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TUESDAY, APRIL 2
ROOM EUROPA ROOM AZIE ROOM AFRIKA ROOM AMERIKA ROOM 1+2

8:30 CONFERENCE REGISTRATION CENTRAL HALL
9:30 OPENING ROOM EUROPA
9:45 KEYNOTE: Mustafa Khammash, ETH Zürich

Circuits and devices for robust multicellular control
10:30 COFFEE  BREAK WITH EXHIBITORS

GENOMICS & GENOME 
BIOINFORMATICS

METABOLISM 3D BIOINFORMATICS & 
FUNCTIONAL PREDICTION

ELIXIR-NL: WORKING WITH 
DATA RESOURCES

11:15 Joris van de Haar (NKI)
Identifying epistasis in cancer 
genomes: a delicate affair

Maurien Olsthoorn (DSM) 
(INVITED)
Omics to Steer Industrial 
Metabolic Pathway and Product 
Development

Miguel Correa Marrero (WUR)
Simultaneous unsupervised 
inference of protein-protein 
contacts and interactions

Friederike Ehrhart (Maastricht 
University) (CHAIR)
History of rare disease and their 
genetic causes - a data driven 
approach

11:40 Shauna O'Donovan (Maastricht 
University)
Use of deep learning methods to 
translate drug-induced gene 
expression changes from 
hepatocyte exposed in vitro to in 
vivo.

Marian Breuer (Maastricht 
University)
Essential Metabolism for a 
Minimal Cell

Juami van Gils (VU)
To fold or not to fold?

Marc Maurits (LUMC)
A Big-Data Approach to 
Electronic Health Record Data - 
Using dimensionality reduction 
and clustering techniques to 
study longitudinal relationships 
between diseases

12:00 Mehmet Akdel (Wageningen 
University)
Assembling genome maps from 
optical signals

Athanasios Litsios (University 
of Groningen)
Metabolic oscillations cause 
START by promoting cell-size-
independent pulses in Cln3 
production

Janani Durairaj (WUR)
Structure-based Prediction of 
Terpene Synthase Product 
Specificity

Renaud Tissier (VUmc)
Integration of several omic 
sources in prediction models 
using network-based approaches

12:20 Patrick Deelen (UMC 
Groningen) (CHAIR)
Using public RNA-seq data to 
predict gene functions and 
disease relevance

Martin Pabst (TU Delft) (CHAIR)
Exploring the phylogenetic 
diversity of the nine-carbon sugar 
metabolism by mass 
spectrometry

Hanka Venselaar 
(Radboudumc) (CHAIR)
Lost in translation - Experiences 
from a Structural Biologist

Marvin Martens (Maastricht 
University)
Expanding Adverse Outcome 
Pathway knowledge by creating 
AOP-Wiki RDF with semantic 
annotations to facilitate risk 
assessment of chemicals

12:45 LUNCH: Exhibitors and Poster viewing CENTRAL HALL

BioSB MEMBER ASSEMBLY ROOM AZIE

14:00 GROUP PHOTO ROOM EUROPA
MEDICAL BIOLOGY (I) MODELING HUMAN 

METABOLISM WITH 
METABOLOMICS DATA (NMC)

SINGLE CELL BIOLOGY ELIXIR-NL: TOOLS & 
RESOURCES

IMMUNOLOGY

14:15 João Belo (AMC) (INVITED)
Interaction Mapping: improved 
biological analysis with domain 
knowledge incorporation

Peter-Bram 't Hoen 
(Radboudumc)
Search for early pancreatic 
cancer blood biomarkers in five 
European prospective population 
biobanks using metabolomics

Lude Franke (INVITED)
Towards personalised cell-type 
specific directed gene networks 
through single-cell eQTL analysis

Chris van Run (Prinses 
Maxima Centrum)
Building a research subject 
registry based on diagnostic 
data: how not to miss out on rare 
subjects

Jurjen Tel (TUe) (INVITED)
Single cell analysis reveals 
functional heterogeneity within 
plasmacytoid dendritic cells and 
identifies environmental cues that 
drive type I IFN production

14:40 Zandra Félix Garza (TUe)
Systems medicine of psoriasis: 
The journey towards blue light-
based personalized treatment

Ronan Fleming (Leiden 
University)
Mechanistic model-driven 
exometabolomic characterisation 
of human dopaminergic neuronal 
metabolism

Phillipp Schmidt (VU)
When and how to switch? – 
Studying gene expression at 
single cell level in Baker’s yeast

Chaitra Sarathy (Maastricht 
University)
An integrative workflow to 
visualize Elementary Flux Modes 
in genome-scale metabolic 
models

Peter de Greef (Utrecht 
University)
The naive T-cell receptor 
repertoire has an extremely 
broad distribution of clone sizes

15:00 Rurika Oka (Princess Máxima 
Center)
Mutational landscapes in normal 
hematopoiesis and paediatric 
AML

Fianne Sips (TUe)
Dynamic modeling of time-series 
metabolomics reveals 
physiological differences in 
intestinal bile acid handling 
between healthy men

Johan van Heerden (VU)
Integrated biphasic growth rate, 
gene expression and size 
homeostasis behaviour of single 
B. subtilis cells

Justin J.J. van der Hooft 
(Wageningen University)
Integrated metabolome mining 
and annotation workflow 
accelerates specialised 
metabolite discovery

Nila Servaas (UMC Utrecht)
Orphan Receptors in an Orphan 
Disease: Identification of the 
NR4A Family as Key Players of 
Dendritic Cell Dysregulation in 
Systemic Sclerosis

15:20 Evgeni Levin (AMC) (CHAIR)
Intelligible models for 
cardiometabolic domain

Panel discussion
Which data do we need to 
advance the field?

Ahmed Mahfouz (LUMC) 
(CHAIR)
Untangling Single Cell Data: 
Interaction, Identification, and 
Integration

Mateusz Kuzak (DTL/ELIXIR-
NL)
On the Road to Research 
Software Sustainability

Aridaman Pandit (UMC 
Utrecht)
Integration of transcriptomic and 
epigenetic profiling reveals that 
CXCL4 modulates dendritic cell 
differentiation and induces 
fibrosis

15:45 COFFEE BREAK WITH EXHIBITORS CENTRAL HALL
HOT TOPIC SESSION ROOM EUROPA

16:30 Gabriel Bucur, Radboud University 
Large-Scale Gene Network Causal Inference with Bayes Factors of Covariance Structures (BFCS)

16:55 Bas Teusink, Vrije Universiteit 
Compartment-specific proteome constraints drive changes in yeast metabolism

17:20 Harmen Bussemaker, Columbia University
From millions of DNA reads to mechanistic insight into transcription factor function

17:45 POSTER & DEMO SESSION I (INCL. DRINKS) CENTRAL HALL
19:30 CONFERENCE DINNER RESTAURANT
21:00 PUB QUIZ (ORGANIZED BY: YoungCB) BAR
22:30 LIVE MUSIC (Blazing Harrows) CENTRAL HALL



WEDNESDAY, APRIL 3
ROOM EUROPA ROOM AZIE ROOM AFRIKA ROOM AMERIKA ROOM 1+2

7:00 MORNING RUN
8:30 CONFERENCE REGISTRATION CENTRAL HALL
9:30 OPENING CONFERENCE ROOM EUROPA
9:45 KEYNOTE: Michal Linial, Hebrew University of Jerusalem

Not all proteins are born alike: Evolution solutions in translational control
10:30 COFFEE BREAK WITH EXHIBITORS

MEDICAL BIOLOGY (2)

CHAIR: Anton Feenstra, VU

DATA INTEGRATION & 
NETWORK BIOLOGY

METAGENOMICS

CHAIR: Bas Dutilh, UU

ELIXIR-NL: EDUCATION

11:15 Marleen Nieboer, UMC Utrecht
Prioritization of non-coding 
genomic structural variants in 
cancer

Michiel Adriaens, Maastricht 
University
A network based approach for 
interpreting allelic imbalance in 
dilated cardiomyopathy

Nina Dombrowski, NIOZ 
(INVITED)
Using genomics approaches to 
illuminate the deep roots and 
evolution of archaea

Tsjerk Wassenaar, Hanze UAS
Data Science for Life Sciences at 
Hanze UAS

11:40 Thies Gehrmann, LUMC
Nutrient challenge exposes 
transcriptomic shift by lifestyle 
intervention in healthy 
participants

Edoardo Saccenti, 
Wageningen University 
Simulation and reconstruction of 
metabolite-metabolite association 
networks using a metabolic 
dynamic model and correlation 
based-algorithms

Victòria Pascal Andreu, WUR 
gutSMASH: a software package 
that facilitates systematic 
analysis of the metabolic 
potential of anaerobic bacteria

Adrien Melquiond, Utrecht 
University
Education in the cloud for applied 
bioinformatics in Life Sciences

12:00 Jens Schouten, TUe
Accurate classification of blood 
cells in a small acute 
lymphoblastic leukemia dataset 
using convolutional neural 
networks

Abhinandan Devaprasad, UMC 
Utrecht 
Discovering progenitor plasticity 
and cell specific regulatory 
networks from meta-analysis of 
the hematopoietic stem cell tree

Alex Salazar, TU Delft
Evolution of genome architecture 
in bacteriophages during host-
adaptation

Mateusz Kuzak, DTL/ELIXIR-NL
Lesson development for Open 
Source Software best practices 
adoption

12:20 Nienke Mekkes, VU
The analysis of chromosomal 
breakpoints in colorectal cancer

Martina Kutmon, Maastricht 
University (CHAIR) 
Beyond Pathway Analysis: 
Identification of Active 
Subnetworks in Rett Syndrome

Daniel Garza, UU (INVITED)
Interpreting microbes in their 
environments with metabolic 
models

Celia van Gelder, DTL/ELIXIR-
NL (Chair)
Capacity building in FAIR data 
stewardship in the Netherlands

12:45 LUNCH
POSTER & DEMO SESSION II

CENTRAL HALL

14:00 BREAKOUT SESSIONS: Metagenomics for business 
(BIUP)

Predicting biophysical 
characteristics of proteins 
from their sequence

Practical FAIR research data 
management

SPARQLing Biology; a 
beginners course

15:30 COFFEE BREAK WITH EXHIBITORS CENTRAL HALL
16:00 BIOSB YOUNG INVESTIGATOR AWARD 2019: Eva Brinkman, Karolinska Institute, Scifilab

Quantitative assessment of genome editing
ROOM EUROPA

16:45 KEYNOTE: Eran Segal, Weizmann Institute of Science
Personalizing treatments using microbiome and clinical data

ROOM EUROPA

17:30 AWARDS & CLOSING REMARKS ROOM EUROPA
17:45 END OF THE PROGRAM



 

 

 

 

2. Poster list 

 

  



Poster list BioSB 2019 
 

Nr Authors Title Topic 

1 Stavros Makrodimitris, Roeland van Ham 
and Marcel Reinders 

Metric Learning on Expression Data for 
Gene Function Prediction 

3D bioinformatics / 
Functional prediction 

2 Halima Mouhib, Akiko Higuchi, Sanne 
Abeln, K. Anton Feenstra and Kei Yura 

Exploring the effect of single amino acid 
variations on the function of the glucose 
transporter SLC2A by enhanced sampling 
coarse-grained simulation 

3D bioinformatics / 
Functional prediction 

3 Yan Wang, Miguel Correa Marrero, Aalt 
D.J. van Dijk and Marnix H. Medema 

Machine Learning to Predict Protein-Protein 
Interactions in Polyketide Biosynthetic 
Assembly Lines 

3D bioinformatics / 
Functional prediction 

4 Hans de Ferrante, Reza Haydarlou, Jaap 
Heringa and K. Anton Feenstra 

DeePpiS – towards Deep Learning for 
Predicting Protein-Protein Interface 
Positions from Sequence 

3D bioinformatics / 
Functional prediction 

5 Dei Elurbe, Laura Sanchez-Caballero, 
Fabian Baertling, Sergio Guerrero-Castillo, 
Mariel van den Brand, Joeri van Strien, 
Teunis J. P. van Dam, Richard 
Rodenburg, Ulrich Brandt, Martijn Huynen 
and Leo G. J. Nijtmans 

Unraveling protein function through the 
integration of proteomics and evolutionary 
data 

3D bioinformatics / 
Functional prediction 

6 Danial Lashgari, Antoine van Kampen, 
Michael Meyer-Hermann, Marit van Gils 
and Rogier Sanders 

A computational model of kinetic maturation 
in the germinal center 

3D bioinformatics / 
Functional prediction 

7 Bram Thijssen, Katarzyna Jastrzebski, 
Roderick Beijersbergen and Lodewyk 
Wessels 

Creating robust models by fitting to multiple 
datasets -- correcting Bayesian inference 
for overconfident posteriors 

Data integration & network 
biology 

8 Anouk Verboven, Katrin Linda, Mark 
Hogeweg, Kees Albers, Bert de Vries, 
Peter-Bram 'T Hoen and Nael Nadif Kasri 

MEA-seq for combined gene expression 
and neuronal network measurements in 
iPSC-derived neurons from Koolen-de 
Vries patients 

Data integration & network 
biology 

9 Laura Zwep, Kevin Duisters and Coen van 
Hasselt 

Hierarchical group LASSO with random 
effects: identification of high-dimensional 
omics-drug interactions predictive of 
treatment response in patient-derived tumor 
growth data 

Data integration & network 
biology 

10 Tim Kuijpers, Jos Kleinjans and Danyel 
Jennen 

Integration of omics data by applying new 
strategies for nonnegative matrix 
factorization 

Data integration & network 
biology 

11 Indu Khatri, Erik van den Akker, Cristina I. 
Teodosio, Marcel J.T. Reinders and 
Jacques J.M. van Dongen 
 
 

Integration of cross-study and multi-omics 
datasets to identify cancer associated 
markers 

Data integration & network 
biology 

 



Poster list BioSB 2019 
Nr Authors Title Topic 

12 Renee Salz, Sven Degroeve, Seyed 
Yahya Anvar, Lennart Martens and 
Peter-Bram 'T Hoen 

Personalized genome and transcriptomes 
for improved interpretation of personalized 
proteomes 

Data integration & network 
biology 

13 Margi Hartanto, Harm Nijveen and Dick de 
Ridder 

Finding genes for traits using systems 
genetics 

Data integration & network 
biology 

14 Hernando Suarez Duran, Marnix Medema 
and Elizabeth Sattely 

An Integrative Multi-omics Approach for 
Metabolic Pathway Prediction 

Data integration & network 
biology 

15 Elena Merino, Xuefeng Gao, Philippe A. 
Robert, María Rodríguez Martínez, Fabien 
Crauste, Olivier Gandrillon, Michael 
Meyer-Hermann, Huub Hoefsloot, Jeroen 
Guikema and Antoine van Kampen 

Multiscale modeling of plasma cell 
differentiation in Germinal Centers 

Data integration & network 
biology 

16 Yi Chen, Katy Wolstencroft and Fons 
Verbeek 

Analysing Cancer Hallmark Gene Mapping 
Methods 

Data integration & network 
biology 

17 Marvin Martens, Egon Willighagen and 
Chris Evelo 

Expanding Adverse Outcome Pathway 
knowledge by creating AOP-Wiki RDF with 
semantic annotations to facilitate risk 
assessment of chemicals. 

