not 
matching. Because of these challenges, alternative methods 
have to be developed that make the typing algorithm less 
dependent on the extrapolation of missing data.  
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1. Introduction 
 
Cancer treatments can have heterogeneous response rates 
while they are associated with serious side effects. It is 
increasingly recognized that genetic heterogeneity between 
tumors influence treatment response. Patient outcomes may 
be improved by selecting the right treatment for the right 
patient at the moment of diagnosis. There is therefore a great 
clinical need for biomarkers that can aid in this treatment 
decision. The discovery of such markers, for example gene 
expression signatures, remain a major challenge. Here we 
introduce Simulated Treatment Learning (STL), a novel 
machine learning concept that enables prediction of a patient s 
treatment benefit to a certain treatment of interest based on 
their genetic profile. The key idea behind STL is that patients 
that received different treatments, but have similar genetic 
profiles in the tumor cells, can be used to model each other’s 
response to those treatments. We implement the STL concept 
in the algorithm ESTURE ( ene Expression-based 
Simulated Treatment Using similaRity between patiEnts) and 
demonstrate the utility in two Multiple Myeloma datasets.  

 
 

2. Approach 
 

ESTURE aims to predict if a patient benefits or does 
not benefit from a certain treatment of interest based on the 
gene expression profile of the patient. We define benefit as a 
significantly lower hazard to experience an event as compared 
to a group that did not receive this treatment. This algorithm 
relies on the idea that genetically similar patients who 
received a different treatment should have a large difference 
in survival, given that genetic similarity is defined in a manner 
that is relevant to treatment response. This principle is used to 
identify prototype patients: patients who received the 
treatment of interest and have a larger than expected survival 
difference with the genetically most similar patients who 
received another treatment. These prototype patients are used 
to define a classifier: new samples who exhibit a similar gene 
expression profile as these prototypes are also expected to 
benefit more from the treatment of interest. Since it is 
unknown beforehand which genes are informative, we build 
a classifier separately for approximately 10,000 gene sets, 
based on their ene Ontology annotation. The performance 
of a classifier is based on the HR found between the treatment 
of interest-arm and the other arm.  To construct a more robust 

classifier the top performing gene sets are combined in an 
ensemble classifier. We apply ESTURE in a microarray 
dataset (n  910) where patients either received bortezomib or 
not and in a RNAseq dataset (n  662) where patients either 
received lenalidomide or not.  
 
3. Results 
 

In both the bortezomib and the lenalidomide dataset we 
were able to identify a subset of the patients that benefited 
significantly more from the treatment of interest than the 
comparator treatment. In both datasets we performed a 3-fold 
cross validation. The validation performance in both, which 
results from combining the three validation folds, is shown in 
figure 1.  

 

  
 
 
 
 
 
4. Discussion 

 
We demonstrate that ESTURE is capable of finding a 
classifier that can predict treatment specific survival and 
validates in independent data. Since ESTURE validates 
across different platforms (microarray and RNAseq) and for 
two different drugs, we expect it will be widely applicable. 

ESTURE can be applied in any dataset with gene expression, 
two treatment arms and a continuous outcome measure. 
Furthermore, the concept of STL could be extended to other 
types of data and other definitions of similarity.  

 
 

Figure 1. A. aplan Meier of the validation performance in the 
bortezomib dataset. B. aplan Meier of the validation performance 
in the lenalidomide dataset.  
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1. Introduction

Complex patterned cell wall structures are important for
diverse processes in plants. For example, the xylem cell
wall provides rigidity to resist the pressure generated dur-
ing water transport. In primary xylem, two main types of
cell wall patterns occur: rings or spirals in protoxylem, and
well-separated pits in metaxylem. The ringed pattern al-
lows the early developing protoxylem to continue expand-
ing with the surrounding tissue, while metaxylem, which
develops once further expansion is no longer required, has
a more rigid pattern with pits to allow for radial transport.
These patterns are determined by an underlying cytoskele-
tal scaffold consisting of microtubules.

In metaxylem, the formation of the pitted pattern was
found to depend on the local activity of the protein Rho
Of Plants 11 (ROP11). A reaction-diffusion mechanism,
with a self-activating, slowly-diffusing (membrane-bound)
active form, and a freely diffusing inactive form, was sug-
gested as an explanation for ROP11 patterning. Protoxylem
patterning does not appear to depend on ROP11 only, but
it is highly likely that a similar mechanism involving this
and/or other ROPs is at play.

2. Approach

We used a mathematical modeling approach to investigate
the mechanism of ROP patterning. We started from an ex-
isting model of Rho proteins for polarisation of animal cells
(the so-called wave-pinning model). This model is based
on simple saturating self-activation of a single Rho protein.
The total amount of Rho protein is conserved. On small
one-dimensional geometries, this model robustly generates
a single peak of active form.

3. Results

Even upon extending the wave-pinning model to a two-
dimensional and larger geometry representing the plant cell
membrane, this model still robustly generates a single peak
of active form, because larger peaks outcompete smaller
peaks in recruiting active form. This competition can be
broken if protein production and degradation terms are in-
cluded, which limits the distance at which transient peaks
can compete. However, production and degradation may
not play a large role on the time scales during which the
patterns are established. We show that in a system with
mass-conserved, self-activating ROP, negative feedback by
ROP-GAPs (GTPase Activating Proteins) can stabilise the

multi-peak state by making transient peaks compete for ac-
tive GAP as well as active ROP (Figure 1).

Total ROP

Figure 1: Stable patterns formed by a mass-conserved ROP
model with negative feedback.

The same results are obtained for a version of the
model, in which two (mass-conserved) ROPs both inhibit
each others activation, a type of interaction suggested for
the ROPs specifying the interdigitation of the lobes in pave-
ment cells. This result indicates that the conclusions may
be broadly applicable to mass-conserved reaction-diffusion
systems with some form of (indirect) positive feedback.

The shape of the final pattern depends on the total
amount of ROP present (or the ROP production rate when
mass conservation is dropped). As this amount increases,
the pattern transitions from spots to stripes to pits (Fig-
ure 1). The spots match well with observed metaxylem
patterns. In protoxylem patterning, the transverse micro-
tubule array is thought to provide a diffusion barrier to
the membrane-bound active form of ROP. Simulations with
lowered diffusion rate in the longitudinal direction reveal
that such a diffusion barrier may indeed turn the striped
pattern into a pattern of bands or spirals as seen in pro-
toxylem.

4. Discussion

Systems with positive feedback acting on mass conserved
signaling molecules seem to function as robust mecha-
nisms of cell polarisation, leading to a single peak of active
form. Stable multi-peak states can be achieved only when
mass conservation is broken, or additional interactions,
such as negative feedback, are introduced. Metaxylem pat-
terning most likely follows the second path, since this is
a relatively fast process, and GAPs are known to be in-
volved. Protoxylem patterning may well follow a similar
mechanism, with ROP-parameters in the stripe regime and
the transverse microtubule array acting as a diffusion bar-
rier.
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1. Introduction

In synergy studies, one focuses on compound combinations
that promise a synergistic or antagonistic effect. With the
help of high-throughput techniques, a huge amount of com-
pound combinations can be screened and filtered for suit-
able candidates for a more detailed analysis. Those promis-
ing candidates are chosen based on the deviance between
the measured response and the expected non-interactive re-
sponse. This filtering process requires a single summary
measure, which indicates the degree of interaction.

2. Materials & Methods

To have a reference for measuring synergy of combina-
tions of drugs, one first has to decide on an interaction-free
model. A well-known principle of no interaction is Loewe
Additivity [1], which builds on the assumption that there
is no interaction when combining a compound with itself.
Another famous principle is Bliss Independence [2], which
assumes independence between the combined compounds.
No gold standard has been introduced as a principle of no
interaction, nor to measure such deviance, or synergy, from
the non-interactive response defined by the chosen princi-
ple. In [3], we introduced an explicit formulation of the
hitherto implicitly defined Loewe Additivity, the so-called
Explicit Mean Equation and showed that the model has a
better precision than the implicitly defined General Isobole,
introduced by [1, 4]. Those results were presented at last
year’s BioSB conference.

Figure 1: Parametric synergy minimizes error between measured
effect (left) and expected effect given ↵ (↵ < 0,↵ = 0,↵ > 0).

Figure 2: deviance based synergy (right) between the measured
(left) and expected effect assuming no interaction (middle).

To compute the extent of synergy, we apply two meth-
ods: the first one is based on minimizing the nonlinear least
squares to models formulated with a synergy parameter ↵,

which optimizes the response surface, using a grid search
over the parameter space of ↵ (see Fig. 1). The second
method we use computes the deviance of the measured ef-
fect to the expected effect (see Fig. 2). Synergy is measured
in terms of volume spanned between the measured effect
and the effect that is expected assuming no interaction [5].

We use two datasets of drug screening that are supplied
with a classification into the three synergy cases: synergis-
tic, non-interactive and antagonistic [6, 7].

3. Results & Discussion

We compare two methods for estimating synergy with the
ground truth for both data sets. Each method takes an
interaction-free model and then either fits an ↵-dependent
generalization of this model to the measured response to
find the optimal ↵, or computes the deviance between this
model and the measured response. Overall, this latter ap-
proach fares better in the sense that the computed deviances
are more strongly correlated to the ground truth classifica-
tion than the optimal ↵ parameters. Interaction-free models
based on Loewe Additivity outperform those based on Bliss
Independence, with the Explicit Mean Equation on top,
in particular when also considering robustness and speed
of computation. Although these observations are consis-
tent across the two (quite different) datasets considered in
this study, reliable comparison of different methods would
strongly benefit from the availability of more ground truth
drug screening datasets.
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Transcription is a highly regulated and inherently stochastic process. The complexity of signal 
transduction and gene regulation makes it challenging to analyze how the dynamic activity of 
transcriptional regulators affects stochastic transcription.  
By combining a fast-acting, photo-regulatable transcription factor with nascent RNA 
quantification in live cells and an experimental setup for precise spatiotemporal delivery of light 
inputs, we constructed a platform for the real-time, single-cell interrogation of transcription in 
Saccharomyces cerevisiae.  
We show that transcriptional activation and deactivation is fast and memoryless. By analyzing 
the temporal activity of individual cells, we found that transcription occurs in bursts, whose 
duration and timing are modulated by TF activity.  
Using our platform, we regulated transcription via light-driven feedback-loops at the single cell 
level. Feedback markedly reduced cell-to-cell variability and led to qualitative differences in 
cellular transcriptional dynamics. Our platform establishes a new, flexible method for studying 
transcriptional dynamics in single cells. 
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1. Introduction 
 

The human adaptive immune system employs a vast 
number (>1011) of T-cells to detect and dispose of 
pathogens. T-cells recognize antigen with their T-cell 
receptor (TCR), which consists of an alpha- and beta-chain, 
that are produced by somatic recombination in the thymus. 
Since lack of repertoire diversity may lead pathogens to go 
undetected, an important question is how repertoire 
diversity is maintained throughout life.   

We focus here on naïve T-cells, which are the cells that 
have not yet encountered foreign cognate antigen. The 
clone-size distribution of the human naïve T-cell TCR-
repertoire is unknown, and measuring it directly is not 
feasible because of the vast repertoire diversity (>108 
TCRs). We investigate whether or not differences in the 
generation probabilities of TCRs in the thymus play a role 
in determining the frequency of sequences in the naïve T-
cell pool. 

 
2. Approach 

 
Analysing the diversity of the TCR repertoire is a 

bioinformatic challenge, as one has to distinguish 
amplification and sequencing errors from genuine distinct 
sequences, that by random deletions and insertions 
accumulate true mutations. We used the Decombinator1 
pipeline to annotate TCR alpha and beta sequences of naïve 
T-cells in blood samples from adult volunteers and used 
IGoR2 to estimate their generation probabilities. 

Since it is not possible to directly assess the TCR-
repertoire in its entirety, we developed a full-scale 
mathematical model to capture the process of repertoire 
maintenance in vivo, and also incorporate heavy sampling, 
which is an inevitable aspect of all experimental 
measurements of the TCR-repertoire.  

The combination of modelling and careful quantitative 
measurements (using barcoding, error correction and extra 
purification) of TCR-sequence frequencies in the healthy 
human peripheral blood naïve repertoire, was used to study 
the impact of differential TCR generation probabilities on 
the abundance of individual TCR-sequences. 

 
 
 
 
 
 
 
 
 
 
 
 
 

3. Results 
 
We report a strong relation between the frequency of 

TCR sequences of naïve T-cells in blood samples and their 
probability of being generated in the thymus. This is 
unexpected because in adults, the vast majority of naïve T-
cells are produced by peripheral division rather than thymic 
generation. 

We used the analytical solution of our mathematical 
model to predict the full-scale clone-size distributions and 
calculated the expected frequencies of TCR-sequences in 
our samples. We find that including differential generation 
probabilities in the model is necessary and sufficient to 
describe the sequencing data of TCR alpha chains.  

At the same time, we observed TCR beta sequences at 
higher frequencies in the data, than predicted by the model. 
An additional experiment, excluding variation in TCR-
expression as a source of uncertainty, showed that there is 
indeed a substantial number of beta chains that are 
observed frequently without having a high generation 
probability. 