Data integration & network 
biology 

18 Laura Luzia, Philipp Savakis, Johan van 
Heerden and Bas Teusink 

Understanding pH dynamics in 
Saccharomyces cerevisiae - Population 
and Single cell approaches - 

Data integration & network 
biology 

19 Lauren J. Dupuis, Christine Staiger, 
Friederike Ehrhart, Alexander Botzki, Joke 
Baute, Dragan Bosnacki, Harold Weffers, 
Chris T. Evelo and Celia W.G. van Gelder 

Helis Academy - Post-graduation teaching 
project for data analysis and data 
stewardship 

Education/training 

20 Celia van Gelder, Salome Scholtens, 
Petronella Anbeek, Jasmin Boehmer, 
Mirjam Mirjam Brullemans, Marije van der 
Geest, Mijke Jetten, Inge Slouwerhof and 
Christine Staiger 

Towards a community-endorsed data 
steward profession for supporting life 
science research 

Education/training 

21 Mateusz Kuzak, Celia van Gelder, Shalini 
Kurapati, Carlos Martinez-Ortiz, Anita 
Schürch, Marta Teperek and Yasemin 
Turkyilmaz-van der Velden 

Towards sustainable training in essential 
computing research skills in the 
Netherlands 

Education/training 

22 Celia van Gelder, Mateusz Kuzak and 
Christine Staiger 

FAIR Data Training and Community 
building activities in the Netherlands 

Education/training 

23 Christine Anyansi and Thomas Abeel Mixed Mycobacterium tuberculosis 
infections: an overlooked global 
phenomena 
 
 

Genomics and genome 
bioinformatics 

 



Poster list BioSB 2019 
Nr Authors Title Topic 

24 Roos van der Donk, Sandra Jansen, 
Janneke Schuurs-Hoeijmakers, David 
Koolen, Alexander Hoischien, Han 
Brunner, Patrick Kemmeren, Christoffer 
Nellåker, Lisenka Vissers, Bert de Vries 
and Jayne Hehir-Kwa 

Next generation phenotyping using 
computer vision algorithms in rare genomic 
neurodevelopmental disorders 

Genomics and genome 
bioinformatics 

25 Jasper Koehorst, Edoardo Saccenti, Vitor 
A.P. Martins Dos Santos, Maria Suarez 
Diez and Peter Schaap 

Expected and observed genotype 
complexity in prokaryotes: correlation 
between 16S-rRNA phylogeny and protein 
domain content 

Genomics and genome 
bioinformatics 

26 Anna Maslowska-Gornicz, Melanie R.M. 
van den Bosch, Edoardo Saccenti and 
Maria Suarez Diez 

Large -Scale Analysis of Codon Usage in 
Bacteria 

Genomics and genome 
bioinformatics 

27 Ramin Shirali Hossein Zade and Thomas 
Abeel 

Improving de novo assembly by removing 
repeat induced overlaps 

Genomics and genome 
bioinformatics 

28 Bastian Hornung, Ed Kuijper and Wiep 
Klaas Smits 

Comparative genomics and analysis of 
1000 Clostridium difficile plasmids 

Genomics and genome 
bioinformatics 

29 Joanna von Berg, Sander van der Laan, 
Jeroen de Ridder and Sara Pulit 

What’s in a name? The importance of 
phenotype definitions for genetic discovery 
in ischemic stroke 

Genomics and genome 
bioinformatics 

30 Rodrigo Coutinho de Almeida, Ahmed 
Mahfouz, Yolande Fm Ramos, Wouter 
den Hollander, Hailiang Mei, Rob Ghh 
Nelissen, Marcel Reinders and Ingrid 
Meulenbelt 

Transcriptome Clustering Analysis 
Identifies Two Subgroups of Osteoarthritis 
Patients 

Genomics and genome 
bioinformatics 

31 Petros Skiadas, Sandra Smit, Lidija Berke 
and Peter van Dam 

Evolution of intron-exon structure in plants Genomics and genome 
bioinformatics 

32 Casey Cai, Marc van Tuil, Eric Strengman, 
Philip Lijnzaad, Ellen de Jong, Bastiaan 
Tops, Frank Holstege, Jayne Hehir-Kwa 
and Patrick Kemmeren 

Gene Fusion Detection in Patient 
Whole-Genome versus RNA Sequencing 
Data 

Genomics and genome 
bioinformatics 

33 Muhammad Farooq, Aalt-Jan van Dijk, 
Harm Nijveen and Dick Ir de Ridder 

Towards Biologically Informed 
Genotype-Phenotype Linking 

Genomics and genome 
bioinformatics 

34 Alexandra Danyi, Jeroen de Ridder and 
Alexandra Danyi 

Cancer type classification based on 
somatic mutation profiles 

Genomics and genome 
bioinformatics 

35 Bryan van den Brand, Job Geerligs, 
Frans-Paul Ruzius, Hanneke van 
Deutekom, Joris Albers, Pieter 
Meulenberg and Erik Rozemuller 
 
 

Combining NGS long and short reads to 
fully phase and unambiguously define new 
alleles for MHC and KIR genes 

Genomics and genome 
bioinformatics 

 



Poster list BioSB 2019 
Nr Authors Title Topic 

36 Pooja Mandaviya, Jeroen van Rooij, 
Annique Claringbould, Janine Felix, Jenny 
van Dongen, Rick Jansen, Lude Franke, 
Peter ’t Hoen, Bas Heijmans and Joyce 
van Meurs 

Evaluation of commonly used analysis 
strategies for epigenome- and 
transcriptome-wide association studies 
through replication of large-scale population 
studies 

Genomics and genome 
bioinformatics 

37 Christian Groß, Martijn Derks, Marcel 
Reinders and Dick De Ridder 

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

Genomics and genome 
bioinformatics 

38 Thomas Ederveen Cutaneous Staphylococcus profiling at 
species level in atopic dermatitis by Single 
Locus Sequence Typing (SLST) marker 
design and oligotyping for high-resolution 
sequencing-based microbial profiling 

Genomics and genome 
bioinformatics 

39 Zhen-Hua Zhang, Joeri van der Velde and 
Morris Swertz 

Prediction of Allele-specific Expression via 
Genomic Annotations 

Genomics and genome 
bioinformatics 

40 Martijn Cordes ImSpectR – R package to quantify immune 
repertoire diversity in spectratype data 

Immunology 

41 Arpit Swain and Rob Deboer Homeostatic control of T cell memory pool Immunology 

42 Rodrigo García-Valiente, Danial Lashgari, 
Elena Merino Tejero, Barbera van Schaik, 
Michael Meyer-Hermann, Huub Hoefsloot, 
Jeroen Guikema, Rikard Holmdahl, Niek 
de Vries, Rochelle Vergroesen, Linda Slot, 
René Toes, Hans Scherer and Antoine 
van Kampen 

Understanding Fab N-Glycosylation of 
ACPA B-cells and its relation to affinity 
maturation through modelling 

Immunology 

43 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 

Predictive metabolite biomarker profiles for 
microbial aetiology in patients with 
community-acquired pneumonia 

Immunology 

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

Predicting cell populations in single cell 
mass cytometry data 

Immunology 

45 DEMO - Seiler, Kronstad, Simpson, Le 
Gars, Vendrame, Blish and Holmes 

Uncertainty Quantification in Multivariate 
Mixed Models for Mass Cytometry Data 

Immunology 

46 Pim Fuchs, Henk-Jan van den Ham, 
Nuray Nuray Akyüz, Donjete Simnica, 
Mascha Binder and Nicola Bonzanni 
 

Repertoire analysis using the IGX platform: 
Monitoring the effect of immunomodulatory 
treatment in myelodysplastic syndrome 
patients 

Immunology 
 

47 Gizem Aktas and Yaman Barlas The Biological Subsystem Interactions 
Underlying the Stress Response of the 
Human Body: A Dynamic Modeling 
Approach 

Immunology 

 



Poster list BioSB 2019 
Nr Authors Title Topic 

48 Joske Ubels, Pieter Sonneveld, Martin van 
Vliet and Jeroen de Ridder 

Understanding treatment specific survival in 
Multiple Myeloma 

Medical biology 

49 Óscar Lapuente, Francesca Finotello and 
Federica Eduati 

Mechanistic biomarkers of patient response 
to immunotherapy 

Medical biology 

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

PRECISE: A domain adaptation approach 
to transfer predictors of drug response from 
pre-clinical models to tumors 

Medical biology 

51 Freek Manders, Karlijn Hasaart, Rurika 
Oka and Ruben van Boxtel 

Characterizing mutagenesis and 
developmental lineages in human fetal 
hematopoiesis 

Medical biology 

52 Petr Nazarov, Arnaud Muller, Thomas 
Eveno, Tony Kaoma and Francisco 
Azuaje 

Independent Component Analysis Improves 
Chartacterization of Cancer Patients 

Medical biology 

53 Fianne Sips, Emma Meessen, Albert 
Groen, Maarten Soeters and Natal van 
Riel 

Dynamic modeling of time-series 
metabolomics reveals physiological 
differences in intestinal bile acid handling 
between healthy men 

Medical biology 

54 Arlin Keo, Ahmed Mahfouz and Marcel 
Reinders 

Transcriptomic signatures of brain regional 
vulnerability to Parkinson’s disease 

Medical biology 

55 Renée Beekman, Helen E. Speedy, 
Vicente Chapaprieta, Giulia Orlando, 
Philip J. Law, David Martín-García, Jesús 
Gutiérrez-Abril, Daniel Catovsky, Sílvia 
Beà, Guillem Clot, Montserrat Puiggros, 
David Torrents, Xose S. Puente, James 
M. Allan, Carlos López-Otín, Elias Campo, 
Richard S. Houlston and José I. 
Martín-Subero 

Integration of genomic and epigenomic 
data refines the regulatory mechanisms 
and biological significance of chronic 
lymphocytic leukemia risk loci 

Medical biology 

56 Diana Hendrickx and Enrico Glaab Integrative analysis of molecular changes in 
the aging-related disorders Parkinson's 
disease and Hutchinson-Gilford progeria 
syndrome 

Medical biology 

57 Agnieszka B. Wegrzyn, Edinson Lucumi 
Moreno, Alida Kindt, Cornelius Willacey, 
German Preciat, Jennifer Modamio 
Chamarro, Zhi Zhang, Rashi Halder, 
Javier Jarazo, Paul Wilmes, Enrico Glaab, 
Jens Schwamborn, Amy Harms, Thomas 
Hankemeier and Ronan M.T. Fleming 

The metabolic signature of PINK1 
monogenic Parkinson's disease - 
multi-omics approach coupled with 
constraint-based modelling 

Medical biology 

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

Beyond synthetic lethality: Multiple 
mechanisms can explain genetic 
interactions within childhood cancer 
 

Medical biology 

 



Poster list BioSB 2019 
Nr Authors Title Topic 

59 Fentaw Abegaz, Ernst Wit and Barbara 
Bakker 

Understanding Bistability in the 
Mitochondrial Fatty Acid β-Oxidation 
Pathway as a Physiological Switch in Fatty 
Acid Metabolism 

Metabolism 

60 Kazuhiro Maeda, Hans Westerhoff, 
Hiroyuki Kurata and Fred Boogerd 

Ranking E. coli's ammonium transport and 
assimilation networks by how they fit 
diverse experiments 

Metabolism 

61 Jen-Shiang K. Yu and Gou-Tao Huang Catalytic Roles of Histidine and Arginine in 
Pyruvate Class II Aldolase from 
Metadynamics Combined with Quantum 
Mechanics and Molecular Mechanics 

Metabolism 

62 Wenxuan Zhang, Anne-Claire Martines, 
Terry Derks, Robert Henning, Albert 
Gerding, Marcel de Vries, Maaike Goris, 
Barbara Bakker, Rainer Bischoff and 
Dirk-Jan Reijngoud 

Untargeted lipidomics reveals glycerolipid 
compositional changes in fasted, 
cold-exposed MCAD KO mice 

Metabolism 

63 Maxime den Ridder, Carol de Ram, 
Pascale Daran-Lapujade and Martin Pabst 

Comprehensive temporal analysis of the 
yeast glycolytic pathway under anaerobic 
conditions using high-resolution mass 
spectrometry 

Metabolism 

64 Koen Verhagen, Camilo Suarez-Mendez, 
Isabelle Duijnstee and Aljoscha Wahl 

Dynamic metabolism of trehalose and its 
role in glucose recycling in Saccharomyces 
cerevisiae using 13C-labeling 

Metabolism 

65 Bart van Sloun, Michael Lenz, Gijs 
Goossens, Natal van Riel and Ilja Arts 

Computational modelling of postprandial 
glucose and insulin dynamics in humans: 
the role of amino acids 

Metabolism 

66 Lotte de Graaf, Eleni Vasilakou, Giulia 
Giordano and Aljoscha Wahl 

Analysis of the energy homeostasis by 
modeling substrate dynamics in E.coli 

Metabolism 

67 Tom Clement and Daan de Groot Elementary Conversion Modes in 
large-scale metabolic analysis 

Metabolism 

68 Stefania Magnusdottir, Marc Pages 
Gallego, Saskia van Mil and Boudewijn 
Burgering 

Metabolic modeling of colorectal cancer 
cells reveals metabolic differences among 
concensus molecular subtypes 

Metabolism 

69 Eunice van Pelt-Kleinjan, Yu Chen, Brett 
Olivier, Douwe Molenaar, Herwig 
Bachmann, Jens Nielsen and Bas Teusink 
 
 

Genome-scale Proteome Constrained 
model of L. lactis 

Metabolism 

70 Sebastián N. Mendoza, Brett G. Olivier, 
Douwe Molenaar and Bas Teusink 

A systematic assessment of current 
genome-scale metabolic reconstruction 
tools 

Metabolism 

 



Poster list BioSB 2019 
Nr Authors Title Topic 

71 David Lao Martil, Natal van Riel, Bas 
Teusink and Joep Schmitz 

Divide and conquer parameter estimation 
and inclusion of biomass to improve fidelity 
in yeast kinetic metabolic models 

Metabolism 

72 Joan Sebastian Gallego Murillo, Marieke 
von Lindern, Aljoscha Wahl, Emile van 
den Akker, Luuk van der Wielen, Angelo 
D’alessandro and Nurcan Yagci 

Metabolomics analysis of high cell density 
erythroblast cultures: Small molecules 
trigger cellular oxidative stress 

Metabolism 

73 Carlos de Lannoy, Victor Carrion, Mattias 
de Hollander and Dick de Ridder 

Evaluation of the MinION as a 
field-deployable soil community analyzer 

Microbial ecosystems 

74 Wasin Poncheewin, Anne van 
Diepeningen, Theo van der Lee, Peter 
Schaap and Maria Suarez Diez 

Microbiome Interactions Prediction using 
Genome-Scale Constraint-Based Metabolic 
Modeling. 

Microbial ecosystems 

75 Jeroen Meijer, Bram van Dijk and Paulien 
Hogeweg 

Evolutionary contingency drives metabolic 
interactions and the emergence of 
ecological structure in microbial 
communities 

Microbial ecosystems 

76 Nomikos Skyllas and Julia Engelmann Causal interactions between marine 
microbes and their environment in the 
Mediterranean Sea 

Microbial ecosystems 

77 Laurens Krah, Istvan Kleijn and Rutger 
Hermsen 

Noise propagation in an integrated model of 
bacterial gene expression and growth 

Single cell biology 

78 Sieze Douwenga, Branco dos Santos, 
Teusink and Bachmann 

Identification of trade-offs between growth 
rate and adaptation to new environments in 
Lactococcus lactis 

Single cell biology 

79 Age Tjalma and Frank Bruggeman Information in phenotypic adaptation: it is 
not about looking closer but about looking 
wider 

Single cell biology 

80 Paul de Raadt, Tamim Abdelaal and 
Ahmed Mahfouz 

Scalable clustering of high dimensional 
single cell data 

Single cell biology 

81 Stefania Astrologo, I Barozzi, Sp Hong, 
Thierry Mondeel, L Magnani, Pj Verschure 
and Hv Westerhoff 

Chasing heterogeneity: exploring functional 
noise 

Single cell biology 

82 Sakshi Sakshi, Stefano Schivo, Kannan 
Govindaraj, Leilei Zhong, Xiaobin Huang, 
Marcel Karperien and Janine N. Post 

DKK1, FRZB and GREM1 restore SOX9 
transcriptional activity in osteoarthritic 
chondrocytes: a computational modeling 
study validated by primary human cell 
experiments 

Single cell biology 

83 DEMO - Joanna Wolthuis, Jeroen de 
Ridder and Saskia van Mil 

MetaboShiny - identify each mass, en 
masse 
 

Tools & resources 
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84 Ruben Vorderman, Sander Bollen, Davy 
Cats, Guy Allard and Leon Mei 

Pytest-workflow: a pytest based test 
framework for integration and functional 
testing of bioinformatics workflows 

Tools & resources 

85 Rob Hooft, Mateusz Kuzak, Marek 
Suchánek and Robert Pergl 

“Data Stewardship Wizard”: bringing 
together Researchers, Data Stewards, and 
Data Experts around Data Management 
Planning 

Tools & resources 

86 Daniel Rademaker Deep learning for optical chemical structure 
recognition. 

Tools & resources 

87 Daniel Rademaker Deep learning for faster and better 
detection of malaria infected cells 

Tools & resources 

88 Juan Ochoteco, Jos Kleinjans and Florian 
Caiment 

Evaluation of transcriptomic quantification 
tools 

Tools & resources 

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

Consensus calling using raw nanopore data 
for Cyclomics-seq 

Tools & resources 

90 Shuang Li, Joeri van der Velde, Morris 
Swertz, Dick de Ridder, Aalt-Jan van Dijk, 
Dimitrios Soudis and Leslie Zwerwer 

A Machine Learning Approach to Variant 
Pathogenicity Estimation 

Tools & resources 

91 Christian Tönsing, Jens Timmer and 
Clemens Kreutz 

Optimal paths between parameter 
estimates in nonlinear ODE systems 

Tools & resources 

92 Weiyang Tao, Timothy Radstake and 
Aridaman Pandit 

RegEnrich: an R package for gene 
regulator enrichment analysis 

Tools & resources 

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

MA-PRALINE: improving the alignment of 
motif regions 

Tools & resources 

94 Raúl Wijfjes, Sandra Smit and Dick De 
Ridder 

Hecaton: a framework to reliably detect 
copy number variation in plant genomes 

Tools & resources 

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

DeepSV: Somatic Structural Variant 
Detection using Deep Learning 

Tools & resources 

96 Laurène Picandet, Hindrik Kerstens, Van 
Tuil, Strengman, Eugène Verwiel, Frank 
Holstege, Tops, Jayne Hehir-Kwa and 
Patrick Kemmeren 

Optimizing somatic variant calling on 
samples sequenced on NovaSeq 

Tools & resources 

97 Tjardo Maarseveen, Thomas Huizinga, 
Marcel Reinders, Erik Van den Akker and 
Rachel Knevel 

Automated diagnosis extraction from 
Electronic Medical Records with Machine 
Learning classifiers. 
 