 
4. Discussion 

 
Using a combination of high-throughput TCR 

sequencing, sequence analysis and mathematical modelling, 
we show that generation probabilities are an important 
factor in shaping the clone-size distribution of naïve T-
cells. An explanation for the frequently observed beta chain 
sequences is that they may actually be memory T-cells with 
a naïve phenotype. Together, our results underline the 
importance of combining experiments, bioinformatics and 
mathematical modelling in analysing the complexity of 
large immunological repertoires. 
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Both agricultural lands and many natural ecosystems are 
frequently exposed to an excess of water, i.e flooding. 
This is expected to increase with extreme weather 
events. An excess of water severely hampers plant 
performance. Gas exchange is ~10,000 times slower in 
water than in air, which leads to a shortage of O2 for 
respiration or CO2 for photosynthesis, and eventually an 
energy crisis for the plant. Interestingly, tolerance and 
adaptation to flooding has evolved independently over 
200 times. Unfortunately, the vast majority of crop 
plants are very sensitive to floods. Our aim is to identify 
processes and molecular players responsible for 
adopting an aquatic lifestyle or tolerance to floods. 
Next Generation Sequencing allows us to rapidly probe 
the transcriptomic responses of wild species, and so 
learn from nature. Since crop plants and model-species 
are highly sensitive to floods, exploring flood tolerant 

wild species is essential to improve our understanding 
of flood tolerance. By comparing closely related plant 
species with contrasting responses we have identified 
key players responsible for differences in growth 
responses during flooding. Similarly, we identified 
conserved and divergent behaviour upon flooding 
among flood tolerant and sensitive species within the 
Brassicacea family. Thirdly, the recent surge in 
sequenced plant genomes has allowed us to investigate 
the evolutionary origins of low oxygen sensing, 
supposedly essential for acclimation to flooding. 
Taken together, we are slowly piecing together 
evolutionary divergent molecular steps essential for 
adaptation and acclimation to flooding using orthology 
analysis, synteny, transcriptomic and genomic 
approaches. 
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Introduction 
B cells play a key role in the adaptive immune system as 
they are able to recognize a large variety of antigens (Ag). 
They are produced in bone marrow and directed towards 
secondary lymphoid organs where they undergo affinity 
maturation within the GCs. As a result from affinity 
maturation memory and Ab producing plasma cells are 
formed with increased affinity for the Ag. The GC 
comprises complex interacting temporal and spatial 
dynamic processes at the cellular level (e.g., moving and 
interacting cells) and molecular level (e.g., interacting 
proteins in gene regulatory networks; GRNs). To 
understand potential mechanisms involved in health and 
disease (e.g., B-cell lymphoma) there is an urgent need 
for novel methods, such as multiscale modeling (MSM), 
that integrate these levels (Gao, X. et al., 2016). We aim 
to develop a MSM that integrates the GC cellular 
dynamics with a GRN representing plasma cell 
differentiation. The MSM contributes to a better 
understanding of plasma cells differentiation in GCs and 
the mechanisms involved in this process. Furthermore, we 
will be able to predict changes in cell populations 
originating from perturbations in the dynamics of GRNs. 
 
 
 

Approach  
The GRN is based on an existing model comprising 
ordinary differential equations (ODE; Martinez et al., 
2012). The GRN comprises three transcription factors that 
are activate or inhibit each other.  An existing agent-based 
model (ABM) of the GC is used to represent the cellular 
level (Meyer-Hermann et al., 2012). It describes B-cell 
behaviours in the GC including proliferation, SHM, 
selection and differentiation. In the MSM we effectively 
embed the GRN (ODEs) in each B-cell represented by the 
ABM. The GRN in each cell is regulated by BCR and 
CD40 signalling pathways that are stimulated when 
centrocyte B-cells come in contact with the Ag or TFH 
cells resulting in a modulation of their intracellular 
dynamics based on their contact duration, which is 
dependent on affinity. This may trigger differentiation of 
centrocytes to plasma cells.  One of the main challenges is 
to link the parameters of the cell-based model (e.g., 
proliferation, differentiation, apoptosis rates) with 
parameters of the GRN (e.g., kinetic constants, BCR 
signal, CD40 signal).  
 
Results 
Currently, we are implementing the model. The poster 
will present the concept of the model. 
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1. Introduction 
 

Genes located at the nuclear periphery, in lamina 
associated domains (LADs), often exhibit low transcriptional 
activity [1]. Gene silencing has been shown to cause 
relocation of the DNA towards the nuclear lamina and 
relocation of the DNA towards the nuclear lamina has been 
shown to silence some – but not all – genes. Previous 
research has shown these causal relationships in relatively 
artificial settings focusing on individual cases. It is still 
largely unclear which genes are actually repressed by being 
in a LAD environment, which genes are inactive through 
other mechanisms (such as absence of a critical transcription 
factor), and which genes are active despite being embedded 
in a LAD (“escapers”). This basic knowledge is essential for 
our understanding of the mechanisms of gene regulation in 
the context of LADs.   

 
2. Approach 

 
Here we systematically identify and characterize human 

promoters that belong to these three categories of genes, by 
comparing promoter activity in episomal context (measured 
by our SuRE assay [2]) with promoter activity in native LAD 
context (measured by GROcap [3]).  

Furthermore, we used a high throughput reporter assay 
(TRIP [4]) to investigate if differences between LAD 
promoters are encoded in their proximal sequence or reflect 
differences in LAD context.  

 
3. Results 

 
Comparing episomal promoter activity with endogenous 

promoter activity showed that, on average, promoters in 
LADs have ~10-fold lower endogenous activity compared to 
promoters in inter-LAD (iLADs) regions with the same 
episomal activity. Despite this clear general trend, not all 
LAD promoters respond similarly to their environment. To 
investigate this heterogeneity further we divided these 
promoters in three categories (repressed, inactive and 
escapers).  

We then tested directly how individual promoters 
respond to different LAD environments. We applied TRIP to 
integrate 3 repressed and 3 escaper promoters into 8902 
different genomic locations and monitor their transcriptional 
activity. When integrated into LADs, repressed promoters 
showed a more pronounced reduction in activity than escaper 
promoters. In addition, the response of each promoter 

showed substantial dependency on the local chromatin 
context of the LAD environment.  

 
 

Figure 1. Relative expression of TRIP integrations of 
repressed and escaper subtype LAD promoters. Integrations 
were separated by whether the site of integration was inside a 
LAD or iLAD 

 
4. Discussion 

 
Together these results demonstrate (1) that human 

promoters differ intrinsically in their sensitivity to the 
repressive LAD environment, and (2) substantial local 
heterogeneity exists in the repressive potential of LADs. 
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1. Introduction

Interpretation of ubiquitous sequence data has become a
bottleneck in biomedical research, due to lack of knowledge
on structure and interactions of these proteins. This hinders,
for example, our ability to interpret mutations, as observed
from SNV/SNP analysis. To address some of this gap, we
recently developed a random-forest-based (RF) prediction
method for identifying protein-protein interaction (PPI)
interface (IF) from sequence [1]. While quite accurate
compared to other sequence-based predictors, it is hampered
by long running-times, caused by generating pro,les for
each of the homologs found for the input (query) sequence.
Here, we present a practical implementation of the

method which makes use of the observation that pro,les of
the homologs may be obtained from the set of homologs
themselves. We will show that this speeds up the calculation
signi,cantly, and why, contrary to what one may expect,
prediction accuracy is not reduced.

2. Approach

Features for the RF model are conservation (sequence
entropy), protein size (sequence length), backbone /exibility
(predicted from sequence using Dynamine [1,2]), and
solvent accessibility and secondary structure (both predicted
from sequence using NetSurfP [4]), which are calculated for
the query sequence. Flexibility, solvent accessibility and
secondary structure are also calculated for max. 500 PSI-
Blast hits up to an e-value of 10e-5, and then the average
and standard deviations are used as input features. 
In the previous implementation, NetSurfP would

generate pro,les using PSI-Blast for each of the hits from
the input query. Now, we generate a full alignment of the
query hits, using muscle as a fast alignment step, and then
generate master-slave alignments for each of them to obtain
pro,les for NetSurfP. 

3. Results
The new method for pro,le generation requires up to a

few hours per query in stead of several days previously. As
can be seen in Table 1, the models’ performance score is
equal or higher in the majority of tests on all three test sets.

Table 1. Comparison of “Old” and “New” Fast&Improved RF models on

the three test-sets. Per comparison, highest scores are indicated in bold.

We then investigated the source of this improvement,
which is counter-intuitive when 30% fewer sequences are
included in the pro,les for prediction. As the only di;erence
is in the NetSurfP pro,le preparation, where we now include
a speci,c multiple-alignment step, we benchmarked the
NetSurfP predictions against the crystal structures in our
training set. Root-mean-sequare error went down from
34.3% to 32.9%, R2 down from 0.516 to 0.542 and Q3 went
up from 79.0% to 83.5%. 

4. Discussion
For heteromeric interacting proteins, the best option is

the “Fast&Improved” RF-hetero predictor which achieves
an AUC-ROC of 0.665, while for homomeric interaction,
the “Fast&Improved” RF-combined scores even better:
AUC 0.729. As in general the type of interaction may not be
known, the “New” RF-combined may be used which scores
AUC 0.645 also on heteromeric interacting proteins, making
it the best all-round choice. As the method only requires an
input sequence, and is relatively insensitive to the type of
interaction, we expect it to be of interest to many biomedical
researchers in academia and industry. A web server for easy
access is in preparation.
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“Old” 0.122 0.226 0.146 0.500 0.695 0.636

“New” 0.128 0.225 0.140 0.567 0.648 0.645

Heteromeric
“Old” 0.131 0.230 0.146 0.547 0.667 0.652

“New” 0.181 0.269 0.190 0.460 0.801 0.665

Homomeric
“Old” 0.103 0.213 0.140 0.446 0.716 0.619

“New” 0.103 0.209 0.130 0.534 0.638 0.612

Combined
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“Old” 0.277 0.462 0.383 0.581 0.734 0.724
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Heteromeric
“Old” 0.064 0.297 0.263 0.343 0.727 0.552

“New” 0.084 0.300 0.283 0.320 0.768 0.570

Homomeric
“Old” 0.265 0.454 0.373 0.581 0.722 0.720

“New” 0.278 0.466 0.376 0.612 0.709 0.728
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1. Introduction 
 

Hemoglobin protease (Hbp) is a heme-binding 
autotransporter protein secreted by E. coli. The protein 
mainly consists of β-rung structure, with a stack of aromatic 
residues in the center of the protein. Hbp passes through the 
outer membrane in an unfolded state and is folded into its 
active conformation on the outside of the membrane during 
secretion1.  

The folding mechanism of Hbp on the outer membrane 
is not fully understood. Previous work has indicated that if 
the protein is denatured in solution, it is not able to refold. 
Additionally, it has been shown that mutating one of the 
aromatic residues in the inside of the protein affects the 
unfolding process, indicating that these play an important 
role in maintaining the stability of the protein1. The current 
hypothesis is that there is a folding nucleus, consisting of the 
first few C-terminal rungs, that serves as a template for the 
rest of the protein to fold. 

In this project, we aim to gain understanding of the role 
of this folding nucleus using experimental approaches and 
computer simulations. 
 
2. Approach 

 
We used Atomic Force Microscopy (AFM) on a 

truncated mutant of the Hbp protein to characterize the 
forces needed to unfold the protein from its native 
conformation to a fully extended state. The obtained force 
curves were fitted with the worm-like chain model (WLC) to 
estimate the extension length at which the unfolding events 
take place. 

Steered Molecular Dynamic simulations were performed 
with GROMACS to predict the unfolding steps of the 
protein. Results from the simulations were visualized in 
Chimera and analyzed using LGA. Force curves from the 
simulations were created to see whether the simulation 
results are similar to the experimental results. 
 
3. Results 

 
AFM unfolding experiments show that Hbp unfolding 

mostly occurs in multiple steps. Preliminary results indicate 
that if the protein is only partially extended, refolding may 
be possible. 

The simulations show sequential unfolding of the protein 
from N- to C-terminal. There is often a large force peak for 
the unfolding of the last few rungs, suggesting that this is the 
most stable part of the structure (Figure 1). 

 

 
 

Figure 1. Hbp unfolding simulation. Top: Force-
extension curve. Bottom: L A score plot. The white color 
indicates parts of the protein that are still folded, colored 

sections indicated unfolded protein 
 

4. Discussion 
 
These results suggest that the C-terminal part of Hbp 

may indeed serve as a folding nucleus, and if the protein is 
only partly extended in the AFM, refolding may be possible. 
In addition to partial unfolding and refolding experiments, 
next steps in the project will be to perform equilibrium 
simulations around the unfolding events to gain insight into 
the energy landscape around these states. Clustering of the 
curves can provide more knowledge about the possible 
unfolding pathways of the protein.  
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1. Introduction 
 
Glioma is a deadly brain cancer comprising several 

genetic subtypes, each responding to a different treatment. 
[1] Therefore, tumour subtype identification using 
transcriptomic data is essential. As bulk tumour biopsies 
contain stromal, immune and polyclonal cancer cells , the 
resulting transcriptomic signals are mixed. This limits patient 
classification. [2]  

We hypothesized that signal deconvolution methods, 
such as Independent Component Analysis (ICA), can be 
used to extract the features with predictive power from the 
mixed transcriptomes. Here we compared three methods of 
feature extraction from high-throughput transcriptomic data 
obtained after RNA-seq analysis of glioma samples. In 
addition to gene expression, we considered exon-exon 
junctions present in the samples. They are specific to gene 
isoforms, and thus potentially could provide strong 
discriminative power for classification. 

 
2. Approach 
 
Gene and exon-exon junction expression data from 701 

glioma patients were downloaded from The Cancer Genome 
Atlas (TCGA) and log transformed. Glioma genetic subtype 
of these patients was extracted from clinical data available in 
TCGA and GlioVis repository [3].  More specifically, we 
aimed at the prediction of IDH1 mutation status and 
chromosome 1p-19q co-deletion [4]. 

Three feature extraction methods were applied on the 
expression data in order to obtain features used for 
classification: Differential Expression Analysis (DEA), 
Principal Components Analysis (PCA) and Independent 
Components Analysis (ICA) [5]. While the standard 
R/Bioconductor (v.3.4.3) implementations were used for 
DEA (limma package) and PCA (prcomp function), we 
enhanced the ICA using fastICA package as a core and 
adding parallel multiple runs to stabilize analysis results. As 
a control, we used all genes without feature selection.  

Random Forest algorithm implemented in the R package 
randomForest (v.4.6.14) was used to recover patient genetic 
subtypes from their expression data. The accuracy of the 
predictions was assessed using 10-fold cross-validation.  
 

3. Results 
 
We implemented a parallel consensus ICA algorithm, 

which was able to provide a robust decomposition of a  

 
transcriptional matrix into statistically independent and 
biologically meaningful signals (metagenes) and their 
weights (metasamples).  

The prediction accuracy was calculated based on a 
three-group classification (IDH1 mutants with co-deletion, 
IDH1 mutants without co-deletion and IDH1 wild type). The 
results are presented in Table 1 (expected accuracy for 
random guess was 0.34).  

 
Table 1: Prediction accuracy values using random forest 

classifier with 10-fold cross-validation 
Feature 

selection 
method 

Gene expression Junction expression 
Number of 

features 
Accuracy Number of 

features 
Accuracy 

None 19246 0.32 196946 / 
DEA 100 0.94 100 0.95 
PCA 100 0.95 100 0.93 
ICA 100 0.97 100 0.97 

 
4. Discussion 
 

The prediction accuracy of 0.32 using all genes was not 
better than the random guess. Most probably, this is linked 
to the signal-to-noise ratio per gene: observation of twenty 
thousand noisy genes does not allow Random Forest to 
select proper predictors.  

Applying any feature selection to expression data 
drastically improved classification accuracy, which 
increased to above 0.9.  