Working with Data 
Resources (quality, future, 
access) 
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98 Eugène Verwiel, Hinri Kerstens, Chris van 
Run, Ellen de Jong, Bas Tops, Patrick 
Kemmeren and Jayne Hehir-Kwa 

Workflow Manager, keeping track of daily 
operations with MOLGENIS and Cromwell 

Working with Data 
Resources (quality, future, 
access) 
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Mustafa Khammash 
 
Professor Mustafa Khammash 
Department of Biosystems Science and Engineering 
ETH Zurich, Switzerland 

 

Circuits and devices for robust multicellular control 

In this lecture I will explore some key questions in the emerging field of 
cybergenetics. Among these is the problem of determining what circuit topologies 
enable the robust control of cellular dynamics in both engineered and natural 
systems. I start by presenting our theoretical framework for the design of biological 
control systems that achieve robust perfect adaptation, and will explore the main 
challenges in their practical implementation. I will then present the first designer 
gene network that attains such adaptation in a living cell and demonstrate its 
tunability and disturbance rejection properties. I will then discuss how devices based 
on optogenetics can be used to interface living cells with computers, allowing the 
closed-loop feedback control of multiple living cells simultaneously. Finally I will 
reflect on the role of such circuits and devices in getting a deeper understanding of 
biology as well as their application in industrial biotechnology and medical therapy. 

Bio 

Mustafa Khammash is the Professor for Control Theory and 
Systems Biology at the Department of Biosystems Science 
and Engineering at ETH Zurich, Switzerland. He works in the 
areas of control theory, systems biology, and synthetic 
biology. His lab develops theoretical, computational, and 
experimental methods aimed at understanding the role of 
dynamics, feedback, and randomness in biology. He has 
pioneered the area cybergenetics, where he has developed 

novel theoretical and experimental methods for the design of biomolecular control 
systems and their realization in living cells. Prof. Khammash received his B.S. 
degree from Texas A&M University in 1986 and his PhD from Rice University in 
1990, both in electrical engineering. In 1990, he joined the engineering faculty of 
Iowa State University, where he created the Dynamics and Control Program and led 
the control group until 2002. He then joined the engineering faculty at the University 
of California, Santa Barbara (UCSB), where he was Director of the Center for 
Control, Dynamical Systems and Computation (CCDC) until 2011 when he joined 
ETH Zurich. He is a Fellow of the IEEE, IFAC, and the Japan Society for the 
Promotion of Science (JSPS). 



 
 
 
 
 
 
Michal Linial 
 
Professor Michal Linial 
Hebrew University of Jerusalem, Israel  

Not all proteins are born alike: Evolution solutions in translational control 
 
Protein synthesis is an indispensable process which accounts for a large proportion 
of the energetic resources of any living cells. Therefore, translational regulation must 
be tightly controlled. Such regulation is critical for protein biogenesis, folding, 
trafficking and degradation under stable and changing conditions. I will focus on the 
importance of hidden evolutionary signatures within the coding region of proteins that 
govern translational efficiency and dominate proteostasis in health and disease. I will 
discuss the notion of tRNA adaptation index (tAI) as an indirect measure for 
translation elongation efficiency. Specifically, I will show that proteins which must be 
localized to specific sites and organelles in cells evolved to support their optimal 
translation elongation rate. A link between an evolutionary signature within mRNAs 
and efficient management of protein production will be illustrated for the case of 
synaptic proteins and their family members. Neuronal communication is governed by 
the coordinated action of the synapse. In all organisms having a nerve system, the 
synapses are signified by the abundance of ion channels, cytoskeletal elements, 
ligand binding receptors, and secreted proteins. As such, the proteins composition is 
a showcase for an extreme demand of translational control. In the last part of the 
talk, I will extend the concept of translation regulation by illustrating the robustness of 
the translational machinery in view of post-translational regulation of miRNA in cells. 
I will present COMICS as a simulator that predict the global cell response to miRNA 
alterations, and illustrate the immunity of the translation apparatus to miRNA 
fluctuations. In summary, I will show that evolutionarily conserved design principles 
while often hidden are strong determinant in the cell homeostasis in health and 
disease 

 

 



 

 

 

Bio 

Michal Linial is a Professor of Biochemistry and 
Bioinformatics of the Hebrew University of Jerusalem (HUJI) 
and the Director of the Israeli Institute for Advance studies 
(IIAS) in Jerusalem (from 2012-2018). She served as the 
Director of the Sudarsky Center for Computational Biology at 
the Hebrew University and the head of Node for ELIXIR-IL. 

 

Prof. Linial obtained her Ph.D. in Molecular biology (1986) from HUJI studying 
mechanistic aspects of replication in parasites. She then completed her post-doctoral 
training at Stanford, CA-USA, on the field of cellular neurochemistry. On 1989 she 
joined the faculty of HUJI in the Biological Chemistry department. She is a founder 
(imitated in 1999) and chair of the honor educational program for Computational 
Biology in HUJI. She is the representative of Israel in the pan-European project of 
ELIXIR. ML serves in the Board of Directors and as a Vice-President of the 
International Society of Computational Biology and was selected as a fellow of the 
society. From 2005 she serves at the steering committee of ISMB, RECOM and 
ECCB the flagship international conferences of the Bioinformatics and 
Computational Biology communities. ML was a visiting professor in University of 
Washington in Seattle and Microsoft Research Center in Cambridge, MA-USA. ML 
has authored over 150 peer-reviewed papers and contributed to the development of 
bioinformatics databases and websites that are open to the large communities of the 
biomedical and Life science researchers. Her current research interests covers 
host-pathogen co-evolution, protein family evolution, microRNA mode of action in 
extreme cellular conditions and researching the molecular basis of aging and 
metabolic diseases. She applies large-scale technologies including next generation 
sequencing, genomics, GWAS, protein structure, mass spectrometry and evolution 
for revealing the different regulation levels cell in health and disease. 

 
 
 
  



Eran Segal, Ph.D. 

Professor, Weizmann Institute of Science 

Rehovot, Israel 

 
Personalizing treatments using microbiome and clinical data 

Accumulating evidence supports a causal role for the human gut microbiome in 
obesity, diabetes, metabolic disorders, cardiovascular disease, and numerous other 
conditions. I will present our research on the role of the human microbiome in health 
and disease, ultimately aimed at developing personalized medicine approaches that 
combine human genetics, microbiome, and nutrition. In one project, we tackled the 
subject of personalization of human nutrition, using a cohort of over 1,000 people in 
which we measured blood glucose response to >50,000 meals, lifestyle, medical and 
food frequency questionnaires, blood tests, genetics, and gut microbiome. We 
showed that blood glucose responses to meals greatly vary between people even 
when consuming identical foods; devised the first algorithm for accurately predicting 
personalized glucose responses to food based on clinical and microbiome data; and 
showed that personalized diets based on our algorithm successfully balanced blood 
glucose levels in prediabetic individuals. 

Using the same cohort, we also studied the relative contribution of host genetics and 
environmental factors in shaping human gut microbiome composition. Notably, 
although our cohort consists of individuals from several distinct ancestral origins who 
share a relatively common environment, we found no association between 
microbiome and genetic ancestry. In contrast, we show that over 20% of the gut 
microbiome variance can be explained by environmental factors related to diet, 
drugs and anthropometric measurements. We further show that 24-36% of the 
variance of several human traits and disease risk factors can be explained by the 
microbiome even after accounting for the contribution of human genetics. These 
results suggest that human microbiome composition is dominated by environmental 
factors rather than by host genetics. 

Finally, I will present an algorithm that we devised for identifying variability in 
microbial sub-genomic regions. We find that such Sub-Genomic Variation (SGV) are 
prevalent in the microbiome across multiple microbial phyla, and that they are 
associated with bacterial fitness and their member genes are enriched for 
CRISPR-associated and antibiotic producing functions and depleted from 
housekeeping genes. We find over 100 novel associations between SGVs and host 
disease risk factors and uncover possible mechanistic links between the microbiome 
and its host, demonstrating that SGVs constitute a new layer of metagenomic 
information. 



Bio 

Eran Segal is a Professor at the Department 
of Computer Science and Applied 
Mathematics at the Weizmann Institute of 
Science, heading a lab with a 
multi-disciplinary team of computational 
biologists and experimental scientists in the 
area of Computational and Systems biology. 
His group has extensive experience in 
machine learning, computational biology, 
probabilistic models, and analysis of 
heterogeneous high-throughput genomic data. 

His research focuses on Microbiome, Nutrition, Genetics, and their effect on health 
and disease. His aim is to develop personalized nutrition and personalized medicine. 

Prof. Segal published over 140 publications, and received several awards and 
honors for his work, including the Overton prize, awarded annually by the 
International Society for Bioinformatics (ICSB) to one scientist for outstanding 
accomplishments in computational biology, and the Michael Bruno award. He was 
recently elected as an EMBO member and as a member of the young Israeli 
academy of science. 

Before joining the Weizmann Institute, Prof. Segal held an independent research 
position at Rockefeller University, New York. 

Education: Prof. Segal was awarded a B.Sc. in Computer Science summa cum 
laude in 1998, from Tel-Aviv University, and a Ph.D. in Computer Science and 
Genetics in 2004, from Stanford University. 

Lab website: http://genie.weizmann.ac.il 

 

http://genie.weizmann.ac.il/
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Large-Scale Gene Network Causal Inference with 

Bayes Factors of Covariance Structures (BFCS) 

Ioan Gabriel Bucur1, Tom Claassen1 and Tom Heskes1 

1Dept. Data Science, Radboud University, Nijmegen, The Netherlands 
E-mail: g.bucur@cs.ru.nl, T.Claassen@science.ru.nl, t.heskes@science.ru.nl  

 
 

1. Introduction 
 

Gene regulatory networks (GRNs) play a crucial role in 
controlling an organism’s biological processes, such as cell 
differentiation and metabolism. If we knew the structure of a 
GRN, we would be able to intervene in the developmental 
process of the organism, for instance by targeting a specific 
gene with drugs. In recent years, researchers have developed 
several methods for inferring regulatory relationships from 
data on gene expression, the process by which genetic 
instructions are used to synthesize gene products such as 
proteins. Gene regulatory relationships are inherently causal: 
we can manipulate the expression level of one gene (the 
‘cause’) to regulate that of another gene (the ‘effect’). 

 
2. Approach 

 
An efficient way to derive causal relationships is to find 

local causal patterns. We have proposed a Bayesian approach 
(2) for inferring gene regulatory networks that uses the 
information in the local covariance structure over triplets of 
variables. We directly score patterns in the data by computing 
posterior probabilities over all possible three-dimensional 
covariance structures. To facilitate computation, we derive 
simple Bayes Factors over these Covariance Structures 
(BFCS). This provides a stable, efficient and elegant way of 
expressing the uncertainty in the underlying local causal 
structure, even in the presence of latent variables.  

To arrive at a unique identifiable local causal structure, 
we add the background knowledge that genetic information is 
randomized at conception, before any other measurements can 
be made. With our method, it is straightforward to incorporate 
this knowledge in the form of priors on causal structures. The 
end goal is then to identify plausible causal relationships by 
combining the derived scores over the local causal structures. 

 
3. Results 

 
We applied our idea to an experiment on yeast, in which 

two distinct strains were crossed to produce 112 independent 
recombinant segregant lines. Genome-wide genotyping and 
expression profiling were performed on each segregant line. 
We plugged our BFCS computation into the innermost loop of 
Algorithm 1, which searches for local causal patterns among 
all possible triplets in the yeast data set. 

We compared our approach against ‘Trigger’ (1), a state-
of-the-art GRN inference algorithm. Both Trigger and BFCS 
are designed to look for and compute the posterior probability 

of the local causal structure Lk → Ti → Tj given the data, 
where Lk is a genetic marker (the parental strain of the gene in 
the yeast data set) and Ti (Tj) is a variable measuring the 
expression level of gene i (j). Our BFCS approach resulted in 
a more stable, better calibrated and more reliable ranking of 
the most likely causal regulatory relationships. For example, 
the regulatory relationship NAM9 → MTG2, of which both 
genes are part of the mitochondrial ribosome assembly, is 
ranked sixth in terms of posterior probability by BFCS but is 
assigned zero probability by Trigger.  
 
Input: Yeast data set consisting of 3244 markers and 6216 
gene expression measurements 
For all expression traits Ti do 
  For all expression traits Tj do 
    For all genetic markers Lk do 
      Compute Bayes Factors for the triplet (Lk, Ti, Tj) 
      Derive posterior probability of Lk → Ti → Tj given data 
    end for 
    Save maxk p(Lk → Ti → Tj | data) as the probability of 
gene i regulating gene j 
 end for 
end for 
Output: Matrix of regulation probabilities 

 
Algorithm 1. Running BFCS on the yeast data set 

 
4. Discussion 
 

The probability estimates produced by BFCS constitute a 
measure of reliability in the inferred causal relations. A key 
advantage of our method is the fact that we consider all 
possible causal structures over triplets at once instead of only 
looking at and testing a subset of structures. The simplicity, 
efficiency, and inherent parallelism of our approach makes it 
suitable for large-scale causal network inference. Moreover, 
this enables us to consider more (and possibly better) 
candidates for estimating the probability of causal regulatory 
relationships given data, as opposed to the more restricted 
search strategy employed by Trigger. In future work, our 
approach could be extended to other types of local patterns.  
 
References 
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Compartment-specific proteome constraints drive changes in yeast metabolism 
 
Bas Teusink, Vrije Universiteit 
 
Metabolism is at the core of cellular functions as it provides energy and building blocks required for 
cellular maintenance and growth; there is therefore much interest in the driving forces that shape 
metabolic adaptations. In bacteria, constraints on cellular resources explain allocation of proteins to 
different cellular processes. In eukaryal cells, however, where metabolism is distributed into several 
different compartments, it is unclear which constraints shape cellular metabolism. Here we integrated 
metabolic fluxes and proteomics data with a genome-scale model enhanced with detailed protein 
synthesis reactions and associated, compartment-specific, constraints. We find that the onset of 
alcoholic fermentation (analogous to the Warburg effect in cancer) is governed by mitochondrial or 
cytosolic constraints, depending on nutrient availability. Our modeling approach explains the Crabtree 
effect as a constrained growth-rate maximisation strategy, and provides a framework and 
methodology to study metabolism in (complex) eukaryal cells. 
 



From millions of DNA reads to mechanistic insight into transcription factor 

function 

 

Harmen J. Bussemaker, Professor  

Department of Biological Sciences and Department of Systems Biology at Columbia 

University 

 

Abstract 

 

We will demonstrate how principled hierarchical biophysical and statistical modeling of 

deep-sequencing-based functional genomics data can yield unprecedented mechanistic insight 

into transcription factor function. No Read Left Behind (NRLB), our feature-based maximum 

likelihood algorithm for analyzing data from in vitro protein-DNA interaction (SELEX) 

assays based on deep sequencing, allows us to quantify the binding specificity of 

transcription factor complexes almost perfectly over a >100-fold affinity range and an 

unlimited binding site footprint, and to accurately predict changes in gene expression levels 

in fly embryos when ultra-low-affinity Hox binding sites in enhancers are mutated. NRLB 

binding models are mechanism-agnostic, but can be examined for signatures of DNA minor 

groove width sensitivity using new statistical methodology we developed. By extending 

SELEX-seq to barcoded mixtures of methylated and unmethylated DNA ligands, we 

discovered that CpG methylation can affect binding by human Hox complexes either 

positively or negatively, depending on exactly where the CpG dinucleotide is located within 

the protein-DNA binding interface, and that binding by the p53 tetramer can be stabilized by 

cytosine methylation both in vitro and in vivo. 
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Identifying epistasis in cancer genomes: a delicate affair 
 

van de Haar, J.1,2,3, Canisius, S.1,3, Yu, M.K.2, Voest, E.E.1, Wessels, L.F.A.1, Ideker, T.2 

1. The Netherlands Cancer Institute, Amsterdam, the Netherlands. 
2. University of California San Diego, La Jolla, California, USA. 