Interestingly, ICA, being a signal deconvolution 
method, generated the best result with an accuracy of 0.97 
from both gene and junction expression data. In addition 
ICA extracted biologically relevant signals that allow to 
characterize biopsy purity, cell proliferation, immune 
response, cell adhesion and angiogenesis. 85 ICA-derived 
features showed as well a significant (logrank p-value of Cox 
regression < 0.01) prognostic power for patient survival.  
 
References 
 
1. Dang et al., Ann Oncol. 27(4) : 599-608, 2016 
2. Patel et al., Science. 344(6190): 1396-1401, 2014  
3. Bowman et al., Neuro-Oncology. 19(1) : 139-141, 2016 
4. Louis et al., Acta Neuropathol. 131(6) : 803-20, 2016 
5. Biton et al., Cell Rep. 9(4) : 1235-45, 2014 
 

https://www.ncbi.nlm.nih.gov/pubmed/27005468
https://www.ncbi.nlm.nih.gov/entrez/eutils/elink.fcgi?dbfrom=pubmed&retmode=ref&cmd=prlinks&id=24925914
https://www.ncbi.nlm.nih.gov/pubmed/27157931
https://www.ncbi.nlm.nih.gov/pubmed/25456126


Simultaneous unsupervised inference of protein-protein contacts and

interactions

Miguel Correa Marrero
1
, Richard G.H. Immink

2,3
, Dick de Ridder

1
and Aalt D.J. van Dijk

1,3,4

1
Bioinformatics Group, Wageningen University & Research,

2
Laboratory of Molecular Biology, Wageningen University & Research,

3
Bioscience, Wageningen University & Research,
4
Biometris, Wageningen University & Research,

Wageningen, The Netherlands

E-mail: {miguel.correamarrero, richard.immink, dick.deridder, aaltjan.vandijk}@wur.nl

1. Introduction
Predicting residue-residue contacts between interacting

proteins is an important problem in bioinformatics. These

contacts can be inferred by coevolutionary analysis thanks

to the vast amount of sequences available. Coevolutionary

analysis relies on the evolutionary constraints between in-

teracting proteins to maintain the interaction, which leads

to correlated mutations amongst contacting residues [1].

These can be revealed by statistical analysis of large align-

ments of homologs of interacting proteins. It is non-trivial,

however, to avoid introducing noise (non-interacting pro-

teins) that lead to decreased contact prediction perfor-

mance.

Figure 1: Schematic overview of the algorithm. In the M step, protein

evolution models are updated according to probabilities of protein-protein

interaction. In the E step, protein-protein interaction probabilities are up-

dated using the new models of protein evolution.

2. Approach
We have developed a novel algorithm to decrease such

noise in contact prediction. The method combines coevolu-

tionary analysis with expectation-maximization in order to

simultaneously model protein-protein interaction and cor-

related mutations, with no prior knowledge of interactions

nor contacts. We use two different models of protein evolu-

tion to distinguish between interaction and non-interaction.

The coevolutionary model considers there are correlated

mutations between the two proteins, which indicates inter-

action. The null model, on the other hand, assumes the two

proteins evolve independently. The algorithm iterates be-

tween weighting proteins according to how likely they are

to interact based on these two models of protein evolution,

and predicting correlated mutations based on the weighted

alignment, until convergence is reached. An overview of

the method is shown in Figure 1.

3. Results & discussion
We have tested our method on two different protein inter-

action datasets with different levels of noise. We find that

the algorithm is able to discriminate well between interact-

ing and non-interacting proteins on the different datasets,

merely from covariance between proteins. Using the pro-

teins predicted to interact for contact prediction shows an

improvement in contact strength ranking over the naive ap-

proach of using coevolutionary analysis on MSAs contain-

ing non-interacting proteins. Furthermore, unlike previous

approaches [2,3], the method can be applied to datasets

containing many-to-many interactions.
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1. Introduction 
 
Striated fibers (SF) form the rootlet that attaches the 

eukaryotic cilium to the cytoskeleton in all 
ciliated/flagellated eukaryotes. In Diphoda species (bikonta; 
i.e. ciliates, excavates, algae, and SAR species) rootlets are 
composed of SF-assemblins (SFa’s). SFa’s have undergone 
massive expansion in several Diphoda lineages, especially in 
ciliates, but maintained only one copy in other lineages, like 
algae.  

This raises several questions: How are the SFa’s in algae 
and ciliates related? And how do all the paralogs interact to 
form the highly conserved ciliary rootlet structure? And 
lastly, what is the functional relevance of the big expansion 
of SFa’s in ciliates? 

 
2. Approach 

 
We searched for and cataloged all SFa sequences in 169 

eukaryotic species and performed phylogenetic analyses to 
identify the relationships between all SFa’s. We performed 
detailed sequence analysis as well as secondary structure 
prediction on the SFa’s.  

Individual Tetrahymena SFa’s were tagged with GFP 
and their localization measured using high-resolution 
structured illumination microscopy. The 5D8-antibody was 
used to mark the ciliary rootlets and functioned as reference. 

 
3. Results 

 
Phylogenetic analysis revealed three ancient SFa sub 

families, of which one is conserved in nearly all 
ciliated/flagellated Diphoda species, while the other two are 
conserved in excavate, ciliate and apicomplexa species. It is 
these latter two groups that have expanded significantly in 
ciliate species with 9 paralogs in T. thermophila and more 
than 70 in P. tetraurelia. We identified a 10th SFa in the T. 
thermophila genome, which is the bonafide ortholog of the 
algae SFa.  

We mapped the phylogenetic relationships of all SFa's 
and find perfect sub-functionalization after duplication of 
SFa's in relation to the position in the ciliary rootlet (Figure 
1). 

Secondary structure predictions suggest that SFa protein 
structure consist of one long alpha-helix and that SFa’s 
interact with each other by forming coiled-coil multimers. 
Placement of hydrophobic residues suggests an unusual 
heptad-hendecad-heptad coiled-coil motif arrangement that 

corresponds to the 29 aa domain repeat previously observed 
in the Chlamydomonas SFa1. Differences in the amount of 
hydrophobic and charged residues are observed between the 
SFa subfamilies that may suggest attuned stress-absorbing 
abilities at the various sections of the rootlet.  

 

 
Figure 1. Localization of SFa's in T. thermophila ciliary rootlets 
perfectly corresponds to phylogeny.  

 
4. Discussion 

 
 Although there is a clear order in which SFa's are 

preferably incorporated into the rootlet structure, the actual 
arrangements and stoichiometry of the SFa's in T. 
thermophila remains clouded. It is also uncertain if the SF 
components in the rootlet are strictly separated into well-
defined zones or if there are transition zones. SF’s are 
known to extend or contract based on mechanical stress. We 
are currently investigating the role for subcomponents in 
mechanical stress mitigation and the dynamics of the rootlet 
assembly in T. thermophila.  
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1. Introduction 
 

Hepatitis C virus (HCV) is an enveloped single-stranded 
RNA virus that uses the human gene expression machinery 
to facilitate viral replication through mechanisms that are 
incompletely understood. HCV exclusively infects 
hepatocytes, but only a fraction of hepatocytes in the liver is 
infected.  Our understanding of genomic, cellular and 
functional changes in hepatocytes induced by HCV infection 
so far is based on analysis of “bulk” cells, which inevitably 
is a mixture of infected uninfected cells. The advances in 
single-cell technology allow us to decipher the heterogeneity 
in transcriptomes of hepatocytes of chronic HCV patients 
and to characterize the specific virus-induced modulation of 
gene expression in individual hepatocytes. 

 
2. Approach 

 
Single hepatocytes were isolated from liver biopsies of 

treatment-naïve chronic HCV patients using fluorescence 
activated cell sorting (FACS) in which staining for specific 
antibodies allowed us to gate different cell types and isolate 
single hepatocytes in single microwells. The sequencing 
library was prepared using the SMARTseq 2 method. Gene 
expression profiles of hepatocytes were obtained by the 
modified DropSeq single cell sequencing approach, which 
produced paired-end reads with one mate containing cell 
barcodes and molecular barcodes (UMIs), while another 
mate transcriptional information. The sequencing data was 
analyzed using a pipeline consisting of the following steps: 
tagging cell and molecular indexes for corresponding reads, 
poly-A or adapter trimming and quality-based filtering, 
alignment to the reference genome (hg19 or NC004102), 
cell-associated UMI counting. The reads were first aligned 
to the HCV genome to detect HCV gene expression in 
individual cells. Based on HCV-NS3 gene expression, cells 
with an expression in the highest 10 percentile were labeled 
as infected (I), and in the lowest 10 percentile as uninfected 
(N). All other cells were called as intermediate infected (M). 
Human gene expression profiles from I and N cells were 
compared to identify differentially expressed genes. 

 
3.  Results  

We observed highly heterogeneous transcriptomic 
profiles in hepatocytes isolated from distinct patients. The 
number of expressed genes in a single cell in individuals 
varied from 35 to 5764. Infected cells across all patients 
showed a significantly more active transcriptome than 
uninfected cells, defined by the number of cells with more 
than 1000 genes expressed (95% vs. 17%, respectively). 
Nevertheless, the expression of albumin (ALB) and 
proliferation-related genes, such as APOA1, were highly 
expressed in both infected and uninfected cells. Also, the 
differentially expressed genes between uninfected and 

infected cells presented high levels of inter-patient 
heterogeneity (Figure 1). Interestingly, tumor suppressor 
gene TP53 was highly down-regulated in infected cells 
compared to un-infected cells all 3 male patients, but not in a 
female patient. Similarly, heterogeneous de-regulation of 
genes involved immune response was noted. In 2 patients, 
interferon induced genes IFI6 and IFI44 had a lower 
expression in infected cells than that in un-infected cells. But 
their virus-induced down-regulation was not found in other 2 
patients. 

 
4.  Discussion 

We developed a technique and bioinformatics pipeline 
to study transcriptomes of single hepatocytes obtained from 
small liver biopsies from patients.  Our results demonstrate 
difference in gene expression in HCV-infected and 
uninfected cells. The heterogeneity observed between 
patients is interesting and might reflect the different clinical 
outcomes of this complex chronic disease. This approach to 
evaluate gene expression of individual hepatocytes is 
currently being used to determine the genes active in 
infected cells, with special emphasis on those that are 
implicated in development of HCV-induced liver cancer.  

 
 

Figure 1. Top differentially expressed genes in HCV-
infected hepatocytes 
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1. Introduction 
 

Genome-wide association studies (GWAS) are very 
useful to find correlations between disease-related 
phenotypes and single nucleotide polymorphisms (SNPs). 
However, some genes that are affected by SNPs may only be 
expressed during development, which makes it difficult to 
link disease phenotype to molecular mechanisms. We 
therefore created an atlas of the human embryonic kidney in 
order to reveal the expression pattern of disease-related 
genes during development. 

 
2. Approach 

 
We retrieved a human embryonic kidney (week 16 of 

gestation) from abortion material and measured the 
transcriptomes of 8160 individual cells using the 10X 
Genomics platform. To smoothen the raw gene expression, 
we employed a method based on K-nearest neighbour [1] in 
addition to size factor estimation [2]. In our dataset, 18 cell 
types were identified based on hierarchical clustering and 
the expression of known markers. Finally, gene expression 
in transient cells types was compared to lists of genes from 
GWAS studies. 

 
3. Results 

 
We identified 18 clusters of cells in our dataset, each 

mapping gene expression of specific cell types in the 
developing human kidney (Figure 1). These cell types were 
determined by expression of genes known from literature 
and confirmed with either immunostaining or single 
molecule fluorescent in-situ hybridization. Moreover, we 
have found a range of new useful markers for each of the 
identified cell types. 

We mined the GWAS catalog for SNPs with kidney 
related disease-phenotypes and examined the expression of 
the associated genes in the different cell types.  
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Figure 1. 2-dimensional t-SNE representation of the 

transcriptomes of 8160 individual cells of the developing 
kidney. NPC = Nephron progenitor cells, iNPC = induced nephron 

progenitor cells, LH = loop of Henle, END = endothelial cells, 
UBCD = ureteric bud / collecting duct, DT = distal tubule, 

PT = proximal tubule, MES = mesangial cells, CSB = comma 
shaped body, pPOD = pre-podocytes, IPC = interstitial progenitor 

cells, RV = renal vesicle, POD = podocytes, PTA = pre-tubular 
aggregate, LEU = leukocytes, PERI = pericytes, PEC = parietal 

epithelial cells 
 
4. Discussion 

 
In this study we describe a valuable resource for kidney 

research. By mining the GWAS catalog we identified kidney 
disease related genes that are only expressed during the 
development of the kidney. This implies that the causes of 
these adult phenotypes may have embryonic origins. 
Moreover, we believe this study will guide researchers 
developing in vitro models of the embryonic kidney. 

 
References 

 
1. F. Wagner, Y. Yan, and I. Yanai, “K-Nearest Neighbor Smoothing 

for High-Throughput Single-Cell RNA-Seq Data”. Biorxiv.org, Pre-
print ahead of publication. 

2. A. T. L Lun., K. Bach, and J. C. Marioni. (2016). “Pooling across 
cells to normalize single-cell RNA sequencing data with many zero 
counts”. Genome Biology, 17(1), 75 



Exploring human pancreatic -cell plasticity using single-cell RNA sequencing 

Nathalie roen1, M. Muraro2, A. Mahfouz3,4, N. van der Stap1, M. Engelse1, A. Rabelink1, R. Hoeben5, A. van Oudenaarden2, 
M. Reinders3,4, E. de oning1,2, F. Carlotti1 

 

1Department of Internal Medicine, LUMC, Leiden 
2Hubrecht Institute, NAW, Utrecht  

3Computational Biology Center, LUMC, Leiden 
4Delft Bioinformatics Lab, TU Delft 

5Department of Molecular Cell Biology, LUMC, Leiden; the Netherlands. 
 

E-mail: n.groen@lumc.nl  
 

 
1. Introduction 
 

Understanding and controlling changes in islet cell 
identity may lead to novel therapeutic strategies in diabetes 
type 1 and type 2.We recently developed an ex vivo model of 
spontaneous transdifferentiation of primary human β-cells 
into glucagon producing α-cells1. More specifically, after 
dispersion of human intact islets into single cells, β-cells 
convert into α-cells during reaggregation in culture. The goal 
of this study is to unveil the molecular mechanisms involved 
in this process using single-cell RNA-seq. 

 
2. Approach 

 
Human pancreatic β-cells were lineage traced, using a 

RIP-Cre-ERT2 construct and CMV-GFP reporter with a 
loxP-flanked transcriptional roadblock, to monitor the cell 
fate of initial β-cells. Single-cell RNAseq (SORTseq2) was 
used to map the transcriptional profiles of lineage traced β-
cells sorted at different time points (6h, 24h, 2d, 5d and 7d) 
post dispersion and reaggregation. To explore the transition 
from β- to α-cells, the expression profiles of GFP-labelled 
lineage-traced β-cells were arranged based on α- and β-cell 
specific transcriptional similarities representing the trajectory 
of conversion. 

 
3. Results 

 
The transcriptional profiles of 5943 cells were obtained 

from six donors. The molecular pathways affected in islet 
cells upon dispersion and reaggregation, hypothetically 
leading to the observed β- to α-cell conversion, (e.g. 
unfolded protein response, eIF2 signalling and mitochondrial 
dysfunction) collectively point toward ER stress. 

Interestingly, converted β-cells, i.e. GFP+ glucagon-
expressing cells, sorted at various time points post dispersion 
display a transcriptional signature similar to native α-cells 
with a near total loss of β-cell specific genes. Moreover, a 
small subset of GFP+ cells show a mixed profile with co-
expression of α- or β-cell specific transcription factors with 
the β- or α-cell specific genes respectively. 

Pseudotemporal arrangement of single GFP+ cells, 
arranged based on α- and β-cell specific transcriptional 
similarities, revealed that various α- and β-cell marker genes 
(e.g. IAPP, MAFA, NPTX2, GC) and several other genes 
and pathways gradually changed. Cells in transition from β- 
to α-cells do not show altered expression of progenitor 
markers such as SOX9 and RFX6, indicating a rapid switch-
like conversion process without dedifferentiation state. 
Instead, intermediate cells in between β- and α-cell profiles 
differentially express genes related to ER stress response. 

 
4. Discussion and conclusion 

 
Single-cell RNAseq reveals that β- to α-cell conversion 

triggered by dispersion and reaggregation is accompanied by 
ER stress, the unfolded protein response and mitochondrial 
dysfunction. Similarly, chronic hyperglycemia and 
hyperlipidemia in type 2 diabetics induce ER stress and 
mitochondrial dysfunction eventually leading to β-cell 
identity loss and β-cell failure. 

Further exploring pathways involved in the process of 
conversion and identifying the key regulators responsible for 
the rapid identity switch may ultimately help advancing 
treatments for maintenance or restoration of β-cell function 
in diabetes. 
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1. Introduction 
 

Single cell extensions have been developed for numerous 
molecular biology assays, but the progress has been limited 
for mapping of protein-DNA interactions. The main tool to 
study these interactions consists of chromatin 
immunoprecipitation followed by sequencing (ChIP-seq). 
While ChIP-seq can be used on a large set of antibodies, 
inefficient fragmentation and pulldown, substantial 
background noise and a labor-intensive protocol have 
hampered single-cell efforts. On the other hand, protein-DNA 
interactions can be mapped using DamID-seq, in which a 
protein fusion with E. coli Dam methyltransferase leads to 
localized adenine methylation. DamID has already been 
successfully implemented to generate single-cell contact 
maps with the nuclear lamina, but this has proven difficult for 
other nuclear targets1. 

 
2. Approach 

 
We are implementing a combination of the two 

technologies to have the best of both worlds: pA-DamID. In 
pA-DamID, a primary antibody is bound by a fusion of 
protein A and Dam in purified, (unfixed) nuclei. After in vitro 
Dam activation, the regular DamID protocol can be used to 
prepare sequencing libraries. Importantly, the nuclei remain 
intact during this procedure and can be sorted in separate 
wells to allow for single-cell measurements. Besides 
mapping, pA-DamID has the possibility to visualize protein-
DNA interactions using the previously developed 
MethylTracer – a fusion of a truncated DpnI restriction 
enzyme with GFP2. 

 
3. Results 

 
We have expressed and purified the pA-Dam fusion 

protein and validated that the Dam enzyme retains its activity. 
Initial tests of pA-DamID with antibodies against the nuclear 
lamina (LMNB1) confirm that we can use this method to 
identify genomic regions bound to this compartment. 
Furthermore, we have applied this method to the H3K27me3 
histone modification to show that this DamID extension is not 
limited to the nuclear lamina.  

 
Besides these bulk experiments, following FACS sorting 

of nuclei in single wells we have been able to successfully 
map the nuclear lamina contact profile in single cells. In 
accordance to recent literature, we have observed a trend for 
stronger lamina interactions during the cell cycle (G1, S, G2 

phases)3. We are currently optimizing the procedure to 
generate higher quality data tracks.  

 
4. Discussion 

 
Overall, pA-DamID is an interesting alternative to 

(single-cell) ChIP-seq due to the absence of pulldown steps, a 
simple protocol and possibility to visualize protein-DNA 
interactions in isolated nuclei. Progress in the development of 
this tool will be presented. 
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Introduction 
 

Single cell RNA-seq (scRNA-seq) provides an 
effective way to explore the transcriptome of 
heterogeneous populations at single cell resolution. 
This has proved especially useful in the 
investigation of highly dynamic processes such as 
tissue development, cell differentiation, and 
cancer. Despite its meteoric rise, only a few 
preprocessing pipelines exist that are able to 
perform all steps from the original fastq files to a 
gene expression table ready for further analysis. 
Here we present Sharq2 (Single-cell Hierarchical 
Assignment of Reads and Quality Control), a 
versatile preprocessing pipeline designed to work 
with plate-based 3’-end protocols that include 
Unique Molecular Identifiers (UMIs), such as 
SORT-seq1. 

  
 Approach 

 
Sharq is structured as a linear pipeline going from 
fastq input to gene expression table and 
culminating with a plate diagnostic report that 
makes use of information from all preceding steps 
(Figure 1). 

 
In addition to performing all steps required for the 
proper analysis of the data, such as initial fastq 
merging, mapping, and transcript counting, 
Sharq’s preprocessing pipeline is characterized by 
several additional steps designed to ensure the 
quality of the data and maximize retrieved 
information. The first of these steps consists of a 
triple trimming approach that prevents the 
inclusion of low complexity and low quality reads, 
either by completely excluding faulty reads, or by 
trimming away unwanted segments from otherwise 
high-quality reads. Next, reads are mapped with 
STAR and compared with reference annotation 
files to infer their feature of origin. Ordinarily, this 
is a problematic step that results in loss of data, as 
current tools cannot unambiguously assign reads if 
they overlap two or more annotated features. 
Sharq solves this problem with a hierarchical read 
assignment performed according to a customizable 

list of priorities. Following this stage, a barcode 
recovery step is performed to recover misread 
barcodes that can be uniquely traced back to 
known sequences. 

 

 
Figure 1: Flowchart representing the steps performed by 
Sharq. The plate diagnostic tool uses data gathered from 
intermediate outputs, represented here with a dashed 
line. 

 
Finally, a plate diagnostic step gathers information 
from all preceding tools and generates a visual 
report containing several helpful metrics. A 
threshold to define live cells is adaptively 
calculated based on controls such as artificial 
spike-ins and reads detected in empty wells. 
Additionally, transcripts counts and spike-in 
abundances are displayed on a grid-like 
representation of the original plate, making it easy 
to spot systematic spatial errors. 

   
Conclusions 
 
Owing to its tremendous promise, the field of 
single-cell RNA sequencing is growing at a 
momentous pace. Sharq matches the advances 
made in the lab with a set of computational tools 
tailored to exploit the strengths and limit the 
pitfalls of scRNA-seq. 
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1. Introduction 
 

Single-cell RNA-sequencing (scRNA-seq) is 
transforming our ability to study heterogeneous cell 
populations. However, the analysis of such data is not trivial, 
with cell type classification representing a major recurrent 
challenge. At the moment, optimized unsupervised 
clustering, combined with quantification of marker gene 
expression is most often used to identify cell types per 
cluster. However, not all cells have measurable expression of 
the relevant marker genes due to mRNA drop-out. 
Classification based on clusters and on only a few genes is 
also error-prone, as it only uses only a subset of the available 
information. Furthermore such manual approaches are time-
consuming and require in-depth knowledge of cell type 
specific markers. 

 
2. Approach 

 
Here, we present CHETAH (CHaracterization of cEll 

Types Aided by Hierarchical clustering), an automated, 
robust and easy-to-run cell type identification method for 
scRNA-seq data. CHETAH is based on the use of scRNA-
seq reference data for each different cell type of interest. 
After constructing a dendrogram from these reference 
groups, classification proceeds in a stepwise manner guided 
by this tree. Each cell is given confidence scores for all the 
possible classifications, including scores for the intermediate 
steps, for the following reason. Sometimes the data does not 
warrant definite classification, for example if cells have low 
sequencing coverage, but also for cells that are not fully 
differentiated. In such cases the confidence scores allow for 
the assignment to less specific cell types such as T-cell’ 
rather than the definite cell types such as CD4 T-cell  or 
CD8 T-cell . 

 
 
 
 
 
 
 
 
 
 
 
 
 

3. Results 
 
We validate the effectiveness and efficiency of 

CHETAH using several previously published tumor datasets 
(Tirosh et al., 2016; Puram et al., 2017) as well as a novel 
dataset, all containing both tumor and non-tumor cells. In the 
published datasets that provide cell type labels, the 
CHETAH classification is identical to that in the original 
publication for 85  of the cells. The large majority of the 
remaining cells is assigned to a more general cell type in the 
same branch, and less than one percent of the cells is 
classified differently. Importantly, cells of a type for which 
no reference data is available are consistently not classified. 
In a novel pediatric cancer dataset, CHETAH identification 
finds the same cell types as experts in this field. In 
conclusion, CHETAH fulfils an unmet need in scRNA-seq 
data analysis that is generally applicable and will broaden in 
utility with the availability of more reference datasets. 
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1. Introduction 
 
Mass cytometry (CyTOF) is a valuable technology for 

high-dimensional analysis at the single cell level1. 
Identification of different cell populations is an important 
task during the data analysis. Many clustering tools can 
perform this task. However, they are time consuming, often 
involve a manual step, and lack reproducibility when new 
data is included in the analysis. Learning cell types from an 
annotated set of cells solves these problems. However, 
currently available mass cytometry classifiers are either 
complex, dependent on prior knowledge of the cell type 
markers during the learning process or can only identify 
canonical cell types. We propose to use a Linear 
Discriminant Analysis (LDA) classifier to automatically 
identify cell populations in CyTOF data. 

 
2. Approach 

 
We applied LDA on four public benchmark datasets, 

AML, BMMC, PANORAMA and Multi-Center, for which 
manually gated populations were available, and compared 
the classifier performance with two recent state-of-the-art 
methods for classifying CyTOF data, ACDC2 and 
DeepCyTOF3.  

Further, we tested LDA performance on a large dataset4 
(~3.5 million cells) with more detailed cell subtyping, 
containing 57 cell types (HMIS dataset). Additionally, we 
used a k-NN classifier to check whether the performance of 
a non-linear classifier would outperform the linear LDA 
classifier. 

To evaluated the quality of the classification, we 
calculated the median F1-score across all cell types, as well 
as the maximum difference in population frequencies, 
defined as 𝛥𝛥𝛥𝛥 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖�𝛥𝛥𝑖𝑖 −  𝛥𝛥𝑖𝑖� , where 𝛥𝛥𝑖𝑖  and 𝛥𝛥𝑖𝑖 represents 
the true and the predicted percentage cell frequencies for the 
i-th cell population, respectively.  

 
3. Results 

 
LDA shows comparable results to ACDC and 

DeepCyTOF among all four benchmark datasets, when 
comparing LDA performance with the reported values in 
these two studies (Table 1). For the BMMC and the 
PANORAMA datasets, LDA outperformed ACDC owing to 
LDA’s ability to detect rare cell populations, with 
frequencies < 0.5% of the total number of cells, which were 

the main cause of the ACDC’s low performance. Compared 
to DeepCyTOF, LDA had a comparable F1-score (weighted 
average of F1-scores per cell type size). Furthermore, LDA 
accurately estimates cell population frequencies, with a 
maximum difference in population frequencies 𝛥𝛥𝛥𝛥 of 0.4%, 
0.65%, 0.64% and 1.1% for the AML, BMMC, 
PANORAMA and Multi-Center datasets, respectively. 

Applying LDA to the HMIS dataset, representing a large 
dataset with deeper annotations, resulted in a median F1-
score of 0.79. However, this performance drop did not affect 
the estimated population frequencies, where the maximum 
difference 𝛥𝛥𝛥𝛥  was 0.46% among all the 57 cell types. 
Moreover, applying the k-NN classifier (k = 50) on the 
HMIS dataset results in a median F1-score of 0.81, 
suggesting that adding non-linearity to the classification 
process does not improve the performance significantly. 

 
Table 1. Median F1-score of LDA versus ACDC and DeepCyTOF 
Dataset LDA ACDC DeepCyTOF 

AML 0.95 0.93 n.a. 
BMMC 0.85 0.60 n.a. 
PANORAMA  0.95 0.88 n.a. 
Multi-Center* 0.93 n.a. 0.93 

n.a. = not available. 
*Weighted F1-score. 

 
4. Discussion 

 
We showed that a linear classifier can be used to 

automatically assign labels to single cells in mass cytometry 
data. Using four different CyTOF datasets, LDA achieved 
similar or better performance to more complex methods like 
ACDC and DeepCyTOF. Further, LDA is scalable to large 
datasets with deeply annotated cell subtypes and provides 
accurate estimates of cell type frequencies. 
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1. Introduction

Cell free DNA contains fragments from cells throughout
the whole body, including possible tumor cells. Determi-
nation of tumor fragments in a sample would enable easy
screening for (recurrent) cancer. Theoretically this is pos-
sible by identification of fragments with an SNV that is
unique for the tumor cells. To achieve the highest sensitiv-
ity possible one would prefer to reliably call variants per
fragment, which is hindered by sequencing errors. Meth-
ods to obtain such information exist but are based on Il-
lumina sequencing, for which the sample preparation and
machines come with high investment costs. This limits
their implementations to specialized laboratories and in-
creases the turnover time per sample.

In Cyclomics, DNA fragments (inserts) are ligated to
specifically designed adapter fragments (backbones). This
backbone attaches to both ends of the insert fragment,
forming a circle. Using rolling circle amplification (RCA)
we obtain a lengthy DNA fragment where the base pair se-
quence repeats the sequences of the insert and backbone
repeatedly. These lengthy fragments are sequenced using
nanopore sequencing. As the insert sequence is repeated
multiple times we can combine their measurements and
discern sequencing errors from actual base changes. This
approach significantly reduces investment costs that come
with the implementation of methods that provide similar
results.