3. These authors contributed equally. 
Correspondence: JvdH. (j.vd.haar@nki.nl), LFAW (l.wessels@nki.nl), or TI (tideker@ucsd.edu) 

 

Introduction 

A fundamental question in cancer genomics is how 
cancer mutations non-linearly combine to transform 
healthy tissues into tumors. Numerous recent studies of 
the tumor genome seek to identify groups of genes in 
which mutations are epistatic with one another or, 
specifically, “mutually exclusive”. This is used as a 
means to directly use patient data (rather than model 
systems) to infer the structure of pathways that drive 
cancer, or as an approach to explore the vast space of 
genetic interactions. Together, the 19 currently available 
mutual exclusivity tests have been cited >6000 times. 
However, if tumor subtypes are driven by different 
mutations, this might lead to patterns of mutual 
exclusivity that do not necessarily reflect direct gene-
gene interactions or pathway relationships. Instead, these 
patterns could simply reflect differences in particular 
driver mutation frequencies between subtypes. 
Furthermore, the number of non-specific findings might 
greatly increase when tumor subtypes are linked to tumor 
mutation load (i.e., the total number of mutations 
observed genome-wide). Namely, mutations that 
specifically drive tumors with low mutation load might 
appear mutually exclusive with the vast majority of other 
genes (Fig. 1). 

 
Figure 1. 
The interplay 
between gene 
mutation pattern, 
tumor subtypes and 
mutational 
processes can drive 
mutual exclusivity 
that does not reflect 
epistasis. 
 

 

 

 

 

Approach 

We applied 5 mutual exclusivity tests on somatic 
mutation data from 13 cohorts. We assessed the extent to 
which the results could be explained by the confounding 
influence of tumor subtypes and mutational processes. 

Results 

See Fig. 2. 

 

 

 

 

 

 

 
 

 

Figure 2. The vast majority of mutually exclusive 
relationships between mutations is explained by the 
‘correlation’ of a gene with tumor mutation load (MLA). 
Shown are results for the TCGA colorectal cancer cohort, 
using the DISCOVER test. This generalizes to all tumor 
cohorts and all tests. 

 
Discussion 

We propose a model of highly interrelated confounders: 
positive selection for mutations, disease subtypes, and 
gross tumor characteristics including mutational 
signatures and load (Fig. 3). Accurate correction for 
these factors is essential to create ever more precise maps 
of epistasis in human cancers and, in turn, open up new 
therapeutic avenues based on these genetic dependencies. 
Researcher should interpret current epistatic maps of the 
cancer genome with caution. 

 

Figure 3. Indirect paths can lead 
to mutual exclusivity in the 
absence of epistasis. For example, 
a mutation in CDH1 leads to 
genomically stable gastric cancer 
(arrow 1), a subtype with rather 
inactive mutational processes 
(arrow 6). This results in a 
relatively low mutation frequency 
of other genes (arrow 3), resulting 
in mutual exclusivity between 
CDH1 and these other genes. 

These patterns of mutual exclusivity falsely suggest 
many epistatic relationships with CDH1. 
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USE OF DEEP LEARNING METHODS TO TRANSLATE DRUG-INDUCED GENE EXPRESSION 
CHANGES FROM HEPATOCYTE EXPOSED IN VITRO TO IN VIVO. 

 
Shauna O’Donovan1, Michael Lenz1, Florian Wimmenauer2, Alexander Lukas2, Jelmer Neeven2, Tobias Stumm2, Aditya 
Krishna2, Daniel Lopatta2, Evgueni Smirnov2, Gokhan Ertaylan1, Rachel Cavill2, Danyel Jennen3, Natal van Riel1,4,Kurt 

Driessens2, Ralf Peeters1,2, Theo de Kok1,3 
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1. Introduction 
In the pharmaceutical drug development process, in vitro cell 
lines and animal models are often used to evaluate the toxicity 
of a novel or existent chemical before progressing to human 
trials. 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 with regards to 
predicting toxic effects of pharmaceuticals in humans [1]. In 
previous work we demonstrated the ability of simple deep 
learning architectures (auto-encoders, convolutional neural 
networks) to predict time series of human in vitro gene 
expression given rat in vitro gene expression following an 
exposure to a previously unseen compound (in preparation). 
In this study, we will leverage the relative abundance of rat in 
vitro and in vivo data to train a predictor model of human in 
vivo gene expression given human in vitro gene expression 
using Unsupervised Domain Adaptation (UDA) [2].  
 
2. Approach 
The TG-GATEs data set is a large publicly available 
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 [3]. For this study we use a 
subset of 45 compounds for which all time points and dosages 
are available in all three domains (rat in vivo, human in vitro, 
and rat in vitro). Making use of replicates and controls, 720 
learning examples can be generated. Given the relatively 
limited number of learning examples, we identified four 
subsets of genes (consisting of 22 to 77 genes) reported in 
literature as being genomic fingerprints of relevant 
toxicological outcomes, such as genotoxicity. To maximise 
the number of learning examples available for training model 
performance is assessed using leave one out cross validation.  
 
3. Results 
Following optimisation of the network architecture and 
training procedure, UDA predictions of rat in vivo gene 
expression consistently outperform predictions made by 
previously validated deep learning architectures and more 
traditional machine learning methods, such as k-nearest 

neighbours and random regression forest, for our identified 
gene sets. Moreover, the UDA model provides a prediction of 
time series of human in vivo gene expression given human in 
vitro following exposure to a novel compound. 

 
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 
The use of transfer learning in Unsupervised Domain 
Adaptation to integrate the data from all three domains in the 
training of a single predictor model produces the most 
accurate prediction of rat in vivo gene expression. The UDA 
model also provides a prediction of human in vivo gene 
expression following exposure to a novel compound. In future 
work we aim to validate our model’s prediction of 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 
 

Optical mapping provides long-range contiguity 
information to improve genome sequence assemblies and 
detect structural variation [1]. Originally a laborious manual 
process, Bionano Genomics (BNG) platforms now offer 
high-throughput, automated optical mapping based on chips 
packed with nanochannels through which unwound DNA is 
guided, recording the fluorescent DNA backbone and 
specific restriction sites [2]. However, the processing and 
assembly software accompanying the platforms is closed 
source and discards a lot of the available data. Their methods 
to align optical map fragments are based on representing a 
series of label interval lengths as a sequence, followed by 
sequence-based alignments. This discards peak heights 
which were observed to be informative, in that relative 
heights are reproduced in different molecules. 

 
2. Approach 

 
Here we introduce a tool suite, OptiTools (Figure 1), 

consisting of three new tools independent from BNG 
software.  

The first tool, OptiScan extracts and processes 
molecules from raw images. Our alignment tool, OptiMap, 
performs molecule-to-molecule and molecule-to-reference 
alignments. It diverges from the BNG algorithm by using a 
novel signal-based approach which makes use of full 
molecule signal information, including peak heights with a 
cross-correlation based scoring. Finally, the assembly tool, 
OptiAsm uses the overlap information obtained by OptiMap 
to create an overlap-layout-consensus graph, and makes a de 
novo assembly by reducing this graph into genome map 
contigs.  

We demonstrate that the molecules detected by 
OptiScan have improved quality and that the approach taken 
by OptiMap and OptiAsm results in higher use of molecules 
and better assemblies at lower coverages. 

 
3. Results 
 

Molecules from OptiScan were converted into BNG’s 
molecule format and assembled by BNG tools. This resulted 
in improved assembly confidence, demonstrating that the 
molecules detected by OptiScan have improved quality. 

We compared OptiMap to the BNG aligner by assessing 
the number of unique molecules present in the respective 
molecule alignments of the same dataset.  OptiMap produces 

more true alignments and also makes use of more molecule 
data. 

When the molecule alignments produced by OptiMap 
were used in OptiAsm, it produced better assemblies than 
those produced by the BNG assembler, at lower coverages. 

 
 

 
Figure 1. OptiTools workflow. 

 
4. Discussion 

 
Given its unique capability of generating contiguity 

information in the megabase range, optical mapping 
technology has great potential for use in fundamental and 
applied studies depending on long-range haplotyping, 
detection of structural variation and recombination, finding 
copy number variation etc. For NGS sequence analysis, a 
plethora of open source tools are available covering a wide 
variety of applications, from quality analysis to variation 
detection. In contrast, for high-throughput optical mapping 
such tools are scarce and often critically depend on software 
provided by BNG. This has hampered diversification and 
implementation of novel methods for (comparative) 
genomics based on optical mapping data. OptiTools lays the 
foundation for a suite of open source methods to process and 
analyse high-throughput optical mapping data. 
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Omics to steer Industrial Metabolic Pathway and Product Development 
Michiel Akeroyd, Erwin Kaal, Brenda Ammerlaan, Margriet Hendriks and Maurien Olsthoorn  

 

Industrial Life Sciences innovations are increasingly data-driven. High-throughput application of Omics 
technologies are crucial in the development of new biotechnological processes, applications and 
products as well as improving existing ones. The analytical challenge in biotechnological innovations is to 
identify and quantify a large variety of compounds of interest in- and outside of cells, in products, in 
applications and in bioprocesses. Omics technologies provide these unprecedented molecular insights. 

We present different applications of Omics technologies, including data management in an industrial 
biotechnology setting. Proteomics and metabolomics were used for steering microbial strain 
engineering to produce metabolites by fermentation. Lipidomics, enabled by direct infusion ion mobility 
MS, is used to study oil compositions and fats in food matrices without sample preparation and allows 
to distinguish positional isomers. Untargeted MS-based technologies, as well as untargeted High-
Throughput NMR, were combined with sensory studies in a Sensomics approach to improve food 
sensation based on molecular insights of fermented milk products. These examples show the crucial role 
Omics technologies play in industrial innovation. 
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1. Introduction 
 

The question of the core requirements of cellular life led 
to the construction of the "minimal cell" JCVI-syn3A by 
synthetic biologists [1]: A cell where practically all genes 
were removed that were not essential for robust growth in a 
stress-free laboratory environment. With only 493 genes in a 
543 kbp genome, JCVI-syn3A has a genome smaller than 
that of any independently-replicating cell found in nature. It 
provides a versatile platform to study the basics of cellular 
life and is small enough that a complete description of all 
cellular functions can be pursued.  

Here, we present an extensively curated metabolic 
reconstruction and flux balance analysis (FBA) model of this 
minimal cell [2], which–together with a comparison to 
experimental gene essentiality–lead to new hypotheses on 
particular metabolic functions, suggesting specific 
experiments. Thus, the model provides a solid foundation for 
further experimental and computational studies on the 
minimal cell. 

 
2. Approach 

 
The metabolic reconstruction of the minimal cell JCVI-

syn3A began with the curated genome annotation [1] and 
was greatly aided by the vast amount of literature available 
on Mycoplasma mycoides capri–the species from which the 
minimal cell was derived–and other mycoplasmas.  

In vivo gene essentialities were probed by transposon 
mutagenesis studies, where genes are randomly disrupted by 
bombardment with transposon insertions. A statistical model 
was developed to classify genes as essential, quasi-essential 
or non-essential (where knockouts of quasi-essentials confer 
a significant but non-lethal growth defect).  

Protein abundances were obtained from mass 
spectrometry based proteomics and were used together with 
enzyme turnover numbers to estimate reaction flux bounds 
that could be compared to the in silico flux predictions.  

 
3. Results 
 

The metabolic reconstruction of the minimal cell 
contains 338 reactions involving 304 metabolites, catalyzed 

by gene products of 155 genes, thus covering a third of the 
genome. The model is near-complete with 98 % of 
enzymatic reactions supported by gene annotation and/or 
experimental evidence.  

79 % of genes in the model are essential in silico; in 
vivo, 92 % of the model-included genes are essential or 
quasi-essential (68 % essential). The Matthews correlation 
coefficient between in silico and in vivo essentiality is 0.59.  

The proteomics-derived reaction flux bounds are largely 
consistent with model-predicted fluxes, with only a few 
model fluxes exceeding these flux bounds.  
 
4. Discussion 

 
A near-complete and coherent model of the minimal 

metabolic network in JCVI-syn3A was obtained, 
corroborated by good agreement with in vivo essentiality 
data. At the same time, the model also points toward specific 
open questions regarding the minimal genome of JCVI-
syn3A, which still contains many genes of generic or 
completely unclear function.  

In particular, the model and its comparison to 
experiment suggest some possible further gene removals, 
additional or refined functions for some genes and metabolic 
capabilities without known genes altogether. 

The comparison of predicted fluxes to proteomics-
derived flux bounds in many cases has these flux bounds 
exceeding model fluxes by several orders of magnitude–
raising the question if genome minimization affected 
expression optimality, or if kinetic factors like substrate 
saturation and backward fluxes might account for the 
difference. [3] 
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1. Introduction 
 

Yeast cells undergo cyclic changes in metabolism in 
coordination with their cell division cycle. It has been 
proposed that these oscillations are autonomous and could 
promote the entry to the division cycle1. Data from 
synchronized cultures suggest that START, the point of 
irreversible commitment to the division cycle, is marked by 
a transient increase in flux through central carbon 
metabolism2. This increase in flux was suspected to 
influence START by modulating globally the rate of protein 
production, and thereby, potentially the levels of the 
unstable START-activator Cln33. However, although not 
possible to measure so far in-vivo, Cln3 concentration is 
assumed to remain constant during G1 due to scaling of 
protein production rate with cell size. In absence of known 
changes in Cln3 concentration, the growth-dependent 
dilution of the cell-cycle-inhibitor Whi5 was recently 
proposed to facilitate START4. 

 
2. Approach and results 

 
Here, combining microfluidics with fluorescence 

microscopy for concomitant monitoring of physiological and 
cell-cycle markers, we obtained time-resolved measurements 
of metabolic, biosynthetic, and cell cycle activity during 
unperturbed cell cycles of individual yeast cells. First, we 
show that the concentration of Whi5 remains unchanged 
during G1. Then, contrary to the notion that protein 
production rates scale with cell size, we show that metabolic 
oscillations promote pulses in global protein production 
which are not accompanied by respective changes in cell 
size. Using a novel method for measuring wild-type Cln3 
production in single-cells, we show that these pulses in 
global protein production lead to a many-fold increase in the 
concentration of Cln3 during START. By dynamically 
uncoupling Cln3 levels from global protein production in 
single cells, we demonstrate that the cell-size-independent 
pulses in Cln3 production trigger START. Finally, we show 
that this mechanism of cell cycle commitment applies to 
both daughter and mother cells, as well as across different 
nutrient conditions.  

 
 
 
 
 

 
 

Figure 1. Lorem ipsum. 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. Schematic representation of model for cell 
cycle commitment. The differential scaling between the rate 
of Cln3 production and cell size dynamics during G1, causes 

Start by leading to increase in Cln3 concentration. 
 

3. Discussion 
 

Here, we have identified a nutrient-condition and cell-
age independent mechanism for START (Figure 1). Our 
results show that the yeast metabolic oscillator controls the 
initiation of the cell division cycle by pulsing global protein 
production, highlighting metabolism as a central regulator of 
a key process in eukaryotic cells. 
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Introduction. Nine-carbon sugars are one of the most diverse 

but also most important class of carbohydrates. Their 

biosynthetic route branches from the glucosamine pathway 

into the core nonulosonic acid biosynthetic (NAB) pathway. 

The product, a nine-carbon alpha-keto acid, is further 

activated by CMP before being transferred to their targets 

such as proteins or lipids. In mammals, sialic acids cover most 

cell surfaces and undergo alterations in their metabolism in 

disorders such as cancer. Interestingly, nine-carbon sugars are 

also major components of the mucosal layers formed by 

epithelial cells, thereby providing anchor points for viral 

infections.1 

For a long time, it was believed that sialic acids were an 

animal innovation and only later emerged in pathogenic 

prokaryotes to mimic animal glycosylation in order to evade 

the host immune response. However, recent genome-level 

studies have revealed that homologues of NABs are broadly 

found throughout all domains of life, suggesting a more 

ancient innovation of this pathway. 2,3 

The high diversification of NAB pathways (and their 

biosynthetic products) make sole genome-level studies 

challenging. In addition, the (species-unique) post-synthesis 

diversifications makes sialic acids a unique but enormously 

diverse class of sugars. Molecular-level studies using 

conventional methodologies are therefore laborious.  

There is a continuous search for new metabolomic tools to 

study novel prokaryotic biosynthetic routes of nine-carbon 

acid sugars as well as for exploring cheap sources for 

producing complex bacterial sugar epitopes. 

 

Approach. Discovery of novel compounds such as nine-

carbon sugar derivatives from crude microbial lysates at a 

large-scale requires extreme specificity.  

 

 
 
 

 
 

 
Figure: The mammalian NAB pathway and main alternative 
routes in prokaryotes to produce pseudaminic acid (Pse), 
legionaminic acid (Leg) acid and KDN. The nine-carbon keto 
acid core shows class- and species-specific decoration (red), 
making this class very unique, but also challenging to study. 
 

Hence, we established a semi-targeted metabolomics approach 

using a QE plus Orbitrap mass spectrometer. A continuous 

fragmentation of very small mass windows enables 

identification of the most conserved features of different nine-

carbon sugar types with high sensitivity and speed. MS data 

processing to determine chemical compositions and post-

synthesis processing is further performed using MATLAB 

R2017. 