2. Approach

We aim to create a consensus basecall based on raw data
directly, instead of basecalling the reads first. Our main
motivation for this approach is that basecalling first intro-
duces systematic errors, such as false positive deletions in
regions with little measurement variation per k-mer.

We create a raw sequence that imitates the expected
backbone in raw sequencing data using previously base-
called reads. The backbone sequences in the read are rec-
ognized by mapping the raw backbone sequence onto the
raw read using dynamic time warping (DTW). By splitting
the read signal at every backbones start and end position
we obtain the raw sequences that reflect the inserted DNA
fragment.

If a reference sequence is known, we can create the ex-
pected raw signal analogous to the backbone. For further
processing, we warp the raw data onto this raw reference
signal, similar to the resquiggle function implemented in
Tombo1. If the reference sequence is not known we use

a. b.

Figure 1: a. Subsection of the backbone detection error ma-
trix using DTW. Red lines mark optimal mappings match-
ing backbones, blue rectangles mark the regions containing
inserts in the raw signal. b. Several extracted insert sig-
nals showing the amount of variation in the raw sequences.
Gray lines mark a subset of matches between pairs of raw
sequences.

DTW to warp all signals onto each other and attempt to cre-
ate consensus basecalls using the connections between all
points. The final consensus basecaller can either be imple-
mented using deep learning approaches or as an extension
on top of existing basecallers.

3. Discussion

The general approach of Cyclomics is promising and, us-
ing a basecall first approach, already shows results that
are clearly applicable for diagnostic screening of specific
SNVs. However, it comes with several blind spots, render-
ing it impossible to determine the full base pair sequence
of a region and limiting the targeted SNV detection to base
pair positions that are part of easily basecalled k-mers. We
expect that by combining raw nanopore sequencing data
before basecalling we can reliably tell variations from se-
quencing errors.
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1. Introduction

With its stapler-sized dimensions and thousand-dollar

initial investment cost, the MinION brought affordable

portable nucleic acid analysis within reach [1]. Base call-

ing large read sets however remains a computationally de-

manding and time-consuming step. As future develop-

ments in nanopore sequencing may allow higher sequenc-

ing capacity [2], the efficiency of base calling will likely

become an increasingly important factor.

For applications in which a known nucleotide sequence

is of interest, it would suffice to initially detect the charac-

teristic pattern for this sequence in the raw current signal

produced by the MinION, thus circumventing the need for

base calling entire read sets and lowering computational re-

quirements.

2. Approach

We aim to filter MinION reads containing a target sequence

by training small recurrent neural networks (RNNs) to de-

tect chunks of the target sequence directly in the signal

(Figure 1). In short, this approach will allow (1) omission

of the intermediate full-read base calling step, (2) fast par-

allel processing, as networks process reads independently

(3) added efficiency by discarding reads after a subset of

RNNs did not return correctly ordered hits and (4) easier

training as the number of examples of a given chunk in

training data increases with decreasing chunk size. As an

initial proof of concept, we trained a single small RNN to

recognize ‘ATGTC’ in a base called Escherichia coli read

set [3].

Figure 1: Schematic of the proposed sequence detection method for

MinION reads. In short, an array of small RNNs is trained to recognize

chunks of the sequence. The sequence is identified if chunks are detected

in the right order.

Figure 2: Classified MinION signal displaying the two types of false

positives that were prevalent; alternating patterns (left and right) and con-

tinuous stretches (AGTTC, middle).

3. Results

The trained RNN consistently recognized the target five-

mer in held-out test reads. Many false positives were re-

turned as well; however, this number declined as training

progressed. Two patterns in false positive regions can be

discerned; one of alternating classifications and one of con-

tinuous false positive stretches (Figure 2). Interestingly,

recognized edges of the latter co-occurred with edges of

events denoting other five-mers.

4. Discussion

We propose a method to detect predetermined sequences

directly in nanopore signals using an array of small RNNs.

Preliminary results for a single RNN show that a target five-

mer was successfully recognized, although false positive

rate remained high. We hypothesize that the RNN was not

exposed to sufficient negative examples of the k-mers that

were erroneously classified as the target. In future work,

we will improve on the presented method by (1) adapting

the choice of negative examples fed to the RNN to include

erroneously classified non-target k-mers more often and (2)

investigate the conditions under which alternating patterns

of classification are returned.
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1. Introduction 
 

TranSMART is a data warehouse which enables sharing, 
storing and analyzing biomedical data. It was originally 
developed by Janssen R&D in 2009 and has been a 
prominent member of the data warehousing arena every 
since. It has been actively adopted in pharmaceutical 
companies, universities and academic hospitals worldwide. 

 
2. Approach 

 
The Hyve has recently worked on the development of 

new functionalities in the 17.1 project sponsored by Pfizer, 
Sanofi, Abbvie and Roche and developed a new tranSMART 
17.1 backend. TranSMART 17.1 includes such features as 
supporting longitudinal data, samples and many performance 
and security improvements. 

 
In parallel to the backend developments, The Hyve 

implemented a new, modern and intuitive tranSMART 
interface: Glowing Bear. Glowing Bear supports the features 
from the new backend and demonstrates improved 
performance, which was achieved primarily by using the 
Angular 4 framework and adjusting the query structure to 
leverage the capabilities of the new backend. 

 
3. Results 

 
Glowing Bear supports the new functionalities 

implemented in tranSMART 17.1: 
1. cross-study and ontology term support 
2. support for time series and longitudinal data 
3. possibility of saving your queries and subscribing to 

them to be notified about newly added data. 
 
Glowing Bear is often referred to as cohort builder or 

cohort selector, as it is specialized in defining patient and 
sample cohorts. Glowing Bear was developed as a stand 
alone tool, which implies that the new interface is not limited 
to querying tranSMART. Work is ongoing to connect the 
interface to multiple backends with a structure similar to 
tranSMART, including the i2b2 clinical data warehouse, the 
distributed i2b2 Shrine network and the privacy preserving 
MedCo data network. 

 
To summarize, Glowing Bear is a new, modern interface 

on top of tranSMART (that can also be run stand alone), and 
it enables you to leverage new tranSMART 17.1 
functionality and build cohorts you were not able to build 
before. Using the functionality of Glowing Bear, research 
questions previously beyond the capabilities of tranSMART 
can now be asked, e.g., “How many patients had treatment A 
in the year 2016?”. 

 
Further improvements of Glowing Bear include the 

possibility of selecting patients based on gene expression, 
protein abundances or SNPs. The Hyve also plans to 
integrate Glowing Bear with Fractalis to enable advanced 
analysis and visualization including scatter plots and 
heatmaps. 
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1. Introduction

Many workflow systems for the execution of Next Gen-
eration Sequencing (NGS) pipelines exist, but integration
of such solutions into the complete clinical genetics data
analysis routine is either ad hoc or lacking entirely. Man-
aging incoming data from a sequencing provider, receiving
metadata from a Laboratory Information Management Sys-
tem (LIMS), delivering results to a LIMS, and submission
to downstream filtering and interpretation applications are
frequently required integrations that are difficult to imple-
ment. An important reason for end-to-end integration is
critical timeliness of certain results, e.g., noninvasive pre-
natal testing. Furthermore, automated integration leads to
less (human) errors, ultimately improving the overall quality
of the results. Finally, by handling the entire data analysis
within one platform, uniform logging and provenance is pos-
sible. Notwithstanding the end-to-end integration, having a
strict separation between the pipeline and the integration in-
frastructure is beneficial because it makes the infrastructure
reusable and allows the domain expert to focus purely on the
pipeline. To provide this functionality, we have developed a
flexible infrastructure consisting of specialised components
that provide the integration between both external and in-
ternal systems including our High Performance Computing
(HPC) environment.

2. Implementation

Our infrastructure is organised around loosely coupled ser-
vices, i.e., microservices that provide an Application Pro-
gramming Interface (API). The communication protocol
uses a lightweight, self-descriptive JSON payload over
HTTPS following the principles of REpresentational State
Transfer (REST), i.e., our endpoints focus on resources
not on functionality. Microservices allow for small, robust
and easy-to-understand applications that enable parallel au-
tonomous development, deployment, and testing. Additional
(graphical user) interfaces can be independently developed
and added when necessary. In our infrastructure we explic-
itly allow for manual overrides and bypassing of each of the
services, thereby eliminating single points of failure. We use
X.509 certificates for secure service-to-service communica-
tion. All software is available under an open-source software
license. Following is a description of the core services, their
relationships are shown in Figure 1.

Transfer Handles the receiving and storing of collections
of files, e.g., FASTQ files from a sequencing provider and

TransferSequencer Cerana

Colibri

Amegilla Pipeline

Florea

LIMS

User

Sentinel

Logging

Figure 1: High-level overview of relationships.

their associated metadata. Its primary goal is to guarantee
the integrity and completeness of the metadata and of each
file on the receiving storage system. The metadata is vali-
dated against a per project defined JSON-schema in which
additional constraints can be enforced.

Cerana Gathers the sample metadata from a LIMS and
combines it with the file metadata provided by the Transfer
service. Batches of samples are combined into runs and
propagated to Florea.

Florea Executes and tracks a pipeline run on an HPC
cluster using the DRMAA interface.

Sentinel Provides an interface to a metrics database with
global NGS data analysis statistics, with information about
runs, samples, coverage, etc.

Amegilla Acts as an adaptor for legacy systems, for exam-
ple, our LIMS only communicates by reading and writing
files. Amegilla wraps file-based communication and pro-
vides a REST interface to the other microservices.

Logging Allows for aggregation of log files, enrichment
of log files, and tracking of provenance by a central installa-
tion that collects log files from all microservices.

Colibri Provides a dashboard that allows our end users,
laboratory specialists, to view the status of samples, runs,
results, and metrics.

3. Discussion

Since April 2017 we operated an infrastructure for end-to-
end NGS data analysis and processed 19,606 NGS samples
consisting of 107,447 files in 235 runs. For 17 runs (7%)
intervention was required because of issues with our mi-
croservices (3), the network (5), or the pipeline (9).
The infrastructure is generic, it is not tied to any particu-
lar workflow system or pipeline (or NGS for that matter).
Amegilla and Florea, being responsible for integration with
external systems, have some specifics for our local situation,
some work would be needed to support other resources.
Our central logging service currently only stores the individ-
ual log entries. We are working on enriching the information,
aggregate data and use it for error detection and notification.
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1. Introduction

In cross-institutional collaboration efforts like BBMRI, a
suitable and scalable infrastructure for authentication and
authorisation is needed. It should be easy to define and
trace who has access to data and resources. Within the
BBMRI2.0 and NFU Data4lifesciences WP7 project we
have investigated a solution to provide single-sign on and
easy access on BBMRI non-webbased resources such as
the the BIOS analysis pipeline on HPC Cloud.1

2. Approach

COmanage, a FIAM solution that was under investigation
at SURF for technological innovation, and acknowledged
by the European AARC project has been tested and con-
figured in a Proof of Concept. Figure 1 shows an high
level overview of the architecture. This solution offers var-
ious advantages both for researchers and for resource own-
ers. Researchers on the one hand can log in to federated
services using their own trusted institutional account. Re-
source owners, on the other hand, can open up their re-
sources to users of remote institutions with the knowledge
that the identity of these external users has been checked
and vetted according to nationally (SURFconext) or glob-
ally appointed policies (the eduGAIN policy). In addition,
the administration of users/members can be delegated to
the principal investigator of a collaboration project. The
principal investigator can invite or accept new participants
via enrolment workflows and create collaboration groups.
Based on these group memberships, the roles and access
rights of users in the collaboration can be derived and used
by applications and resources (e.g. VM management con-
soles, wikis, HPC resources, data platforms, etc.) to man-
age authorisations. For the sake of accountability and trace-
ability, the solution provides an audit trail. To meet the
requirement to manage access to non-web resources (e.g.
command line interfaces) in a similar way, this FIAM solu-
tion offers users functionality to link SSH keys or one-time
tokens to their institutional account.

1This poster was also presented at the Health-RI 2017 conference in
December.

Figure 1: High-level overview

3. Discussion

With this approach, researchers can sign in to federated
services using their own trusted institutional account. Re-
source owners can open up their resources to members of
the collaboration, including users of remote institutions,
with the knowledge that the identities of external users have
been checked. PI’s dont need to chase resource owners for
manual account creation.

The need and solution as identified in the BBMRI2.0
and NFU D4LS project can be used in other uses cases such
as the BBMRI data catalogue and other examples identified
in the Data4lifesciences project as well. It can also form
an important component in the Virtual Research Environ-
ments.
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1. Introduction

Preprocessing RNA sequencing (RNA-seq) data typically
consists of the following steps: initial check of sequence
quality based on diagnostic quality plots, sequence filter-
ing to remove adapters and low quality bases, filtering con-
taminations from other organisms, and a second quality
control run to confirm that the processed sequence data is
acceptable for subsequent analyses. Although software to
perform quality control of fastq data and filtering or trim-
ming exists, there is no adequate and comprehensive tool
that would cover all preprocessing steps commonly used
on RNA-seq data. We here introduce FastqPuri, an auto-
mated and most efficient implementation for preprocessing
fastq files from RNA-seq.

2. Approach

FastqPuri is written in C and R (for html reports) and con-
sists of 6 executables. Qreport creates a quality report in
html format. The report contains graphs with (1) per posi-
tion sequence quality, (2) histogram of the number of low
quality base calls per read, (3) low quality proportion per
nucleotide, per tile and per lane, (4) average quality per
position per tile per lane, (5) low quality proportion per
position per tile per lane, (6) low quality proportion per
position for all tiles and lanes, (7) nucleotide content per
position. Graphs (5) and (6) indicate how many reads will
be discarded or trimmed at a certain quality threshold, in-
formation that cannot be retrieved from graphics showing
averages. For contamination screening, FastqPuri offers
two methods depending on the size of the potential con-
taminating genome or sequences. If it is less than 10Mbps
makeTree creates a 4-ary tree, for larger sized contaminat-
ing sequences, makeBloom creates a bloom filter. Contam-
inations, technical sequences and low quality bases are fil-
tered and trimmed by trimFilter (single-end sequencing) or
trimFilterPE (paired-end sequencing data). Finally, Sre-
port generates summary reports for a list of Qreport out-
puts from raw or filtered fastq data, delivering an overview
over all samples of a data set.