 

Results. We demonstrate a first molecular-level comparative 

study of the phylogenetic diversity. Our approach illustrates 

not only the common utilization but also gives insight into 

species-unique post-synthesis processing overlooked with 

conventional methods. Where the significance of bacterial 

sialic acids in host/pathogen interactions has been established, 

our study provides further understanding of their general 

utilization. 
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1. Introduction

Protein-protein interactions (PPIs) form the backbone
of the functional organization of the cell. Knowing which
residues mediate a PPI provides useful mechanistic insight
into it. As such, 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 interacting proteins to
maintain the interaction, which leads to correlated
mutations amongst contacting residues [1]. These can be
revealed by statistical analysis of large alignments of
homologs of interacting proteins. It is non-trivial, however,
to avoid introducing noise (non-interacting proteins), which
leads to decreased contact prediction performance.

2. Approach

We have developed a novel algorithm to decrease such
noise in contact prediction [2]. The method combines
coevolutionary analysis with expectation-maximization in
order to simultaneously model protein-protein interaction
and correlated mutations, with no prior knowledge of
interactions nor contacts. We use two di+erent models of
protein evolution to distinguish between interaction and
non-interaction. The coevolutionary model considers there
are correlated mutations between the two proteins, which
indicates interaction. The null model, on the other hand,
assumes the two proteins evolve independently. The
algorithm iterates between 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 and discussion

We have tested our method on two di+erent protein
interaction datasets with di+erent levels of noise. We find
that the algorithm is able to discriminate well between
interacting and non-interacting proteins on the di+erent
datasets, merely from covariance between proteins. Using
the proteins predicted to interact for contact prediction

shows an improvement in contact strength ranking over the
naive approach of using coevolutionary analysis on MSAs
containing non-interacting proteins. Furthermore, unlike
previous approaches [3,4], the method can be applied to
datasets containing many-to-many interactions.

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 updated using

the new models of protein evolution.
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1. Introduction 

The process of protein (un)folding is difficult to observe 
directly. Moreover, although there are many methods to study 
natively folded proteins, the number of ways to probe 
misfolded proteins is very limited. In this work, we used 
Hemoglobin protease (Hbp) as a model protein to study 
protein unfolding and misfolding. Hbp is an extracellular 
protein secreted by E. coli that has a regular, β-helical 
structure with a stack of aromatic residues in the center. 

We combined atomic force microscopy (AFM) with 
steered molecular dynamics (MD) to study the unfolding 
process of Hbp, as previously done in [1], and to characterize 
the difference in the force unfolding profile between natively 
folded and misfolded Hbp at a single-molecule level. 
 
2. Approach 

 
 

Figure 1. Experimental procedures. 

We created a truncated construct of the C-terminal region 
of Hbp (left) with two cysteine residues which are used as 
pulling points (cyan); one at the N-terminus and one at the C-
terminus. Alpha helices are indicated in red, β-sheets in purple 
and the central stack of hydrophobics in green. 

We used AFM to characterize the force-extension profile 
of this construct, both in its native and in misfolded states. 
Simultaneously, we performed atomistic steered MD 
simulations, also on the native and misfolded construct to 
visualize the unfolding process while being able to compare 
the simulation results to the experimental results.  

Both the AFM and the MD force-extension curves were 
fitted with the worm-like chain (WLC) model to determine 
the length of the unfolded part of the protein at each unfolding 
event (a point after a gradual force increase followed by a 
large force drop). The MD simulations were also analyzed 
using LGA to visualize the unfolding process in a graph. 

Additionally, we used BLAST to search for Hbp 
homologs. Finally, we used Clustal Omega to create a 
multiple sequence alignment of these homologs to identify 
strongly conserved regions that may be structurally or 
functionally important for Hbp. 

 
3. Results 

The results show that Hbp unfolds sequentially from N- 
to C-terminus in multiple steps. Furthermore, the unfolding 
events map to the stack of hydrophobic residues in the core of 
Hbp. Both the AFM and MD-simulation profiles show these 
characteristics. 

On the other hand, for misfolded proteins the force-
extension profiles display a fundamentally different shape 
compared to their natively folded counterparts. There is a lack 
of well-defined peaks, with longer traces of high forces at the 
start of the pulling experiments. These characteristics were 
observed in both the AFM and MD-simulation profiles. 
 
4. Discussion 

This work shows that with our method, we can explore 
structural unfolding barriers within protein domains. Using a 
combined approach of force-extension profiles from AFM 
experiments, MD simulations and evolutionary profiles we 
can pinpoint at residue level which proteins are involved in 
(un)folding events. 

From our experiments we can conclude that for Hbp the 
central stack of hydrophobic residues is important for the 
stability of the protein, consistent with literature [2].  
Moreover, the integrated methodology allows us to 
discriminate between force-extension profiles of natively 
folded and misfolded Hbp proteins at a single-molecule level. 

In summary, we have developed a method to compare 
unfolding patterns of proteins in their native and misfolded 
state at a single-molecule level. This is difficult to do using 
other methods and can be very important, for example to 
study diseases caused by misfolded proteins. 
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1. Introduction 
 

Terpenes are a large class of chemical compounds which 
function as secondary metabolites in plants, fungi, and 
bacteria. Enzymes called terpene synthases catalyse the 
formation of terpenes from isoprenoid units, based on a small 
number of possible cyclization reactions followed by a series 
of rearrangements. Many plant-derived terpenes are used 
widely as fragrances and flavours. As a result, the product 
spectrums of many plant terpene synthases have been 
experimentally characterized. 

The particular reaction catalysed by a plant terpene 
synthase is difficult to predict just from sequence due to a high 
sequence diversity for which phylogeny plays a bigger role 
than product specificity [1]. This hampers the prediction of 
product specificity for enzymes from under-explored species, 
which would be useful for biotechnological applications. 
However, all known terpene synthase structures, though few 
in number, share a common structural fold [2]. This makes a 
combination of homology modelling and structure-based 
machine learning an attractive approach for understanding 
product specificity of these enzymes. 
 
2. Approach 

 
Our training dataset consists of over 250 characterized 

enzymes previously obtained from literature [1]. Homology 
models are made for each one, using existing structures as 
templates. We then extract sequence- and structure-derived 
residue-level features such as electrostatic energies, solvent 
exposures, and mobilities. These features are used in a 
machine learning classification framework to predict the 
reaction catalysed by an enzyme. 

The framework is designed to deal with a large number 
of features coming from varied sources of information. An 
ensemble of classifiers is used, each trained on a different 
feature type across different subsets of residues, and then 
combined to produce the final prediction. This allows for easy 
selection of both predictive residues and predictive features. 

 
3. Results 
 

One-clade-out validation is performed in order to 
measure how well the classifier can generalize to enzymes 
from species it hasn’t seen before. We compare validation 
results, using a simple phylogeny-based approach as our 
baseline, to the classification frameworks making use of 

sequence-derived features only, structure-derived features 
only, or both. 

Our results show that adding structure-derived features 
outperforms the sequence-based approaches, indicating that 
models contain additional information not seen in the 
sequence. The final trained classifier is tested on an 
independent test set. 

 

 
Figure 1. Predictive residues. 

 
In addition, we are able to narrow down a subset of 

residues which are most predictive (Figure 1) and hence are 
most likely to cause a change in the reaction mechanism. 
These residues cluster around the active site cavity and have 
distinguishing feature distributions in different reaction 
pathways. 

 
4. Discussion 

 
A structure-based terpene synthase product specificity 

predictor gives insight beyond what is capable from sequence 
alone and can generalize to under-explored species. Our 
trained classifier can be used to predict the reactions catalysed 
by the thousands of uncharacterized putative terpene 
synthases across all plant species. Feature selection and model 
interpretation allow us to pinpoint residues and structural 
elements which are important to distinguish specificity, and 
hence are likely involved in product formation. This 
knowledge can be further utilized for engineering terpene 
synthases with specificity towards a given cyclization 
reaction. 
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 Structural bioinformatics is of essential 
importance to understand the molecular effects of genetic 
variants. Over the last years, the CMBI at Radboudumc 
has been involved in many collaborative projects with 
(bio-)medical researchers. In these projects, the use of 
information obtained from 3D-structures often provided 
important information to understand genotype-phenotype 
relations and often, this information was a used as a lead 
for therapy or drug-development, or simply as a starting 
point for new experiments.  

 We have seen an enormous rise in technological 
possibilities and the subsequent growth in data. In 
contrast, studying a protein in detail remains a laborious 
task that requires special skills, time, and experience. 
Fortunately, many tasks can be automated and we, and 
many others, have created automatic tools and software 
solutions to open up the world of protein structures to the 
bio-medical field. However, these tools rely on the 
completeness and correctness of the underlying data, 
which isn't always the case. Besides that, the result as 
presented by software isn't always clear for the user 
without a structural bioinformatics background, and 
doesn't always take the inter-human variation into 
account. 

 In this lecture, we will discuss experiences, 
challenges and results from a day with a structural 
biologist. 
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1. Introduction 
 
Collecting and linking data from different resources 

makes it not only machine-readable but allows broader use 
and interpretation. Although descriptions of unusual 
phenotypes date back until medieval ages, rare genetic 
diseases are a relatively new chapter in history of medicine. 
The concept and analysis methods of genes as carriers of 
hereditary traits are only discovered in the mid of the last 
century. Linking information about rare diseases, their 
causative genes and variants, there are some current 
approaches like DisGeNET1 or OMIM. DisGeNET provides 
an extensive collection of linked data including a semantic 
model while OMIM is the collection probably consulted most 
by clinicians. None of them provides a dataset linking one 
gene to one disease and the one and only literature resource 
which either described the disease first or found the link 
between gene and disease.  

 
2. Approach 
 
The OMIM morbid map was used as a starting point to 

get a list of known gene-disease associations. We extracted a 
list of monogenic, rare diseases with a known genetic cause. 
This list was supplemented with manually retrieved 
information about the first description of the disease (from 
OMIM, PubMed, whonamedit, Wikipedia and Wikidata) and 
the first description of the underlying genetic cause of the 
disease (OMIM, PubMed). Information about publication 
years or authors was retrieved by querying the SPARQL 
endpoint of Wikidata2.  

 
3. Results 

 
Accumulation and visualization of the dataset revealed 

information about the timeline of rare diseases first 
description and discovery of underlying genetic causes. 
According to the extracted data the first descriptions of rare 
diseases data back until 1788 (osteogenesis imperfecta) with 
first sporadic, then increasing numbers of case descriptions. 
In 1967, when the first gene (or rather enzyme/protein) 
causing a rare disease (Lesch-Nyhan syndrome) was 
identified, about 1200 rare diseases were described. The 
discovery of underlying genetic causes accelerated slowly in 
the 90ies and 00s and sped up again in 2007. Interestingly, the 
number of newly described diseases followed this trend 
(Figure 1).  

Citation counts revealed that the most studied rare diseases 
are amyotrophic lateral sclerosis, Rett syndrome and rare 
genetic causes of Alzheimer’s and Parkinson’s disease. 

 
Figure 1. Number of publications per year that describe a new rare 

disease or a causative gene for a rare disease 
 
This dataset was furthermore compiled in an RDF structure. 
The semantic model was created using a modified version of 
the DisGeNET template and after supplementation with 
metadata uploaded to nanopublication repository.  

 
4. Discussion 

 
The discovery of genetic causes timeline was possibly 

mostly due to the development of different analysis methods 
and provision of reference sequences and gene-location 
mappings in the Human Genome Project. Another impact 
would be the generally rising numbers of publications. At this 
moment, it is speculative whether the declining peak after 
2014 is due to reaching a saturation - the dataset links at the 
moment 3163 genes to one of 4166 rare genetic diseases - or 
due to the delay of literature information reaching databases. 
The dataset created relies on the data available in publicly 
available online resources and publications that have a PMID 
and is therefore limited. Nevertheless, this is to our 
knowledge the first time this data has been collected, linked 
and made available for further study and bioinformatics 
analysis.  
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1. Introduction 

Hypothesis-free, longitudinal collection of patient health 
data in the form of Electronic Health Records (EHR) offers a 
wealth of valuable information on complex, slow-developing 
diseases in regard to aetiology and comorbidities. 
Conventional analytical methods are ill suited for the highly 
dimensional, sparse data contained within EHR, highlighting 
a need for more sophisticated, high-throughput tools. As t-
Distributed Stochastic Neighbour Embedding (t-SNE)[1] and 
Density-Based Spatial Clustering of Applications with Noise 
(DBScan)[2] are designed to identify patterns in high-
dimensional data with possible non-linear relationships, we 
hypothesized that these methods can aid identification of 
associations in diseases with multiple aetiologies. 

 
2. Approach 

The Partners HealthCare Biobank from Boston, 
Massachusetts, includes 64,819 patients with longitudinal 
visit data from hospitals and general practitioners between 
June 1987 and June 2017. Each visit and procedure (N = 
24,377,442) is coupled to an ICD code (International 
Classification of Disease) describing a disease or 
examination. We randomly split the data into two datasets of 
32,424 and 32,395 individuals: set 1 to optimise t-SNE and 
DBScan and set 2 for replication.  

To trim the overly detailed hierarchy of ICDs, we 
translated them to Phenotype Codes (PheCodes)[3]. t-SNE 
further reduced dimensionality and indicated groups of 
patients based on their PheCodes and separated patients 
based on PheCode patterns rather than singular codes. 
Subsequently DBScan identified clusters of patients in t-SNE 
space, by grouping patients based on relative Euclidean 
distance. Finally, based on patient’s longitudinal PheCodes, 
transition-probability matrices were constructed for all codes 
in each cluster, from which probabilistic sequences could be 
constructed. 

We defined replication as an overlap in ≥25% of the 
PheCodes between a cluster of set 1 and 2. Similarity was 
further assessed by calculating the absolute dissimilarity in 
transition probabilities for codes shared by matched clusters. 
 
3. Results 
The average (range) number of codes per individual was 
376.3 (1 – 8,419) and 375.9 (1 – 10,315) spread over an 

average of 4106 (1 - 10,781) and 4153 (1 – 10,746) days for 
set 1 and 2, respectively. Even though our input data was a 
sparse, high-dimensional matrix of PheCodes (1,865), t-SNE 
and DBScan could clearly separate various unique patient 
groups with 284 and 295 clusters in set 1 and 2. Clusters 
consisted of patients with PheCodes of well-defined disease 
entities such as cardiovascular diseases and neurological 
disorders with objectively meaningful disease sequences. 
34.5% of the clusters identified in set 1 were replicated in set 
2 based on our replication criteria. Figure 1 shows the results 
of each step. 

 
4. Conclusion 

Our proof of principle supports the use of unsupervised 
techniques such as dimensionality reduction and data 
clustering to identify longitudinal associations between 
medical events. These methods could prove useful in our 
quest to identify medical risk factors for incompletely 
understood diseases. 
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1. Introduction

In the last decades, biomolecular research
developments led to an increasing number of omics
measurements. These measurements have been widely used
for prediction of numerous phenotypes and diseases. The
next step is to combine and use various types of omics data
to further improve prediction. However, the combination of
heterogeneous datasets, in terms of scale, noise structure,
and normalizations, is challenging and there is not yet any
state-of-the art approach. 

2. Approach

We propose a general framework of grouped
regularized regression methods including group inference
as part of the model building procedure. Group inference
relies on "rst estimating the existing relations among
features using network analysis techniques and then
deriving groups of features using hierarchical clustering[1].
Based on this general framework, three approaches are
proposed, with variable level of complexity in group
inference.
The "rst algorithm named GLasso0 consists of

constructing a separate network for each omic source and to
perform subsequent hierarchical clustering on each of the
resulting adjacency matrices. Finally, group lasso
regression is performed. The second proposed method,
GLasso, starts by building a unique network from the
stacked dataset. Subsequent hierarchical clustering is
performed on the resulting adjacency matrix and group
regression is also based on group lasso.
The third proposed approach, OverlapLasso, is an

extension of GLasso0 and allows for overlapping groups of
features. Namely, after obtaining the omic-speci"c groups
of features, an extra network analysis and hierarchical
clustering is conducted at the group level to try to
incorporate extra shared information by the two omic
sources.
 We illustrate the advantages of our approach by
application of the methodology to two problems, namely

prediction of body mass index in the DIetary, Lifestyle, and
Genetic determinants of Obesity and Metabolic syndrome
study (DILGOM) and prediction of response of each breast
cancer cell line to treatment with speci"c drugs using a
breast cancer cell lines pharmacogenomics dataset.

3. Results

Simulations results showed that naively stacking
datasets is usually not a good strategy as it often perform
worse than a model based on a single omic datasets[2]. This
result con"rmed previous research of our group. Including
information about the correlation between the omic
datasets, through the inclusion of overlapping groups might
improve the prediction accuracy. The loss of prediction
accuracy when the two datasets have di3erent noise
structures, suggests that correlation-based network
approaches might be sensitive to di3erent noise
distributions. Building the networks and performing
clustering on each omic sets provided the most robust
results especially in the presence of di3erent noise
structure. 
The analysis of the datasets of the two applications

con"rmed the simulation results. 

4. Discussion

We present a strategy to integrate two di3erent omic
sets of features into a prediction model in order to improve
the prediction ability of single-omic based models. Our
approach is highly 4exible and several types of group
penalization methods or network analysis approaches can
be used. 
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1. Introduction

With  the  ever-growing  number  of  chemicals  that

require  toxicological  risk  assessment,  there  is  a  need  for
faster,  more  efficient  use  of  existing  data  to  assemble

effective assessment  strategies  [1].  Therefore,  the concept
of Adverse Outcome Pathways (AOPs) was introduced [2],

a framework to organize existing mechanistic  information
about toxicological processes into a chain of smaller pieces

of knowledge,  called  Key Events  (KEs).  These allow the
structuring  of  toxicological  knowledge  and  reduce  the

effort needed to capture all information before performing
risk assessment  [2,  3].  In order  to facilitate  a community

effort in gathering toxicological knowledge, the AOP-Wiki
was created by the European Commission JRC and the US

EPA.  To integrate  this  knowledge  base  more  easily  with
other  resources,  we  explored  the  use  of  semantic  web

technologies  to  link  AOP-Wiki  with  other  chemical  and
biological databases.

2. Approach

The  AOP-Wiki  provides  quarterly  permanent
downloads  for  the  full  database  XML

(https://aopwiki.org/downloads/). We parsed the AOP-Wiki
knowledge with Python 3.5 and the ElementTree XML API

and converted it into a semantic web RDF format,  which
allows  for  accurate  description  with  ontological

annotations,  including the AOPO, CHEMINF, and Dublin
Core. Chemical compounds are identified in the AOP-Wiki

with CAS numbers and biological processes with a variety
of ontologies,  e.g.  GO, Mammalian  Phenotype Ontology,

and Molecular Interactions ontology. These annotations are
used to create Internationalized Resource Identifiers.

To integrate  and test  the RDF, a variety of federated

SPARQL queries were written and executed in Blazegraph
(build version 2.1.4).

3. Results

We created an AOP-Wiki RDF scheme and converted
the  XML into Turtle  syntax.  The RDF was tested  with a

variety of SPARQL queries to answer biological  question
relevant to risk assessment, such as:

- What measurement / test-method information is available

for a given AOP?
- Which of the stressor chemicals on the AOP-Wiki can be

linked molecular pathways on WikiPathways?

4. Discussion

The  RDF  transformation  of  AOP-Wiki  content  can

assist  in  the  accessibility  and  expansion  of  toxicological
knowledge  by  allowing  semantic  interoperability.  The

created  RDF  of  the  AOP-Wiki  allows  the  querying  and
providing of additional information for stressor chemicals,

genes,  and  proteins  involved  in  KEs,  the  underlying
molecular pathways, but also for the applicability of AOPs

by  cell  types  or  species.  This  semantic  approach  allows
novel ways to explore the rapidly growing AOP knowledge

with every new publication related to toxicological studies.

There  is  work  in  progress  on  a  Virtuoso  SPARQL
endpoint Docker image to simplify the use of the data, and

integrate  the database in the OpenRiskNet e-infrastructure
to  provide  AOP  knowledge  useful  for  automated  risk

assessment workflows.
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1. Introduction 
 

Psoriasis is a chronic inflammatory skin disease that 
affects 2% - 3% of the world’s population1. It is associated 
with cardiovascular diseases and metabolic syndrome2. 
Psoriasis is characterized by well-defined oval, red, raised, 
flaky plaques3. These features are the result of immune cells 
infiltration within the upper skin layer, i.e. the epidermis, 
along with an abnormal proliferation and maturation of the 
structural epidermal cells known as keratinocytes4. 
Experimental and clinical studies show that blue light 
irradiation mitigates the symptoms of psoriasis through the 
regulation of lymphocytes5 and keratinocytes6, but the 
mechanism is unclear. Clinical investigations also observe 
significant differences in the therapeutic efficacy of blue 
light irradiation protocols and a large inter-patient variability 
in the treatment response7. These observations highlight the 
need for a systematic approach to study blue light therapy of 
psoriasis. 

 
2. Approach 

 
Here, we perform a systematic study of blue light 

irradiation of psoriasis in both the average and individual 
patient. We use a physiology-based dynamic model8 that 
accounts for the treatment settings used in this therapeutic 
regime. Additionally, we define sets of parameters that 
capture the variability and sample the uncertainty in the 
model9.  

 
3. Results 
 

The mechanistic model for blue light irradiation of 
psoriatic skin accurately describes in vitro and mean in vivo 
data. It suggests that blue light induces a temporary decrease 
on the keratinocytes population during the treatment. 
Further, the model predicts that treatment regimes of 
minimum twelve weeks using a high dose of blue light will 
yield a reduction in disease severity of the average patient 
higher than 50%.    

The results described above do not account for inter-
patient variability. Therefore, we generated cohorts of 
parameter sets, i.e. virtual patients, that matched the 
population-level characteristics of the patients included in 
the available clinical studies of blue light therapy (Figure 1).  
The results of the simulations done for these cohorts of 

virtual patients suggest that the treatment efficacy can be 
increased for all patients, including those with a low 
treatment response. The latter could be achieved by 
implementing a therapeutic protocol with a high dose and 
daily treatment sessions for a minimum of ninety days.   

 

 
 

Figure 1. Predictions on the relative change in the severity 
of psoriasis in virtual patients treated with a given dose of 
blue light for a certain number of days. 
 
4. Conclusion 

 
The computational framework described here enables 

the systematic study of the treatment settings used within 
blue light therapy to achieve a high efficacy in both the 
average and individual patient. Further, it provides the tools 
to implement in silico clinical studies in the field of 
dermatology.  
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1. Introduction 
 

Adult cancer is believed to be caused by age-associated 
accumulation of somatic mutations. This association, 
however, raises a question about the cause of cancer in 
children, as their young cells have not accumulated many 
somatic mutations over time yet.   

It is known that mutational processes preferentially 
damage certain context-dependent nucleotides thereby giving 
rise to specific patterns of mutations, such as C to T changes 
after UV irradiation1.  The concept of mutational signatures2 
extends this idea; recently over 40 single base substitution 
signatures, which are characterized by 96-different types of 
base substitutions (6 types of substitutions in tri-nucleotide 
context), have been defined. For some of these, but not all, the 
underlying biological processes are known.  

Here, we studied somatic mutations in paediatric acute 
myeloid leukemia (pAML) and compared these to adult AML 
(aAML) and healthy hematopoietic stem cells (HSCs).  We 
focused on AML as it is associated with poor outcome 
compared to acute lymphoblastic leukemia (ALL), which has 
a higher incidence better prognosis in children.   

 
2. Approach 

 
Published somatic mutation data in 192 pAML patients3, 

24 aAML patients4 and 22 healthy HSCs5 was obtained and 
hierarchical clustering of the samples was performed based 
on the 96-mutation spectra.  Pre-defined mutational 
signatures were re-fitted using MutationalPatterns package6 in 
R.   

 
3. Results 

 
We observed a clear separation of pAML from aAML 

and healthy samples indicating pAML samples have distinct 
mutational patterns while aAML and healthy HSCs are 
clustered together (Figure 1).   
Mutational signature analysis on each cluster revealed that 
Cluster 4, which was defined by signature 18, was enriched 
with translocation of chromosome 8 to 21 (t(8;21)). 

 
4. Discussion 

 
There are two potential reasonings for the mutually 

exclusiveness of pAML from aAML and healthy samples. 
Firstly, pAML may have been exposed to different mutational 
processes compared to the aAML and healthy samples. 
Secondly, the exposures to processes related to the aging was 

less, which is possible as the rates of mutational signature 
accumulation related to the aging are not all equal.  

Still, we observe an enrichment of t(8;21) in the Cluster 
4 between signature 18, which has been associated with 
oxidative stress7.  t(8;21) causes the RUNX1-ETO gene 
fusion, which has been reported to downregulate OGG1 
expression, which is a base excision repair protein that 
remove oxidized guanines from the DNA8.  The fusion gene 
is also associated with higher levels of reactive oxygen 
species (ROS) in Drosophila9, which is in line with increased 
signature 18 expression in these samples.  Currently we are 
investigating the association with the decreased OGG1 
expression and the increase in ROS.  
 

 
 

Figure 1. Hierarchical clustering of AML and healthy donor 
samples based on the 96 mutation types. X-axes of the 
heatmap show samples and y-axes shows the 96 mutation type 
with the color gradient indicating frequencies of the mutation 
type occurrence in the sample.  
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1. Introduction 
 

Most patients with pancreatic cancer present with 
advanced disease and die within the first year after diagnosis. 
Predictive biomarkers that signal the presence of pancreatic 
cancer in an early stage are desperately needed. We aimed to 
identify new and validate previously found plasma 
metabolomic biomarkers associated with early stages of 
pancreatic cancer. 

 
2. Approach 

 
The low incidence rate complicates prospective 

biomarker studies. Here, we took advantage of the 
availability of biobanked samples from five large population 
cohorts (HUNT2, HUNT3, FINRISK, Estonian biobank, 
Rotterdam Study) and identified prediagnostic blood samples 
from individuals who were to receive a diagnosis of 
pancreatic cancer between one month and seventeen years 
after blood sampling, and compared these with age- and 
gender-matched controls from the same cohorts. We applied 
1H-NMR-based metabolomics on the Nightingale platform 
on these samples and applied logistic regression to assess the 
predictive value of individual metabolite concentrations, 
with gender, age, body mass index, smoking status, type 2 
diabetes mellitus status, fasting status, and cohort as 
covariates. 
 
 

 
3. Results 

 
After quality assessment, we retained 356 cases and 887 

controls. We identified two interesting hits, glutamine 
(p=0.011) and histidine (p=0.012), and obtained Westfall-
Young family-wise error rate adjusted p-values of 0.43 for 
both. Stratification in quintiles showed a 1.5x elevated risk 
for the lowest 20% of glutamine and a 2.2x increased risk for 
the lowest 20% of histidine. Stratification by time to 
diagnosis (<2 years, 2-5 years, >5 years) suggested 
glutamine to be involved in an earlier process, tapering out 
closer to onset, and histidine in a process closer to the actual 
onset. Lasso-penalized logistic regression showed a slight 
improvement of the area under the Receiver Operator Curves 
when including glutamine and histidine in the model. Finally, 
our data did not support the earlier identified branched-chain 
amino acids as potential biomarkers for pancreatic cancer in 
several American cohorts. 

 
 

4. Discussion 
 
While identifying glutamine and histidine as early 

biomarkers of potential biological interest, our results imply 
that a study at this scale does not yield metabolomic 
biomarkers with sufficient predictive value to be clinically 
useful per se as prognostic biomarkers. 
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1. Introduction 
Bile acids are multifaceted metabolic compounds that 

signal to cholesterol, glucose and lipid homeostasis via 
receptors as the Farnesoid X Receptor (FXR) and 
transmembrane Takeda G protein coupled 5 receptor 
(TGR5). However, since the bile acid response to a meal is 
variable, the role of bile acids in postprandial signalling is 
difficult to understand. To describe bile acid metabolism in a 
personalized manner, and to investigate the factors 
underlying this heterogeneity, we first quantified the intra- 
and inter-individual variability of the bile acid response to a 
mixed meal test (MMT), and then applied an individualized 
mathematical modelling approach. 

 
2. Approach 

First, 8 healthy lean male subjects underwent three 
identical mixed meal tests (MMT) in a period of 2 weeks, 
consisting of a liquid meal (Nutridrink Compact, Nutricia, 
ingested at overnight fasting conditions. Bile acids were 
determined via LC/MS/MS (1) from venous blood samples 
drawn prior to and 15, 30, 45, 60, 75, 90, 120, 150, 180 and 
240 minutes after meal ingestion. 

Then, individual mathematical models were created by 
adapting the model previously published in (2) for individual 
use, allocating parameters as either subject specific or meal 
(and subject) specific, and fitting the resultant model to the 
data.  

 
3. Results 

Although the bile acid response to the MMT was found 
to be reproducible at population level, both the intra- and 
inter- individual variability of the meal response were high. 
Even with this high heterogeneity of the individual curves, 
the individual models fit all data well, and thus captured both 
the intra- and inter- individual variability of the postprandial 
response. Intra-individual heterogeneity in the model 
simulations stems from the meal-specific gallbladder 
emptying, which is thus found to be sufficient to induce the 
observed intra-individual variation in the postprandial 
response. 

Next, the subject specific parameters were examined in 
order to determine the origin of the inter-individual 
variability. Although inherent limitations of plasma 
measurements induced some unidentifiability, a number of 
identifiable bile acid metabolism parameters were found. 
Inter-individual differences of bile acid synthesis and 
intestinal transit speed were identified that underlie the 
quantitative and qualitative differences between the 
individual’s bile acid metabolism. Local sensitivity analyses 
on the individual models further showed that microbial bile 
acid transformation in the colon is usually a major 
determinant of plasma bile acids; however, large qualitative 
differences in the importance of the colon are present within 
a healthy population, which are an important contributor to 
the inter-individual variability.    

 
 

4. Discussion 
The postprandial bile acid response was found to exhibit 

not only large inter-individual variability, but also large 
intra-individual differences. These intra-individual 
differences, between identical meals in the same subject, can 
be explained with solely variation in gallbladder emptying. 
Inter-individual differences, on the other hand, are the result 
of underlying quantitative and qualitative differences in 
(intestinal) bile acid metabolism. Furthermore, the approach 
outlined here allows us to identify these qualitative and 
quantitative differences on a personalized manner based 
solely on plasma bile acid responses. This shows the model 
is a potential tool for establishing how bile acid metabolism 
differs between healthy individuals and patients with 
conditions such as Type 2 Diabetes Mellitus through a 
personalized approach.  
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When and how to switch? – Studying gene expression at single cell level in Baker’s yeast 
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1. Motivation 
When S. cerevisiae grows in batch-cultures on glucose it 

produces ethanol. After glucose depletion, cells start to use 
the ethanol as carbon source. This phenomenon of observing 
two growth phases is called diauxie. It requires a rewiring of 
metabolism by switching from glycolysis to 
gluconeogenesis. We want to study how this shift is 
regulated on the gene expression level and which external 
signal is determinative. In particular, it is not clear if it is a 
hard-wired response to glucose depletion or if it also 
requires a certain concentration of ethanol. In addition, there 
is evidence that phenotypic heterogeneity can occur during 
metabolic shifts. 1 

 
2. Aim 

We use fluorescent reporters and a flow cytometer to 
study gene expression at the single cell level. With the use of 
the bright and fast maturing fluorescent protein 
mNeonGreen we are able to detect small changes in gene 
expression in the appropriate time frame. We performed 
batch growth experiments with different initial glucose 
concentrations and ethanol concentrations. We use four 
different genes (ADH2, ICL2, PCK1, FBP1) as readout for 
the initiation of gluconeogenesis. These genes occur in 
succession in the glucoeneogenesis pathway. 

 
3. Results 

The analysis of mean fluorescence over time showed 
that cells clearly induced gene expression shortly before or 
around the point of glucose depletion. For the different 
genes we observed a successive induction in the order as 
they appear in the pathway.  At the single cell level, we 
detected varying subpopulations of cells that show 
induction. To our knowledge this is the first evidence of the 
presence of multiple phenotypes during the diauxic shift in 
yeast, while it has previously been shown in bacteria 2. With 
the help of fitting statistical models, we were able to 
quantify these subpopulations. We observed two time scales 
of induction: some cells were able to induce gluconeogenetic 
genes immediately while others kept inducing over the 
course of a few hours. We observed that both a lower initial 
glucose concentration and a higher initial ethanol 
concentration increased the fraction of cells that induce 
immediately.  
 
4. Conclusion 
 In this study we described this well studied metabolic 
shift from a single-cell perspective. The observed behaviour 
can be explained by anticipation of glucose 
depletion/ethanol consumption. While we don’t understand 
the mechanism, we conclude that a higher ethanol 

concentration leads to a higher fraction of cells that 
anticipate the shift and can switch immediately. In the future 
we want to implement a core model of gene regulation using 
external metabolite concentrations as signals. Stochastic 
modelling could potentially explain the phenotypic 
heterogeneity. 
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Figure 1: Example experiment of CEN.PK21-C ICL1-ymNeongreen 
growing on 15mM glucose and different ethanol concentrations with the 
following measurements: cell concentration (A), ethanol concentration (B), 
glucose concentration (C) and mean fluorescence area (D). t=0h is set at the 
moment of glucose depletion. (E) Histograms for the fluorescence concentration 
(fluorescence divided by side scatter) over time for 20mM ethanol. The orange 
lines represent the mean and mean ± standard deviation. Two peaks are visible 
after glucose depletion. The first bimodal distribution is shown in red. (F) The 
fraction of uninduced cells over time (small peak in histogram). The red dot 
indicates the moment were the distribution becomes bimodal. The ethanol 
present during glucose depletion lowers the fraction. These data indicate two 
subpopulations; one that can induce gene expression immediately, while the 
other keeps inducing over the course of a few hours. 
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1. Introduction 
 

The growth rate of a single bacterial cell is continuously 
disturbed by random fluctuations in biosynthesis rates and 
cell-cycle events, such as cell division, genome replication 
and septum formation. Despite these unavoidable 
perturbations, bacterial populations are capable of 
maintaining fixed size distributions and a constant growth 
rate under conditions of balanced growth. This suggests that 
single cells can compensate for the physiological 
perturbations caused by cell-division. However, little is 
known about the cell-cycle dynamics of these 
compensations.  