3. Results

We compare the options of FastqPuri with existing tools
in Table 1. None of the existing applications integrates all
preprocessing steps and meets our needs in terms of versa-
tility, efficiency and visualization.

Tool name input QC QF Ad cont PE Year
FastqPuri fq.*

p p p p p
2017

afterQC [1] fq
p

⇠
p

⇥
p

2017
Cutadapt [2] fq,fa,gz ⇥ ⇠

p
⇥ ⇥ 2011

trimmomatic [3] fq,gz ⇥
p p

⇥
p

2014
Biobloom [4] BAM/SAM,fq.* ⇥ ⇥ ⇥

p
⇥ 2014

FastQC [5] fq,gz
p

⇥ ⇥ ⇥ ⇥ 2010
SolexaQA++ [6] fq,gz

p p
⇥ ⇥ ⇥ 2010

RSeQC [7] BAM/SAM
p

⇥ ⇥ ⇥ ⇥ 2012
RNA-SeQC [8] BAM

p
⇥ ⇥ ⇠ ⇥ 2012

QoRTs [9] BAM
p

⇥ ⇥ ⇥ ⇥ 2015

Table 1: Provided functionality of FastqPuri and existing
tools. QC: quality control, QF: low quality filtering, Ad:
removes technical sequences, cont: removes contamina-
tions, PE: handles paired end data, Year: year of publica-
tion.

Moreover, FastqPuri outperformed existing tools de-
signed for the individual task. FastqPuri was faster and
more memory-efficient than FastQC and trimmomatic. In
addition, FastqPuri can search for and remove reads from
contaminating species, and did this faster than BioBloom
tools. Running all modules of FastqPuri took 35.01 min-
utes on 51.5 million single-end reads of 51 nt. Sequentially
running FastQC, trimmomatic, BioBloom tools, and again
FastQC took 57.32 minutes.

In summary, FastqPuri is a highly efficient toolset for
comprehensive preprocessing of RNA-seq data. It includes
quality control, quality-based, technical and contaminating
sequence filtering, and informative plots and reports. It out-
performs common tools in performance and memory effi-
ciency.
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1. Introduction 
 

Health research uses large scale (omics) methods to 
study the state of an individual, organs, and increasingly 
tissues and single cells. These methods can measure gene 
expression, epigenetic modification, and protein abundances. 
Metabolomics complement the aforementioned methods by 
studying the abundances of small molecular compounds in 
e.g. bodily fluids, tissue samples and breath.  

Changes in metabolism are relevant for many diseases, 
such as metabolic diseases, hereditary diseases, various 
forms of cancers, and the symbiotic interaction of the gut 
microbiome and the (human) body. Pathway and network 
approaches are extensively used to integrate various data 
types and other information sources, in order to understand 
measurements and results in their biological context. 
Unfortunately, not all measured metabolites can be linked to 
metabolite identities present in biological pathway models, 
which make it more complicated to use metabolomics data in 
pathway and network analysis.  

 
2. Approach 

 
 
In order to overcome this intrinsic mismatch between 

metabolomics experiments and knowledge bases, we use the 
ontological information from ChEBI [1]. With this, we 
create additional mappings to metabolites in the pathway 
database WikiPathways [2]. With this approach, we can 
connect compounds classes (e.g. fatty acid, lipids), tautomers 
and/or charge states (e.g. ionisation into acid or base) to 
individual molecules in a data set. By applying this method 
on various publicly available datasets in the MetaboLights 
[3] repository, we want to estimate the increased mapping 
that chemical ontologies can provide. 
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1. Introduction

Protein or DNA motifs are sequence regions which possess
biological importance. These regions are often highly con-
served among homologous sequences. The generation of
multiple sequence alignments (MSAs) with a correct align-
ment of the conserved sequence motifs is still difficult to
achieve, due to the fact that these typically short fragments
get overshadowed by the rest of the sequence. Here we
extended the PRALINE [1] multiple sequence alignment
program with a novel motif-aware MSA algorithm in order
to address this shortcoming.

2. Approach

Our method incorporates explicit information about the
presence of sequence motifs, which is then used in the dy-
namic programming step by boosting the amino acid sub-
stitution matrix towards the motif. The strength of the boost
is controlled by an ↵ parameter. Figure 1 shows the influ-
ence of ↵ on a resulting pairwise alignment.

Figure 1: Pairwise alignment without (↵ = 0) and with
(↵ = 10) motif boosting. Amino acids shaded in light gray
match a motif pattern (A-A in this example). The maxi-
mally scoring path through the dynamic programming ma-
trix is shown in light red. The resulting pairwise alignments
are shown at the bottom.

In order to estimate reasonable settings for the motif
weight parameter ↵, we apply a knowledge-based approach
on a reference data set, similar to the way the BLOSUM
matrices [2] are determined. This estimate, ↵⇤, can be in-
terpreted as the sequence conservation signal encoded by
motifs.

3. Results

In order to test the performance and the effect of ↵ on
the overall alignment quality, we ran MA-PRALINE over
a range of ↵ values on alignments from BAliBASE con-
taining conserved sequence motifs. The results show that
as ↵ increases, the overall SP score remains relatively sta-
ble, while the motif score increases. This suggests MA-
PRALINE is able to optimize motif-rich regions while not
significantly influencing regions which are already aligned
well.

We want to see whether the viable range of ↵ found in
the BAliBASE [3] benchmark (5 < ↵ < 20) can also be
statistically verified. Our data derived estimate of ↵ (named
↵⇤) is calculated over the HOMSTRAD [4] data for motifs
from PROSITE [5] of varying length. We find ↵⇤ values
that are within the viable parameter range, with ↵ = 15
considered a good default setting.

Finally, we show through a number of real-world use
cases the type of problems MA-PRALINE can help with.
The use cases we study include two families of metal bind-
ing proteins, as well as the HIV gp120 envelope protein.
In the latter we improve the alignment of the variable loop
regions. The glycosylation patterns in these regions are im-
portant for the virus in the evasion of an immune response
from the host.

4. Discussion

We present our novel motif-aware alignment method MA-
PRALINE. Two orthogonal approaches are used to esti-
mate the value of the motif boosting strength, which are
found to be in accordance. We additionally explore a num-
ber of real-life multiple sequence alignment use cases to
demonstrate how MA-PRALINE could be used improve
the biological fidelity of sequence alignments by treating
sequence motifs more accurately.
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1. Introduction 
In the last decade, omics-based approaches such as 

transcriptomics and metabolomics have become valuable 
tools in toxicological research, and are finding their way into 
regulatory toxicity. (1,2) One promising framework to bridge 
the gap between the molecular-level measurements and risk 
assessment is the concept of Adverse Outcome Pathways 
(AOPs). (3) These pathways comprise mechanistic 
knowledge and connect biological events from a molecular 
level towards an adverse effect after exposure to a chemical 
at higher biological level. However, the implementation of 
omics-based approaches in the AOPs and acceptance by the 
risk assessment community is still a challenge. (2) Therefore, 
tools are required for omics-based data analysis and 
visualization, and to link the data to the traditional AOPs. 

 
2. Approach 

Here we show how WikiPathways 
(www.wikipathways.org), an open science pathway database, 
can serve as a viable tool for this purpose. Therefore, an 
AOP Portal has been created (http://aop.wikipathways.org) 
with a collection of molecular-level AOPs on which omics 
datasets can be mapped an analysed. Besides that, we are 
making WikiPathways more interoperable with aopwiki.org, 
the main knowledge-base that collects and stores AOPs. 

 
 

3. Results 
 Currently, the AOP Portal on WikiPathways consists of 
a panel of AOPs that are based on various resources such as 
aopwiki.org, the AOPXplorer application and directly from 
literature. One example that connects omics data to the 
concept of AOPs by using WikiPathways is the AOP on 
pulmonary fibrosis. (4) The collection of AOPs will grow 
with, for example, the inclusion of the AOPs that are being 
developed in EU-ToxRisk project, an “Integrated European 
‘Flagship’ Programme Driving Mechanism-based Toxicity 
Testing and Risk Assessment for the 21st century”, in which 
AOPs play a central role. (5) 

4. Discussion 
The open and collaborative nature makes WikiPathways 

a fast growing platform that is applicable in a wide range of 
biomedical research fields in which omics-based approaches 
are used. Also, its use of ontologies, OpenAPI 
documentation and FAIR (Findable, Accessible, 
Interoperable, Reusable) approaches makes WikiPathways 
interoperable with many other data sources. By introducing 
AOPs in WikiPathways and linking these with the AOPs in 
aopwiki.org, we addressed the interoperability issues and are 
making WikiPathways a useful tool for the regulatory 
toxicity community and for toxicological research in general. 
We aim to make this integration support the determination of 
biological plausibility and therefore a suitable for decision-
making in REACH (Registration, Evaluation, Authorization, 
and restriction of Chemicals) dossiers for risk assessment of 
chemicals. 
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1. Introduction 

Distinguishing pediatric cancers and their associated 
tumor subtypes can lead to targeted therapeutic strategies and 
ultimately lead to an increase in survival. DNA methylation 
bead arrays are used in addition to whole exome sequencing 
and RNA sequencing since it is probably beneficial for 
identifying and diagnosing different pediatric tumor 
(sub)types. To process DNA methylation data in a fast, robust 
and standardized way, an automated pipeline for both 
diagnostics and research is developed including tasks to 
predict or explore distinct tumor (sub)types.  
 
2. Approach 

In-house methods and three existing R-packages (Minfi, 
Meffil and ENmix) are used to create a quality control (qc) 
report which visualizes the performance of sample-dependent 
and sample-independent control probes available on the 
Illumina Infinium MethylationEPIC array and other qc 
statistics, such as distribution of E-values, number of beads 
and average intensities. 

Furthermore, to fingerprint samples, E-values are 
calculated for fifty-nine single nucleotide polymorphism 
(SNP) probes that measure exclusively the presence of a 
known SNP (rs-probes). These values are clustered via k-
means resulting in three groups specific for genotypes AA, 
AB or BB. Twenty SNPs are then selected for genotype 
profiling based on the following criteria: probe location is 
autosomal, SNP is not directly correlated to disease related 
gene, SNP with high minor allele frequency ( 0.4), good 
separation of genotype groups in clustering (distance  0.25) 
even for poor quality data (robust) and an even distribution of 
patients over the different genotypes. A classifier is trained on 
the cluster labels and E-values to predict the genotype profile 
of a new sample. The genotype profile is compared to other 
DNA methylation genotype profiles or to sequencing derived 
genotype profiles.   

DNA methylation intensities are used to classify the 
tumor into tumor specific subtypes. For diagnostic purposes, 
a central nervous system (CNS)  specific classifier1,2 is used. 
Whereas in a research setting, a classifier is being developed 
to distinguish prognosis related subgroups in 
rhabdomyosarcoma.   

Finally, a data model and database are designed using 
Mol enis as framework that contains all dependencies 
(inputs, software versions, settings) and outputs of the 
pipelines, including DNA methylation. The database queries 
use either the REST-api from command line or alternatively 
R or Python.  

 
3. Results 

An automated pipeline is being developed specific for 
Illumina Infinium MethylationEPIC which consists of three 
tasks: (1) quality control, (2) genotype profiling and (3) data 
analysis such as clustering or classification. Within one day, 
all dry-lab analyses on DNA methylation intensity data-files 
can be finished. The pipeline provides a qc report which can 
be used to judge the quality of the array, the involved wet-lab 
processes and the sample material for one or multiple 
samples. This helps identifying poor quality data which can 
negatively influence downstream analysis steps.  

enotype profiling is implemented to identify possible 
sample swaps between methylation and sequencing methods, 
within a window of four runs (one run contains a maximum 
of eight samples). 

Tracking and tracing samples and reproducing results of 
specific analyses is made possible through a full audit trail 
which is generated and stored in a database. When a specific 
task fails in a pipeline, it is possible to debug the code and 
pick-up the analysis with the failed task as the starting point.  

 
4. Discussion 

Currently in diagnostics, DNA methylation data is 
analyzed for all CNS tumors. The aim is to perform DNA 
methylation arrays for all solid tumors in the nearby future 
and possibly blood tumors. By using our pipeline on those 
DNA methylation intensity data files in both diagnostics and 
research, it is very likely to be able to identify and distinguish 
new tumor (sub)types based on DNA methylation profiles.  

A genotype profiling task is designed to identify potential 
sample swaps within a window of four runs. It is possible to 
identify sample swaps over a longer time-period, but then the 
uniqueness of the profiles is not guaranteed, since only twenty 
probes are used for the SNP fingerprint. As the SNP 
fingerprinting probes do not overlap coding regions, an 
independent method will be selected as a gold standard’ to 
link the genotype profiles of DNA methylation and exome 
sequencing. 

We have implemented an infrastructure which allows us 
to execute our pipeline independent of the run-time engine. It 
is currently running on a local high-performance compute 
cluster and we are working on scaling out to a cloud solution. 
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1. Introduction 
 

At this moment many computer technologies are 
available for setting up collaborative research 
environments, for example in the cloud. Due to its role as 
ICT knowledge centre and service provider for research 
institutions in the Netherlands SURFsara has assessed these 
technologies and concluded that setting up such an 
environment, including conditions such as authentication, 
resource provisioning on multiple infrastructures, budgeting 
and accounting, is still difficult.  

With the SURF National Research Cloud we are 
building in close collaboration with research communities 
an environment that will facilitate such collaborative 
research environments.  In this demo we will demonstrate a 
prototype environment for the SURF National Research 
Cloud.  It will show how researchers can create a virtual 
collaborative research environment (called a workspace) on 
demand by selecting from a catalogue items like datasets or 
applications and choosing the infra-structure to deploy 
them on. This workspace can then be made accessible to 
the selected collaborating researchers through AAI methods 
developed in the SURF Science Collaboration Zone 
innovation project [1].  

This work is financed by the SURF innovation program 
‘Linking data and compute infrastructures', where we work 
with early adopter groups to build a sustainable and 
collaborative infrastructure for researchers.  

 
2. Approach 

 
 In our approach for designing the national research 
cloud we started from the idea of an, adhoc, organization 
which wants collaborate in a virtual research environment 
by clicking together such a workspace by choosing 
applications and datasets in an easy to use web user 
interface. The interface offers the choices for components, 
budget, infrastructure and groups. For the chosen (virtual) 
collaborative organization, access to the workspaces that 
are provisioned should automatically be provided, though 
both command line and web access. 

As shown in figure 1, people from different institutes 
create a group together, either national or international, 
with or without institute credentials. The middle of the 
figure shows the research environment, created within the 
national research cloud user interface. The last part of the 
image shows the chosen infrastructure resources, which can 
be local SURFsara resources, resources on a connected 
institute infrastructure, or even public cloud resources. 