 
2. Approach 
 

Here we wanted to know whether single cells display 
cell-cycle-dependent adjustments in growth and protein 
synthesis rates in response to perturbations caused by cell 
division, and if so, how such adjustments relate to cell-size 
homeostasis phenomena. To address these questions, we 
used fluorescence time-lapse microscopy to study growth 
and protein expression in single Bacillus subtilis cells. 

We quantified cell size and levels of a constitutively-
expressed fluorescent protein at a sub-cell-cycle resolution, 
using a piecewise-approach that allows for the identification 
of structured dynamics in the rates.  

 
3. Results 

 
We found that single cells show systematic deviations 

from exponential growth as they progress through the cell-
cycle. Specifically, we could identify two distinct growth 
regimes, with relative durations that depended on the birth 
size of cells. During the first phase, cells grow at a constant 
rate and size variations that arose at birth are compensated 
for, i.e. cells resemble “Sizers”1. During the second phase, 
all cells grow for a fairly constant time, as “Timers”1, and 
elongation rate increases. Overall, size compensation 
behaviour approximated that of an “Adder”, where cells add 

a constant increment of length during their lifetime, 
irrespective of their size at birth. 

Furthermore, we found that protein synthesis rate 
displayed the same biphasic behaviour. Homeostasis 
of stable protein expression appears, therefore, to be 
achieved through coordinated changes in protein 
synthesis and cellular growth rate. 

 
4. Conclusion 
 
 We show how cell-cycle-dependent rate adjustments of 
biosynthesis and growth are integrated to compensate for 
physiological disturbances caused by cell division. 

This dynamic perspective offers novel avenues for 
interpretation of physiological processes, as we illustrate for 
the phenomenon of cell size homeostasis. We show that the 
so-called “Adder”-phenomenon1 can be understood as a 
dynamic process, dependent on growth rate adjustments. The 
constant-length added by individual cells during their 
lifetime is achieved by cell-cycle-dependent adjustments that 
can quantitatively be separated into two regimes (phases), 
with distinct temporal and kinetic characteristics.  
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1. Abstract 
 

Our understanding of the cell—the fundamental unit of 
life—heavily depends on our ability to assay features 
defining cellular identity. Technological advances in high-
dimensional molecular profiling of single cells (e.g. using 
mass cytometry or single cell RNA-sequencing) are 
transforming our understanding of the cellular heterogeneity 
of tissues and whole organisms. However, the rapid increase 
in the scale of single cell experiments, with some individual 
experiments profiling millions of cells, poses challenging 
computational problems. How do we visualize, cluster and 
annotate thousands or millions of cells? How do we identify 
cell populations and generalize those definitions across 
samples? How do we integrate data from different 
experiments? In this talk, we will discuss three 
developments with which we aim to answer some of these 
questions.  

First, interaction and visual exploration of large single 
cell data to characterize cell populations is a daunting task 
due to the limited number of cells that can be analyzed using 
non-linear dimensionality methods (e.g. t-SNE). We 
developed Cytosplore Viewer (1) to allow interactive 
exploration of cellular hierarchies, inspection of 
transcriptome-wide gene expression in combination with 
metadata of individual cells, and statistical analysis between 
manual selections of cells. We will show how you can use 
the Cytosplore Viewer to interactively explore the cellular 
organization of the human brain using single nucleus RNA-
sequencing data from the Allen Cell Types Database. 

Second, identifying cell populations by manually 
annotating clusters based on the expressed markers, as 
commonly done nowadays, greatly limits reproducibility 
across different samples, for example in cohort studies. To 
systematically identify cell populations in mass cytometry 
datasets, we propose a simple linear discriminant analysis 
(LDA) classifier (2). Compared to other methods, LDA 
presents a simpler, faster, and more reliable method to 
automatically assign cell labels, further enabling the analysis 
of deeply annotated datasets with millions of cells.  

Finally, integrating multiple single cell datasets is highly 
beneficial. In particular, in mass cytometry experiments, 
integrating data measured using different marker panels 
(usually limited to ~50 markers) can extend the number of 
features measured per cell, allowing for a deeper 
differentiation of cell subpopulations. We present 
CyTOFmerge (3), a method to integrate multiple mass 
cytometry datasets using multiple panels and illustrate that 

by computationally extending the number of markers we can 
further untangle the cellular heterogeneity of the human 
mucosal immune system, including rare subpopulation 
detection. 
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1. Introduction 
 

The Princess Máxima Center for pediatric oncology has 
the goal to cure every child who has cancer, while 
providing an optimal quality of life. It does so in part by 
being a focal point for the treatment of pediatric cancers 
and hence increasing the frequency of these rare diagnoses 
within a single institute. This gives a boost to both the 
clinical outcome and research of childhood cancer. 
However, relying solely on manual notification by the 
medical staff when a diagnosis occurs, might result in 
smaller cohorts. In addition, it puts an unfair burden on the 
already administratively challenged medical staff.  

With this in mind the Princess Máxima Center is 
creating a central subject registry. The registry will provide 
a simple way for researchers to stay informed about 
institute-wide research subjects and related data. Moreover, 
it will do so without compromising the privacy of patients. 

 
2. Central Subject Registry 

 
The back-end of the central subject registry consists of 

the data warehouse i2b2 tranSMART1. The front-end is a 
newly refactored user-interface for tranSMART called 
Glowing Bear2.  Both ends are Open Source and heavily 
contributed to by The Hyve3, an IT company. Via the front-
end (i.e. Glowing Bear) a researcher is able to easily query 
for subject data based on filters. Filters can be set on 
subject (e.g. tumor type, gender or age at diagnosis) and 
sample metadata (e.g. topography or the availability of 
next-generation sequencing data). The resulting cohort of 
samples or subjects can then be used to export a subset of 
metadata to a tab-separated file format. An important 
additional feature of the registry is cohort subscriptions. 
Whenever new (meta)data is uploaded, a check is 
performed to see if any saved queries have new subjects 
added to that cohort. Researchers are informed via e-mail. 

A researcher can then use the meta-data export or a 
cohort as a kind of ‘shopping list’ to obtain additional data 
through an institutional review procedure. For instance, a 
Princess Máxima Center researcher can request detailed 
pathological reports or request access to whole-genome 
sequencing data either through the clinical-research 
committee or the biobank-and-data-access committee. 

 
3. Pseudonymization 

 
From a cohort-update notification, or the registry in 

general, one cannot readily trace the metadata of a subject 
to an individual patient. Within the research domain a 
subject is known solely by its research identifier whereas 
all patient data is linked to a diagnostic identifier. This is 
accomplished by pseudonymizing the diagnostic data via a 
trusted party before it enters the research domain. Within 

the Princess Máxima Center this trusted party is the digital 
patient identifier list (DPIL). It is set to control and 
maintain the master list that binds research, diagnostic, and 
within-study identifiers. The DPIL automatically generates 
research identifiers and replace diagnostic identifiers for 
any data it receives. Vice versa (i.e. finding the patient 
behind a subject) is strictly done by data managers of the 
Trail & Data Center and is a governed undertaking. In this, 
the registry is in compliance with the new data-protection 
laws enforced by the Dutch Data Protection Authority. 

 
 

 
 
 

 
 
 
 
 
 
 
 
 
 

Figure 1. Data flow to the central-subject registry (CSR) 
with sources on the left: External, Digital Patient Identification 

List (DPIL), Electronic Medical Records (EMR; Hix), GLIMS and 
LifeCare (diagnostic lab) that pushes data to the CSR via the 

trusted party (TP). The Extract, Translate and Load (ETL) 
pipelines then upload the data into tranSMART. 

 
 

4. Current Progress and Update Intervals 
 
The registry itself is production ready. However, the 

automation of the export from diagnostic-data sources is a 
work in progress. The interlinking pipeline (including the 
trusted party pseudonymization) is currently performed 
manually. With this in mind the registry is currently 
updated with a monthly interval. Once sufficient progress 
in automation has been made this will be shortened to 
weekly and subsequently to a daily interval. Researchers 
are expected to be able to start using the registry in the next 
few months. 
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Introduction 

Elementary Flux Modes (EFMs)1 are an indispensable tool for constraint-based modelling and metabolic network analysis. 
However, systematic and automated visualization of EFMs, capable of integrating various data types is still a challenge. 

 
Methods 

In this study, a semi-automated, customizable, MATLAB-based workflow was developed for graphically visualizing EFMs 
as a network of reactions, metabolites and genes. The workflow integrates COBRA2 and RAVEN3 toolboxes with the open-
source tool, Cytoscape4. Through a 4-step process, a genome-scale metabolic model was imported into MATLAB environment 
for EFM generation and analysis, followed by visualization and data mapping in Cytoscape. Once processed, the widely 
accepted SBGN5 layout was automatically applied on the visualized network, thus requiring minimal user effort in layout 
arrangement. Network manipulations in Cytoscape were semi-automated using the R environment with the library RCy3. The 
biological applicability of the workflow is demonstrated using EFMs generated from two genome-scale models, (1) medium-
sized, E. coli model (iAF1260)6 and (2) large, human model (Recon 2.2)7. Additionally, two different types of data, gene 
expression and reaction fluxes, were mapped on the visualized EFMs, illustrating that efficient, integrative visualization can 
enable better understanding of metabolic processes. 

 
Results & Discussion 

The workflow presented here marks an important step forward for EFM analysis. The successful application of the 
workflow on two models of different sizes demonstrates that this visualization framework is not restricted by model size. 
Seamless integration of existing tools minimizes both user effort and time, thus accelerating EFM investigation. Utilizing the 
powerful, open-source Cytoscape platform not only allows network visualization and data mapping, but also opens new avenues 
for EFM extension with other molecular components. In summary, the features described above enable an integrated 
visualization in terms of both network components and data mapping, thereby contributing to comprehensive understanding of 
the processes described by the EFMs. 
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Introduction 
Microbes and plants produce a multitude of chemically 
diverse, high-value natural products (NPs) like antibiotics. 
However, chemical structures of most novel NPs currently 
remain unknown, hampering medicinal applications. A key 
challenge thereby is the chemical complexity of natural 
extracts, or the so-called metabolome. Mass spectrometry 
data needs to be coupled to chemical structures to translate 
metabolomics readout into chemical knowledge. Many NPs 
share molecular substructures forming structurally related 
molecular families (MFs), inspiring metabolome mining 
tools exploiting these biochemical relationships. 

 
Figure 1. Integrated metabolome miming and annotation leading to 
enhanced Molecular Networks. 
Approach 
Here, we introduce a workflow (1) (Fig. 1) that combines 
two metabolome mining tools to discover MFs, subfamilies, 
and subtle structural differences between family members. 
Where tandem mass spectral Molecular Networking (2) 
efficiently groups natural products in molecular families, 
MS2LDA (3) discovers substructures that aid in further 
recognition of subfamilies and shared modifications. 
Furthermore, by exploiting the network topology automated 
MF chemical classifications are possible through integration 
of annotation and classification tools (4, 5). When 
unexpected MF classifications are observed, they could 
represent novel chemical scaffolds, thereby prioritizing 
follow-up efforts towards uncovering unknown chemistry. 

Results 
We demonstrate how our integrative workflow discovers 
dozens of MFs in large-scale metabolomics studies of plant 
and bacterial extracts. For example, Rhamnaceae plants 
contain triterpenoid chemistries in which several distinct 
phenolic acid modifications (e.g., vanillate, protocatechuate) 
were readily recognized. Furthermore, the peptidic natural 
products finding software Dereplicator (7) assisted in 
annotating peptidic MFs in bacterial extracts: previously 
unannotated MFs are now annotated in marine Streptomyces 
extracts and Photorhabdus/Xenorhabdus extracts, (6) 
extending our structural knowledge into the “dark matter” of 
natural extracts. This will aid in future functional analysis as 
natural products’ structures largely determine their roles.  
 
Conclusion 
Our workflow accelerates natural product discovery by 
Molecular Family and substructure annotations and 
classifications on an unprecedented large scale. The 
workflow applications can go beyond the natural products 
field into nutritional, clinical, and exposome metabolomics. 
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Abstract 
 

Introduction: Cellular heterogeneity emerges as a key feature of type I interferon (IFN)-

mediated antiviral immunity. Little is known about the factors involved in modulating cellular 

heterogeneity and how it is shaped by cues from the microenvironment. Human plasmacytoid 

dendritic cells (pDCs) are a heterogeneous lineage of innate immune cells and key producers 

of type I IFN during viral infection. We here investigate how cellular heterogeneity and the 

microenvironment orchestrate the type I IFN response in primary human pDCs. 

Materials and Methods: We developed a droplet-based microfluidic platform and investigated 

type I IFN production in human pDCs at the single-cell level. Furthermore, our droplet 

microfluidic platform warrants functional analysis of live single cells under omission of a 

microenvironment and we combined this with single cell RNA sequencing. 
Results: For the first time in an unbiased approach, we show here in primary human immune 

cells that an additional deeper level of functional heterogeneity arises upon stimulation of 

dendritic cells. We demonstrate that type I IFN production by primary human pDCs is 

stochastically regulated when stimulated individually with pathogen analogues. Only a minute 

fraction (< 1%) of pDCs produced type I IFN despite secretion and expression of other 

activation markers in all cells. Importantly, we determined a crucial role for the 

microenvironment as a paracrine feedforward loop is able to amplify the type I IFN production 

leading to the well-described robust type I IFN response that pDCs are so famous for.  

Conclusions: Our results reveal that it is not the stimulus concentration perceived by the pDC 

but actually the inflammatory state of the microenvironment that determines the response 

strength. This has important implications for pDC-focused treatment approaches as the main 

focus of regulation should be in modifying the type I IFN-based paracrine regulatory system. 

Together, it is the strength of our unique single cell technology platform that allowed the 



discovery of this unprecedented behaviour of human pDCs. Our study highlights the 

significance of stochastic gene regulation and suggests strategies to dissect the characteristics 

of immune responses at the single-cell level. 
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1. Introduction 
 

The human adaptive immune system employs a vast 
number (>10^11) 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 naive T-cells, which are the cells that 
have not yet encountered foreign cognate antigen. The 
clone-size distribution of the human naive T-cell TCR-
repertoire is unknown, and measuring it directly is not 
feasible because of the vast repertoire diversity (>10^8 
TCRs). Still, the shape of the distribution is informative of 
the total number of clones (i.e., diversity) and hence the 
potential to respond to pathogens that have not been 
encountered before. We investigate if differences in 
generation probabilities of TCRs, together with neutral 
dynamics can explain the observed frequency of TCR 
sequences in the naive 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 Decombinator [1] 
pipeline to annotate TCR alpha and beta sequences of naive 
T-cells in blood samples from adult volunteers and used 
IGoR [2] to estimate their generation probabilities. 

Since it is not possible to directly assess the TCR-
repertoire in its entirety, we predict samples from the 
distribution following from a mechanistic model of neutral 
T-cell homeostasis and from various phenomenological 
repertoire distributions. Thus, we combine mathematical 
modelling with careful quantitative measurements (using 
barcoding, error correction and extra purification) of TCR-
sequence frequencies in the healthy human peripheral blood 
naive repertoire. 

 
 

 
 
 
 
 
 
 
 
 
 
 

3. Results 
 

We observed the vast majority of TCR chains only 
once in our samples, confirming the enormous diversity of 
the naive repertoire. However, a substantial number of 
sequences were observed multiple times within samples, 
and we confirmed that this was due to high abundance in 
the naive pool, rather than high levels of TCRA and TCRB 
mRNA. We reason that alpha and beta chains become 
abundant due to a combination of selective processes and 
summation over multiple clones expressing these chains. 
The latter explanation is supported by the strong 
enrichment of TCR alpha chains that are likely to rearrange 
among the most abundant sequences. Surprisingly, the most 
abundant beta chains do not show the same trend. 

When comparing the sequencing data with the 
predicted samples from the in silico distributions, we show 
that most abundant chains are explained by repeated 
production, i.e., derived from multiple clones. Still, a 
neutral model of T-cell homeostasis cannot account for the 
observed distributions. The data are only compatible with 
distributions of many small clones in combination with a 
sufficient number of very large naive T-cell clones, such as 
the power-law distribution. 