 
3. Results 

 
In the demo of the national research cloud we show the 

prototype user interface with the catalogue filled with a 
limited number of items which can be provisioned on two 

chosen infrastructures, namely the SURFsara HPC Cloud, 
and the EMBL-EBI Embassy cloud.  

 

 
 

Figure 1. National Research Cloud overview 
 
 
 

4. Discussion 
 
For acceptance and use of the national research cloud it 

is important to fill our application and dataset catalogue 
with relevant entries. For this we want to set up first user 
co-creation projects with the research community. 
Furthermore, we want to test our demo environment on 
usability. Also, the consequences of supporting 
provisioning of, parts of, workspaces on public clouds need 
to be reviewed and discussed with the community. 
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1. Introduction

Chromosome folding can result in spatial proximity of dis-
tant elements in the linear genome, profoundly affecting
genome functionality. Pair-wise contact information can
be obtained from chromosome conformation capture meth-
ods. However, most methods are population-based and,
therefore, disregard variation between cells.

Multi-contact 4C-seq (MC-4C) is a novel approach
that measures single-allele multi-component contacts
within a cell population1. Therefore, allele variability for
chromatin contacts can be considered, enabling discrim-
ination between concurrent and independent contacts oc-
curring in different cell sub-populations. Here we present
a visualization tool for interactive exploration of MC-4C
data aimed to facilitate interpretation of the relationships
between the various genomic contacts observed.

2. Approach

Conventional 4C-seq contact profiles show contact fre-
quencies between a region of interest (ROI) and every other
loci in the genome. For MC-4C data a secondary site
of interest (SOI) is defined to investigate three-way con-
tacts. Enrichment and depletion of contact frequencies in
the SOI-relative contact profile are suggestive of concurrent
and mutually-exclusive interactions, respectively.

By implementing a visualization of the data in which
a SOI can be selected interactively, alternative SOIs can be
assayed, potentially leading to the discovery of previously
unidentified multi-way contacts. Additional guidance on
SOI selection can stem from recurrent conformations ob-
served across the various alleles. These conformations may
be revealed through cluster analysis of the data.

3. Results

The MC-4C data visualization tool currently includes func-
tionality for plotting and clustering MC-4C data, dynamic
SOI selection, and cluster inspection. Required input files
are obtained from the existing Python-based MC-4C data
processing pipeline1. An interactive interface implemented
with Bokeh2 allows data analysis based on user input and
immediate display of subsequent results.

Selection of a SOI on the contact profile plot exerts
computation of a relative contact profile based on the alle-

1

Contact profile

ROI SOI

Circos-like plotDendrogram

Cluster informa�on

Figure 1: MC-4C data visualization tool interface.

les bearing contacts with the SOI. Contact frequencies for
tertiary contacts are compared to the expected profile. Ad-
ditional details on the pair-wise contacts considered for the
selected SOI are provided in a circular plot.

Clustering is performed employing user-preferred pa-
rameters, allowing users to assess their suitability for each
dataset. Moreover, optimized algorithms can be imple-
mented and added in the future. The grouping of various
alleles is shown in a dendrogram; clusters are obtained by
truncation and their relative contact profile plots are over-
laid for comparison.

4. Discussion

The interactive visualization tool for MC-4C data presented
here allows straightforward inspection of tertiary contact
frequencies for various SOIs. Moreover, it integrates un-
supervised clustering of the single-allele conformations to
reveal recurrent arrangements. The combination of multi-
contact association and cluster analyses may provide novel
insights into chromosome interactions, in particular for cell
or time specific contacts that are otherwise obscured in
population-based approaches.
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1. Introduction 
 
Bioinformatics workflows are often deployed but they 

are difficult to document, resulting in missing details which 
makes it harder to be shared and reproduced. We introduce 
JUpyter Notebook Interactive Predictive EnviRonment 
(JUNIPER) [1], an “end-to-end” solution for clinical and 
“omics” data integrative analysis which can be incorporated 
in to a FAIR [2] data platform (e.g. myFAIR [3]). It is open 
source, plugin-based and includes built-in machine learning 
(ML) modules. JUNIPER is completely transparent as all 
used libraries are open source. It can be run both locally and 
remotely. 

 
2. Approach 

 
JUNIPER has two components (Figure 1), a web-based 

graphical interface and a wrapper. The wrapper loads the 
plugins, in which bioinformatics methods (in R or Python) 
are wrapped, and supplies the metadata to the graphical user 
interface (GUI). The GUI allows the users to select the 
methods, define parameters and apply it on datasets to create 
an “end-to-end” workflow. The workflow can then be 
exported to an executable Jupyter notebook [4], along with a 
Dockerfile [5]. This enhances reproducibility with all the 
code, parameters and embedded comments available in a 
single notebook.  

To ensure methods written in both R and Python can be 
used simultaneously in the same notebook, we utilize the 
rpy2 package [6]. 

We demonstrate the utility of JUNIPER by comparing 
the classification results with those from GenePattern [7] 
example notebook “classification and prediction – RNAseq” 
[8] to identify leukemia subtypes. 

 
3. Results / discussions 
 

We have implemented a prototype of the application, 
which can successfully generate a test notebook using the 
metadata supplied by the wrapper. More than 23 machine 
learning methods are already included in the prototype.  

JUNIPER can be launched on a desktop using a Docker 
container or a virtual machine. The users can see the current 
workflow and parameters used for each method. When 
JUNIPER is deployed on a server, currently only one user at 
a time can access it but in the future it will be possible for 
multiple users simultaneously. The data size is only limited 
by the size of the RAM of the computer used. 

 
 

 
 

 
 

Figure 1. Overview of JUNIPER. The web-based interface (A) generates a 
Jupyter notebook (B) and a Dockerfile (C). Both the interface and the 
generated notebook use the wrapper (D). 

 
Compared to GenePattern, JUNIPER has more ML 

methods implemented and does not require remote server 
access, which ensures sensitive data is not exposed. A 
similar application is RapidMiner [9], which provides more 
ML methods whilst the code is not transparent. JUNIPER 
uses the scikit-learn package [10], which is a popular open 
source machine learning library funded by several 
institutions and companies. Unlike BiocImageBuilder [11], 
JUNIPER not only generates the Dockerfile which contains 
the dependencies but also generates the Jupyter notebook. 
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A FAIR solution to a database containing data associated with exercise and 
training 
Kevin van Rooijen 

University of applied sciences  

In data science, progress is being made to make data more Findable, Accessible, Interoperable and Reusable (FAIR). 
Currently, scientists and other data creators store all of their data using their own formats and terminology. When 
researchers try to review other people's datasets, the process of finding and transforming data into a usable format 
takes up too much time which could otherwise be used to do more experiments. Introducing the FAIR principles to 
data storage is proposed to reduce these problems. In this project, we develop a database based on the FAIR 
principles to store RNA sequencing data and exercise-related metadata generated during Generade's Genes on the 
Moves (GOM) study. 
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Abstract
The goal was to develop an interac ve visualiza on applica on for gene expression data. Gene expression data using RNA sequencing (RNA-Seq) has increased in popularity
and gives rise to a lot of new RNA-Seq data. This amount of data poses challenges for effec ve visualiza on of results. Interac ve plo ng of the results simplifies the analysis
and interpreta on of the data and aids in the recogni on of biological pa erns or mechanisms. The researcher can switch quickly between different me points (contrasts) or
samples, select different thresholds and cutoff values, and visualize plots in the most informa ve way. The ability to upload and visualize data in a convenient and intui ve way
and on-the-fly analysis from fragmented RNA files are possible with AViDE.

Materials and Methods

AViDE is wri en in R with Shiny1 and can be run as server on any pla orm with R
installed. The input for AViDE is a count file containing the RNA-Seq fragments and a
sample sheet. The sample sheet contains the informa on of the samples and their
respec ve groups (see figure 1).

Figure 1: In this example, three different groups are shown with their respec ve samples. An analysis between groups
can subsequently be done which is called a contrast2.

The flowchart in figure 2 shows howAViDE processes the ini al data to an interac ve
visualiza on. Data will be transformed into a data format which AViDE can read.

Figure 2: The flowchart shows different steps AViDE takes to generate the plots. AViDE uses reac ves to improve perfor-
mance with large datasets.

Results

AViDE displays the results of the sta s cal analysis in an interac ve way in a clean
looking and logical environment. The AViDE interface consists of three different
parts (figure 3). Each tab has a different subject for the RNA-Seq analysis. In these
tabs different plots are shown (figure 3.3). The graphical loader allows the user to
easily load the RNA-Seq data (figure 3.2).

Figure 3: (1) Tab system. (2) Loading tool (3) Plot visualiza ons. From le to right: Volcano plot, MA-plot, Heatmap,
log-plot, Beeswarm plot, 3D PCA, Circle of Correla ons and Sample Distance Heatmap, PCA, and MDS-plot.

One of the central plots is the volcano-plot tab (figure 4). In this tab the volcano
plot shows as a good example where certain cut-off values can be set as a threshold.
When altered, the thresholds in the figure will change. Data points can be clicked
or hovered over and more informa on will be shown. This type of interac vity is
common across all the different plots.

Figure 4: The volcano plot page in AViDE under Differen al Expression Plots.

Conclusion
Many different plots have been introduced to AViDE and these can be altered interac vely. AViDE enables the researcher to quickly switch between these for the best analysis.
AViDE assists researchers by providing insights into their data through interac ve visualiza ons.
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Introduction 

Bioschemas is a collection of specifications providing 
guidelines to facilitate a more consistent adoption of 
schema.org markup within the life sciences. Schema.org 
delivers a way to add semantic markup to web pages. This 
structured information then makes it easier to discover, 
collate and analyse distributed data. [1] 
 
The MOLGENIS platform [2] hosts many databases, 
amongst which many patient and mutation registries. 
These databases help clinicians and researchers 
worldwide to gain more insight into the relations between 
the genetic variants and symptoms of rare disease 
patients. Prominent instances are: 

 
1) DEB-Central (https://www.deb-central.org/), a registry 
for dystrophic epidermolysis bullosa (DEB) patients and 
DNA variants in COL7A1 containing 1000 patients and 
>650 variants. [3] 

2) CHD7 Database (http://chd7.org/) contains data on 
CHD7 variations and phenotype, 554 mutations in 895 
patients. [4] 

3) Microvillus Inclusion Disease Patient Registry 
(http://www.mvid-central.org/) contains data on MVID 
patients and MYO5B, STX3 and STXBP2 mutations plus 
phenotypes. [5] 

4) AIP Mutation Database (https://aip.fipapatients.org) 
collects variants related to pituitary adenoma 
predisposition (PAP) and familial isolated pituitary 
adenoma (FIPA) and clinical information. [6] 

These databases are hosted in the MOLGENIS software, 
which is open source and available for free from 
http://molgenis.org. Here we describe how we 
implemented BioSchema for these registries.  

 

Results 

We added structured metadata descriptions to these 
patient registries using BioSchema in JSON+LD format. 
These metadata denote name, type, context, organisation 
and location of the registry, followed by dataset 
descriptors denoting type, name, identifiers, keywords 
and key phenotypes measured. Finally, a contact reference 
to the data provider is available. 

Discussion 

Using BioSchemas, we have used machine-readable 
metadata to increase the findability of patient and 
mutation registries, making it easier to find and reuse 
critical information for rare disease patient care and 
research. 
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1. Introduction 

Adding functional annotations to the genes of your 
species of interest is usually by running a tool such as 
Interproscan[1].  This way specific presents/absents KEGG 
[2] pathway elements or Gene Ontology enrichment[3] can 
be determined. However, there are currently no tools 
available to store, compare and visualize the functional 
annotation of many species based on the entire GO and 
KEGG databases. Here we present a new approach to mine 
functional annotations  using graph database technologies 
combined with Cytoscape[4] and a newly development 
plugin.      

 
2. Filling Neo4J with the functional annotation 

The GO-basic data set was downloaded from the Gene 
Ontology Consortium website and stored in a Neo4J graph 
database. Based on the Interproscan output the number of 
time a GO term was assigned to each a gene of an organism 
were added to the GO Terms.  

The KEGG pathways and their EC-numbers were 
retrieved through the KEGG API. The link between an 
enzyme, its substrates and product is also available through 
the API, as well as the link between GO terms and the 
enzymes.  

 
3. Cytoscape and the Neo4J plugin 

Cytoscape is a commonly used for the visualization and 
analysis of biological networks. Cytoscape enables the user 
for example to create different styles based on the data in the 
graph, merge networks and show the network using a large 
collection of different layouts. However, loading large 
amounts of data as stored in our Neo4J database is technical 
impossible as well as visual unattractive. To be able to view 
and manipulate the data in the database, a new Cytoscape 
plugin was developed to connect Cytoscape directly with a 
Neo4J database. The plugin allows the user to query the 
database and store created/imported networks back into the 
database. Frequently used queries can be stored as a 
template in XML and used directly in Cytoscape. The plugin 
is a general connector, hence other Neo4J databases, such as 
the REACTOME database, are directly accessible in 
Cytoscape using the plugin.  

The Neo4J Plugin is available through the Cytoscape 
App store and at https://github.com/corwur/cytoscapeneo4j 

 
 
 

4. Mining the data 
The final graph based on our own biological data of 

seventeen different species contains in total 54,684  nodes  
and 162,056 relationships. Using Cytoscape and the Neo4J 
plugin the graph is queried and visualized to mine the 
functional annotations. For example we would like to know 
which elements in the database are specific for a subgroup of 
several species. Using the style filters in Cytoscape these 
pre-defined groups are assigned different colors (Figure 1). 

Figure 1: Subgraph of pathway ec:00630 (Glyoxylate and 
dicarboxylate metabolism) containing some of the compounds 
(diamonds) associated with the enzymes (circles). The GO 
terms linked to the enzymes are shown as octagons with the 
paths to the top-level node ‘molecular function’. Colors 
indicate the presence of the node in a particular group of 
species.  
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High-throughput sequencing of the immune repertoire is increasingly used for monitoring tumor biomarkers and 
evaluating the performance of immunotherapeutics for cancers. However, most of the available tools are not 
designed to track and investigate the dynamic nature of B and T cell receptor repertoires across multiple time points 
or between different patient cohorts in a clinical context.  

We introduce the ImmunoGenomiX Platform - an end-to-end immune repertoire analysis platform that is currently 
under development. This platform allows quantitative characterization of immune repertoires from sequenced B or T 
cell receptors. The modular structure of the ImmunoGenomiX Platform and its integration with data management 
systems allows users to manage and process large clinical studies, stratify patients, filter clonotypes and interactively 
explore analysis results.  

Using TCR sequencing data, we show how the intuitive graphical user interface of the ImmunoGenomiX Platform 
makes analysis and interpretation of repertoire data accessible to clinicians and biologists alike, without the need for 
computational expertise.  
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Introduction 

Quality control (QC) is a fundamental step in next-
generation sequencing (NGS) data processing pipelines. It is 
used to assess the quality of an experiment and diagnose 
potential issues during processing. There are many 
bioinformatics tools which are commonly used for different 
phases in QC (e.g. the Picard Toolkit (1) or FastQC (2)). In 
practice this entails performing multiple steps which generate 
multiple log files and reports on a per-sample basis. To then 
asses the results of QC a user must view a large number of 
different files. As a result, quality control then becomes time-
consuming, error prone and cumbersome. 

MultiQC (3) makes this process more convenient. 
MultiQC is developed by the Science of Life laboratory of the 
Stockholm University. The software scans a given analysis 
directory for QC-related log and report files. Files which are 
recognised as QC reports are parsed and complied into a 
single report that summarises the results across multiple 
samples. The report is a single self-contained HTML 
document including interactive features such as plots, sample-
name filtering and selection. 

The Princess Máxima Center for pediatric oncology is 
currently developing new pipelines for analysing data from 
whole-genome, whole-exome, and RNA sequencing as well 
as methylation arrays. Our aim is to implement MultiQC in 
our pipelines to help with quality control. 

Material and Methods 
MultiQC is written in the Python programming language 

and easily installed using standard Python package-installer 
tools. MultiQC is controlled via a command-line and 
generally runs out-of-the-box. 

At the software level MultiQC consists of a core and 
multiple modules. The core handles file searching and report 
compilation. The modules parse specific files and add 
sections to the report. At the time of writing there are more 
than 60 bioinformatics tools supported via these modules. 
MultiQC is open sourced under a GNU GPLv3 license. 

The computation for the analysis pipelines of the Princess 
Máxima Center are done on a high-performance compute 
cluster (HPC). Tasks or jobs are submitted to the HPC via a 
workflow engine named Cromwell (4). Analysis results as 
well as the workflows and their inputs are being tracked 
through Molgenis (5). Within a pipeline, after the QC steps 
are finished, Cromwell submits a job that runs MultiQC to 
compile the report and upload the result to Molgenis. Staff 
can then review the report. 

Discussion 
Implementing MultiQC in our analysis pipeline was not 

without complications.  
The first issue was that each pipeline has subtleties in data 

type and quality demands. These subtleties require the 
configuration of MultiQC to be fine-tuned for each pipeline. 
We are in the process of implementing this. 

The second issue was that some QC steps produce logs or 
reports that MultiQC ignores. MultiQC has made major leaps 
from the initial 22 supported common bioinformatics tools 
with the first published version (v0.6: 2016) to 60 in the latest 
version (v1.5: 2018). However, some tools are still missing 
and the supported tools are not covered comprehensively. For 
instance, out of the more than 20 QC-related tools in the 
Picard toolkit only 9 are supported by MultiQC. Luckily, 
MultiQC has an open-source code base, elaborate 
documentation and its developer actively encourages 
(bio)informaticians to submit changes and updates. We are 
currently working on new submodules to be submitted. 

In our experience MultiQC continues to be a useful utility 
to incorporate into NGS pipelines to collate and format QC 
results. 
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Figure 1: Example MultiQC report. 
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1. Introduction 
 

Large cohort studies pooling omics data for a large 
group of patients or citizens require a technical as well as 
organizational infrastructure to be able to manage and 
process such data. In a collaboration between 
(inter)national infrastructure services and projects such as 
BBMRI, Project MinE, Genetics Cluster Computer the 
SURF cooperative innovates to build services that facilitate 
collaborative research in genetics and omics profiling. 

 
2. Services provided by SURF 

 
Consultancy, support & training 
Large cohort studies require support on data stewardship, 
selecting and developing a suitable ICT infrastructure. 
Life science specialists are available to assist. 
 
Data storage & management 
SURF provides online data storage and management 
systems for scalable workloads. 
 
Data processing 
Depending on the required scalability and amount of data 
several national SURF infrastructures are available. 

 
Access & group management 
National services at SURF enable controlled access to 
datasets by data managers. 
 
Data archive 
Secure tape storage allows for long-term archiving of 
research data. 
 
3. Use cases 

 
Project MinE 
17 countries participate in Project MinE to perform 
sequence alignment and variant calling on next-generation 
sequencing. Data for 22.500 samples is stored and 
processed on grid facilities. 
 
CTG lab 
VU/VUMC’s CTG lab collaborates with more than 400 
scientists from 300 cohorts to perform genome-wide 
association studies on more than one million samples, using 
the Genetics Computer Cluster, part of LISA cluster 
computing infrastructure. 
 

1 
 
BBMRI 
BBMRI’s BIOS project analyses 4 TB of omics data sets 
containing thousands of samples on HPC Cloud facilities, 
enabling easy and interactive processing and visualization. 

                                                        
1  This poster was also presented at the Health RI 

conference December 2017. 
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1. Introduction 
 

The Human Leukocyte Antigen (HLA, human MHC) 
system consists of a large family of highly variable genes and 
allelic variants which form the basis of the human 
immunological defense system. In stem cell transplantation, 
matching of the patient and donor is vital as small 
differences between HLA molecules of patient and donor 
may cause graft versus host disease and may have serious 
impact on the patient survival. 

The different genes in the HLA region are homologous 
but not identical. In addition, each gene is highly 
polymorphic with several thousands of alleles recognized for 
some of these genes. This hampers analysis of NGS data of 
the HLA genes. We developed a method to determine the 
genes covered by the NGS data, and subsequently to 
determine for each read from which gene the read originates. 
In HLA typing by NGS, in general, 5 – 11 genes are 
simultaneously analyzed. Certain sequence motifs are shared 
between different genes. By using the differences between 
the genes an approach was developed to identify HLA genes. 
This method is implemented in NGSengine®, a software 
application that finds the best matching combination of 
alleles from amplicon based NGS. 

 
2. Approach 

 
The IMGT/HLA database contains all known sequences 

for the different alleles for all HLA genes. An index routine 
first determines all unique sequences of 15 bases length that 
are associated with one or more genes. Using this index an 
NGS sample is searched. In a sequence the first 15 bases are 
looked up in the index. The sequences with a single hit are 
harvested in a list of genes. The final determination of genes 
accepted is based on the hit-counts for each gene: genes with 
very few hits compared to the most frequent hit genes are 
excluded from the resulting list of genes. 

The determined list of genes is then used for the next 
step in which for each read it is determined to which gene it 
will be assigned. The first 15 bases are looked up in the 
index, which now is based on the list of accepted genes. If 
there is a match with a single gene then the sequence is 
assigned to that gene. A non-unique hit will result in 
searching the next 15 bases. This process is repeated until it 
can be assigned to a gene, or when the end of the sequence is 
reached. Unique and non-unique matches are tallied. 

 
3. Results 

 

This method is used with success in NGSengine®. 
Determining the correct list of genes is hampered by the 
homology between the HLA genes and also by the pseudo 
genes present in the MHC genetic region. To apply the 
classification efficiently, NGSengine allows the user to set a 
list of genes which should be considered in the classification, 
e.g. excluding pseudogenes and limiting analysis to only the 
classical HLA genes. This prevents false-positive genes 
being detected. A user can also add a gene to a previously 
classified sample, allowing more control in the mechanism. 
If all this fails, a user can choose to manually set the list of 
genes in a sample. However the software still needs to 
classify each sequence. 

 
4. Discussion 

 
The automatic detection of the different genes makes it 

easier for users that use different combinations of genes in 
each sample. The classification of sequences makes the 
entire analysis simpler for a user. The library preparation 
does not need separate amplifications for each gene, but can 
be combined. Also barcoding is not needed for separation 
between genes, allowing to use one barcode for each sample 
containing up to 11 loci. 
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Abstract 
 
cBioPortal is an open source application for integrative analysis and visualization of large scale 
cancer genomics datasets [1,2], originally developed by Memorial Sloan Kettering Cancer 
Center (New York) and, since its open source release in 2015, by a larger community including 
The Hyve (The Netherlands) [3].  
 
Here we present the recent features implemented for supporting Gene Set Variation Analysis 
(GSVA) in cBioPortal. We show how GSVA data is displayed in the cBioPortal Oncoprint 
visualization, with support for hierarchical clustering, and how it can be used in a variety of 
other plots and analyses.  
 
This functionality is new in cBioPortal and could be useful to any of the users of this popular 
open source cancer genomics platform. GSVA support enables a new dimension of 
exploratory analysis in cBioPortal, allowing researchers to search and find patterns at the level 
of molecular processes (i.e. multiple genes that are known to work in concert), instead of 
exploring the data at the level of individual genes.  
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1. Introduction 
 

Quantitative evaluation of binding affinity changes upon 
mutations is crucial for protein engineering and drug design. 
Machine learning-based methods are gaining increasing 
momentum in this field. Due to the limited number of 
experimental data, using a small number of sensitive 
predictive features is vital to the generalization and 
robustness of such machine learning methods. 

 
2. Approach 

 
We introduce a fast and reliable predictor of binding 

affinity changes (∆∆G) upon single point mutation, based on 
a random forest approach. Our method, iSEE, uses a limited 
number of interface Structure, Evolution and Energy-based 
features for the prediction.  

iSEE aims to predict binding affinity changes from the 
local environment changes around the mutation site. And the 
local environment changes are described using changes of 
several interaction energy terms, PSSM (Position Specific 
Scoring Matrix) conservation profiles, and BSA (Buried 
Surface Area) (Figure 1). iSEE is based on a random forest 
model trained on a large data set, which contains 1102 single 
point mutations from 57 protein-protein complexes. The 
strength of iSEE is that it exploits a small number of features 
to lower the overfitting risk, since the available experimental 
data is still very limited. This is demonstrated by iSEE’s 
robust and competitive performance with both empirical 
potentials- and machine learning-based state-of-the-art 
methods on two independent test datasets (below). 
 
3. Results 

 
We trained a random forest model and evaluated it using 

10-fold cross-validation. iSEE’s prediction performance 
shows an average RMSE of 1.41±0.14 kcal mol-1 and a 
Pearson’s correlation coefficient (PCC) of 0.80±0.06 over 
the cross-validated sets.  

iSEE compares favourably with the eight state-of-the-art 
predictors considered over the first independent test set with 
a RMSE of 1.37 kcal mol-1 and a PCC of 0.73, belonging to 
the top four predictors with PCCs over 0.70: BindProfX 
(0.81), iSEE (0.73), FoldX (0.72) and ZeMu (0.70). 

As a second independent test case, we studied the 
interaction between MDM2 and the tumor suppressor 
protein p53, which plays a central role in cancer 
development. This dataset contains ∆∆G measurements for 
33 mutations (in-house measurement), therefore have never 

been seen by any of the predictors tested here. iSEE 
achieved a high prediction performance on this dataset with 
a RMSE of 0.81 kcal mol-1 and a PCC of 0.62. It 
considerably outperformed all other methods, all of which 
have RMSEs higher than 0.97 kcal mol-1 and PCCs lower 
than 0.51. 

Our feature analysis reveals that the PSSM value of the 
wild-type amino acid and the difference of PSSM values 
between mutant and wild-type residues are the two most 
important features. 

  
 

 
 

Figure 1. Flow chart of iSEE. 
 
 

4. Discussion 
 
Our iSEE predictor demonstrated a robust performance 

on various types of mutations, and competed with state-of-
the-art methods. Its simplicity, speed and robustness allow 
for full computational mutation scanning of protein-protein 
interfaces and the identification of important binding sites. 
This can provide valuable input to experimentalists in 
selecting amino acids for mutagenesis experiments. 

 
5. Availability and Implementation 

 
Code is available on GitHub at 

https://github.com/haddocking/iSee. 
The Data described in this article are available at 

https://data.sbgrid.org/dataset/520/  
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1. Introduction 
The development of high throughput sequencing techniques 
provides us with the possibilities to obtain large datasets, 
which capture the effect of exposure dose and time on 
cellular processes. However, because of the dynamic nature 
of these cellular processes, the analysis of the results has 
become more and more complex. Therefore there is a great 
need for new bioinformatics tools that address this problem. 

 
Here, we present a new visualization tool that provides 

dynamic network visualization.  
 
2. DynOVis  

 
DynOVis is an integrated work frame of R packages and 
JavaScript libraries, and is made freely available using the R 
Shiny Package. The tool is designed as a web based 
application, which can be used locally or hosted on a remote 
server. This makes it easy for users to run the application on 
their laptop. 
 
The user can upload an interaction file either as an edge list, 
adjacency matrix or Cytoscape network file (.sif format). By 
default the network is created in 2D orientation, but 
DynOVis makes it possible to translate the network into a 3D 
orientation and allows the user to fly through the centre free 
network. 
 
DynOVis applies a force-directed algorithm to display the 
network graph and provides multiple network analysis 
methods such as degree threshold, but more importantly, it 
allows for node expression animations as well as a frame-by-
frame view of the dynamic exposure. To study this dynamic 
exposure, the user can upload either a time series, dose series 
or dose-over-time series experimental data file. The dynamic 
perturbations on the network can be saved as a GIF 
animation, or as high quality SVG images that can be used 
for publication.  
 
Valuable biological information can be highlighted on the 
nodes in the network, by the integration of various databases 
within DynOVis. Pathway-to-gene associations are 
established from ConsensusPathDB (Homo sapiens and Mus 
Musculus)[1]. Disease-to-gene associations from the 
Comparative Toxicogenomics Database [2], as well as 
Entrez gene ID, gene symbol, gene synonyms and gene type 

from the NCBI database (Homo sapiens, Mus Musculus and 
Rattus Norvegicus) [3] 
 

 
3. Results 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
4. Conclusion 
DynOVis offers a tool for the visualization of dynamic 
changes that occur in biological networks which increases 
the understanding of the cellular response to perturbations. 
The animation highlights the important effects of changes in 
the network, whereas the frame-by-frame view makes it 
possible to study changes between time points in more detail. 
This is an important step forward to unravel the effect of 
dynamic changes in biological systems. 
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Figure 1: Output of the network visualization tool when a 
frame-by-frame view has been used to see the effect of low 
(D200), middle (D1000) and High (D5000) dose at the 24h time 
point 
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