 
4. Discussion 

 
Using a combination of high-throughput TCR 

sequencing, sequence analysis and mathematical modelling, 
we show that the distribution of TCRs in the naive 
repertoire covers a very broad range of clone sizes. This 
identifies the shaping role of selection in the periphery.  
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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1. Introduction

Systemic  sclerosis  (SSc)  is  a  complex,  heterogeneous
autoimmune  disease  characterized  by  vascular
abnormalities, immune involvement, and extensive fibrosis
of  the  skin  and  internal  organs.  Myeloid  dendritic  cells
(mDCs)  are  antigen  presenting  cells  known  to  be
dysregulated  in  SSc  and  are  implicated  in  the
pathogenesis[1]. To further explore the role of mDCs in SSc,
we  performed  a  transcriptomic  profiling  of  circulating
mDCs  isolated  from  SSc  patients  and  matched  healthy
donors, and built a gene co-expression network to identify
key  genes and mechanisms of mDC dysregulation in SSc. 

2. Approach
RNA  sequencing  was  performed  on  mDCs  isolated

from  peripheral  blood  samples  obtained  from  healthy
donors and SSc patients with varying disease classifications
(early, non-cutaneous, limited and diffuse SSc). Differential
expression analysis comparing the different SSc subsets and
healthy donors  was performed using  DESeq2.  In  order  to
identify whole biologically relevant  dysregulated pathways
instead of single genes, a gene co-expression network was
built  using  the  Weighted  Gene  Expression  Analysis
(WGCNA).  All  expressed  genes  were  used  as  input  for
network construction. 

The overall  gene expression  profiles in  every module
(defined  as  a  cluster  of  co-expressed  genes)  within  the
network  were  represented  by a  module  eigengene  (ME).
These  MEs were  compared  between  patients  and  healthy
donors and correlated with clinical traits in order to identify
gene modules that  are clinically relevant  in  the setting  of
SSc.  Each  of  these  modules  were  then  functionally
annotated  using  gene  ontology  enrichment  analysis.
Additionally,  key regulators were identified by applying a
literature  based  enrichment  of  known  transcriptional
regulators and their targets within each module. 

To  functionally  validate  the  targets  found  in  the
network  analysis,  in  vitro stimulation  and  knockdown
experiments using mDCs from healthy donor buffy coats are
being performed. 

3. Results
Using WGCNA, we were  able  to identify  42 distinct

modules  of  co-expressed  genes  of  which  15  modules
significantly correlated with SSc and/or associated clinical
traits,  and were enriched in differentially expressed genes.
By  applying  enrichment  analysis  we  observed  that  one
module  mainly  consisted  out  of  immune-regulatory  genes
especially down-regulated in the most fibrotic SSc patients. 

Using  network parameters  and  literature-driven
regulatory  network  analysis, three  transcription  factors
belonging  to  the  orphan  nuclear  receptor  4A  subfamily
(NR4A1, NR4A2, NR4A3) were found to be the regulatory
hubs  of  the  immune-regulatory  module.  The  role  and
functionality of NR4As is not well characterized in primary
mDCs,  but  they  have  recently  emerged  as  important
regulators of inflammation and fibrosis in other cell types[2].
The down-regulation of NR4A1/2/3 was then validated in a
second  cohort  of  SSc  patients  using  qPCR.  Furthermore,
using  siRNA knockdown and functional  assays,  we show
that NR4As are key transcription factors that lead to mDC
dysregulation,  and  contribute  to  the  pro-inflammatoy  and
pro-fibrotic phenotype observed in SSc patients. 

4. Discussion
We are currently in the final phase of determining the

role  of  NR4As  in  the  release  of  pro-inflammatory
mediators.  Additionally,  we  are  performing  a  NR4A
specific ChIP-seq to determine their binding specificities in
healthy  as  well  as  SSc  mDCs.  Thus,  by  applying  both
bioinformatic  and  experimental  approaches,  we  are
exploring the functional role of the NR4A orphan receptor
subfamily  and  establishing  them  as  key  players  in  SSc
pathogenesis. 
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1. Introduction 

Fibrosis is a condition with excessive accumulation 
of extracellular matrix (ECM) in multiple organs and 
locations. Fibroblasts are the typical cell types known to 
drive fibrosis in various tissues. However, what drives 
this fibrotic state is not yet clear. Recent studies show 
that the innate immune system plays a strong role in 
fibrosis development, and clinically inflammation 
driven by myeloid cells tends to precede fibrosis. 
Systemic sclerosis (SSc) is an example disease in which 
immune activation results in fibrosis of skin and internal 
organs [1]. We had previously shown that chemokine 
CXCL4 is a biomarker for SSc disease progression and 
is produced by dendritic cells (DCs), which suggests a 
potential role for CXCL4 in SSc [2, 3]. However, the 
mechanisms by which CXCL4 alters DCs and SSc 
biology remains unclear. 

 
2. Approach 
We isolated monocytes from 5 healthy donors and 
differentiated them into monocyte derived dendritic 
cells (moDCs) co-culturing them with or without 
CXCL4 for 6 days, and then stimulated moDCs and 
CXCL4 cultured moDCs with a TLR3 ligand (polyI:C). 
RNA sequencing and DNA methylome profiling was 
performed for 65 paired samples tracking the 
differentiation and stimulation trajectories of moDCs 
with and without CXCL4 (Figure 1). 

 
3. Results 
We integrated transcriptional and epigenomics data 
using weighted correlation networks and found that 
CXCL4 dysregulates multiple gene regulators. By gene 
regulatory network analysis performed using three 
different methods namely, co-expression network, 
literature based transcription factor-target network and 
machine learning (random forest) method, we found that 
CXCL4 dysregulated key transcriptional regulators 
including CIITA, IRF8, and DNMTs. Using data-driven 
gene regulatory network analyses, we demonstrate that 
CXCL4 dramatically alters the trajectory of monocyte 
differentiation, inducing a novel pro-inflammatory and 
pro-fibrotic phenotype mediated. Importantly, these 
CXCL4 cultured pro-inflammatory moDCs directly 

trigger a fibrotic cascade by producing ECM molecules 
and further inducing myofibroblast differentiation.  

To validate our gene regulatory network and 
bioinformatic methods, we inhibited the key CXCL4-
driven regulators (CIITA, IRF8 and DNMTs) found by 
the bioinformatic analysis. The inhibition/knockdown 
experiments were in perfect concordance with the 
bioinformatic predictions, validating the gene 
regulatory network of CXCL4.  

 
Figure 1. Integration of temporal transcriptional and 

epigenomic data 
 
4. Conclusions 

Thus, our study shows that CXCL4 is a key secreted 
factor that drives inflammation via innate immune 
system and can change the phenotype of dendritic cells. 
Thus, integration of transcriptional and epigenetic 
profiling, and experiments demonstrate that CXCL4 
forms the long-sought link between immune 
inflammation and systemic fibrosis. 
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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 (non-coding) SVs for their likelihood to be causal 
for cancer.  
 

 
Fig 1. Possible rewiring of interactions as a result of SVs (adapted from 

Lupiáñez et al.)4. 
 
2. Methods 

Topologically Associated Domains (TADs) are regions 
in the DNA in which interactions of DNA occur more 
frequently within the TAD than with DNA outside of the 
TAD, which is governed by the TAD boundaries. Recently, 
Lupiáñez et al. described how the disruption of TAD 
boundaries by SVs leads to a rewiring of interactions between 
genomic elements such as genes and enhancers, which may 
result in disease phenotypes (Fig 1)4. We initially determine 

the effects of SVs by modeling the rewiring of interactions 
between genes and eQTLs as a result of TAD boundary 
disruption. To do so, we are exploring 2 parallel approaches. 
In the first approach, we count for every gene in how many 
patients at least one eQTL interaction is gained or lost as a 
result of the disruption of the TAD boundary (patient-wise 
recurrence). The resulting number of patients with gains and 
losses are summed to obtain a score per gene, by which the 
genes (and therefore the respective SVs) are ranked.  

In a second approach, we use machine learning to 
determine if SVs are causal. For every patient and every gene, 
we divide the TAD in which eQTLs of the gene are lost (the 
TAD that the gene resides in) and the TAD from which the 
eQTLs are gained into bins of 200 bp. We assign each bin a 
value of 1 if it contains a gained or lost eQTL to construct 
feature vectors. The vectors are labeled positive if the gene is 
in the COSMIC Cancer Gene Census (CCGC), or is affected 
by an SNV in at least 1 (other) patient.    

 
3. Results 

We applied our method to 10993 SVs of 18 breast cancer 
patients (including deletions, duplications and inversions). By 
randomly shuffling the SV positions 100 times, we found 254 
genes with significant scores using the patient-wise 
recurrence approach, 10 of which are part of the CCGC. By 
randomly shuffling the TAD positions 100 times, 95 genes 
were significant, none of which is part of the CCGC. Both 
results indicate that the positions of SVs in patients and 
affected TADs in the genome may be of importance in the 
disease.   

The random forest classifier and SVM with RBF kernel 
both obtained an accuracy of 96% (10X CV). The deep 
learning CNN classifier reached an accuracy of 95%.  
 
4. Discussion 

We aim to further validate our results by including 
expression data to determine if the significant genes are 
indeed differentially expressed. Furthermore, we aim to 
improve our labels for machine learning by including 
expression data, and increase the disruptions that the method 
can detect by including more types of genomic data.  
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Figure 1: A) Paired-volcano plot. Connected points are transcripts differentially expressed in response to the challenge before (blue) or after (red) the 
intervention. B) Individual trajectories in PC space in response to the challenge, before (top) and after (bottom) the intervention. C) The average trajectory 

in response to challenge rotates as a result of the intervention. D) Gene expression differences between the activated samples projected back from PC space. 
 

1. Introduction 
Dietary Restriction (DR) and exercise have both 
independently been shown to increase life- and healthspan in 
various mammals [1]. To study the molecular basis of similar 
health-promoting interventions in humans, we studied 
participants of the Growing Old Together (GOTO) study [2] 
(N=164, ages: 63±6 years). Healthy older adults participated 
in a 13-week lifestyle intervention aimed at a 25% increase in 
energy expenditure realised by a 12.5% reduced nutrient 
intake and a 12.5% increased exercise regimen. To investigate 
how the intervention would affect metabolism, a standardized 
nutrient drink (a nutrient challenge), was administered before 
and after the intervention, and blood was sampled before 
(fasted state) and after (activated state) the nutrient drinks. 
The aim of this study is to understand the effect of the 
intervention on known and novel health parameters, including 
the blood transcriptome, and contextualize it with the known 
effects in animal models. 

 

2. Approach & Results 
A differential expression analysis (N=87) revealed little 

transcriptomic change in participants before and after the 
intervention, neither in fasted nor activated state. In contrast, 
the nutrient drink did elicit a transcriptomic response, and this 
response became notably stronger after the intervention 
(Figure 1A). This interaction between the intervention and 
challenge was particularly evident for ribosomal genes, 
displaying lower expression levels in response to the nutrient 
drink, and even lower after the intervention and nutrient drink. 

We hypothesize that lifestyle intervention has 
conditioned the system to be more responsive to nutritional 
challenges. To further pinpoint to this molecular shift, we 
investigated the individual trajectory of individuals in the 
Principal Component (PC) space of differentially expressed 
genes (Figure 1B). In this PC space, the mean of fasted 
samples did not change as a result of the intervention (Figure 

1C). However, the mean of the activated samples did. This 
indicates a rotation in PC space of the response to nutrient 
intake, and reflects the different metabolic response to food 
intake, due to the intervention. Regressing out the PCs that do 
not associate with the nutrient intake effect, we can project 
these means back to the original gene space, and examine the 
change in gene expression in the activated samples as a result 
of the intervention (Figure 1D). A gaussian mixture model 
allows us to separate the genes whose response did not change 
as a result of the intervention from those which did. In this set 
of genes, we again find ribosomal genes to be enriched, 
indicating that the ribosomal genes are driving the 
transcriptomic rotation in response to the intervention. 
 

3. Discussion 
Ribosome biosynthesis is a downstream effect of mTOR 

[3], a highly conserved lifespan-regulating pathway that can 
be modulated with DR, and the FDA approved drug 
rapamycin. Using the GOTO study, we show that a lifestyle 
intervention in healthy older adults induces effects on the 
activity of ribosomal genes in blood that mimic the effects of 
a pharmacological intervention on mTOR in animal models. 
Importantly, this would suggest that the positive effects of 
prophylactic use of rapamycin could be achieved by a 
healthier lifestyle. Future research will be directed to 
investigate whether the genes that drive the rotation in 
response to the challenge can act as personalized markers for 
an intervention-induced health improvement.  
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1. Introduction 
 

Acute lymphoblastic leukemia (ALL) represents 20% of 
the adult leukemia diagnoses1, with a five year survival 
between 30 and 50%2. The primary detection method is 
manual cytomorphological examination of blood smear 
images, which is time-consuming and sensitive to intra- and 
inter- observer variation. The examination task can be 
translated into an image classification problem and 
addressed with convolutional neural networks. This special 
type of deep learning algorithm has revolutionized the field 
of computer vision. The aim of this study is to evaluate how 
well a binary and multiclass classifier can be trained on a 
small dataset. 

 
2. Approach 

 
 The used ALL dataset consists of 250 single-cell images 
of which half are lymphoblastic cells from leukemic patients, 
and half are benign leukocytes and thrombocytes from 
healthy individuals. A linear CNN for binary classification 
was trained to distinguish between lymphoblast and other 
blood cells in the ALL dataset. The same linear CNN 
structure was also used to train a multiclass classifier that 
classifies between five types of leukocytes. To that end, we 
re-annotated the dataset with the help of a trained cytologist. 
Both  binary and multiclass classifiers were trained using 
leave-5-out cross-validation. Data augmentation was used to 
increase the number of images during training. In the 
multiclass classification, data- augmentation was also used to 
create the same number of images in each class during 
training so that there was no imbalance between the classes. 
Data augmentation included rotation and horizontal- and 
vertical flipping of the single- cell images. 

 
3. Results 

 
 The trained binary classifier results in an AUC of 0.97. 
Using data augmentation, the validation loss follows the  

training loss without signs of overfitting. The multiclass 
classifier results in an F1-score of 0.78 ± 0.17 (mean ± s.d., 
n=44) when tested on an unseen test set. In each leukocyte 
class most of the images are classified correctly. In some 
cases, the lymphoblast cells, atypical and typical 
lymphocytes are misclassified, which however is expected 
due to the fact that they are morphologically and 
developmentally extremely similar. Less expected is the 
classification of one monocyte and one atypical lymphocyte 
as a segmented neutrophil. 
 
4. Discussion 

 
 An accurately performing binary classifier can be trained 
on a small ALL dataset with only 250 images. That means 
that lymphoblast cells can be distinguished from the other 
types of blood cells with only few training examples. The 
performance of the multiclass classifier, classifying between 
five types of leukocytes, showed a good results with most of 
the images in each class classified correctly. We expect the 
performance to increase with more images. In contrast to a 
previous approach3, we perform single cell classification 
with high accuracy using a CNN only. Our results promote 
the application of machine learning methods for the 
classification of blood cells in a diagnostic setting, even 
when the data is limited. 
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The analysis of chromosomal breakpoints in colorectal cancer 
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[Background] Colorectal cancer (CRC) is, as all cancers are, caused by genomic defects. One 
way in which the genome can be negatively altered is through chromosomal breaks, a type of 
structural variant (SV). Recently, SV analysis has gained more attention and it was shown 
that many genes related to CRC are frequently affected by chromosomal breaks. The nature 
of the relationship between SVs and CRC still needs to be clarified. Whole genome 
sequencing (WGS) has the potential to allow the researcher to investigate SVs on the 
nucleotide level and thus aid in the clarification of this relationship. 
 
[Aim] The Hartwig Medical Foundation (HMF) provided an SV data set based on WGS data. 
The aim of this research is to characterize the breakpoints in this data set. Therefore, a 
statistical method is needed to detect recurrence of chromosomal breakpoints. 
 
[Methods] Here the statistical approach from GeneBreak was combined with a binning 
procedure in order to find genomic regions recurrently affected by chromosomal breakpoints 
in the HMF data set. 
 
[Results] This resulted in 9,069 significantly affected genomic regions overlapping with 3695 
genes. The breakpoints in MACROD2, the gene with the most SVs, were characterized in 
more detail. The method described in this paper did not only succeed in the detection of 
genes already known to be susceptible to SVs, but also resulted in finding new genes and, 
surprisingly, stretches of non-coding DNA affected by SVs. 
 
[Conclusion] These results further endorse the importance and need of further SV research. 
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Introduction 
Dilated cardiomyopathy (DCM) is a common cause of heart 
failure ultimately leading to premature death, yet no DCM 
patient is the same. Myocardial ischemia as well as toxic, 
metabolic, and immunologic factors can lead to the DCM 
phenotype. Genetic susceptibility plays an important role, with at 
least 23% of cases being familial, and more than 50 genes linked 
to inherited DCM.  
The most common genetic cause of DCM are truncating 
mutations in the gene encoding Titin (TTN), a giant sarcomeric 
protein that is important for myocardium function and structure. 
These mutations either introduce a premature stop codon or 
affect alternative splicing. The importance of splicing is further 
strengthened by the DCM associated splicing factor RBM20, 
which targets a number of DCM-associated genes including 
TNN. A recent publication1, using RNA-sequencing in left 
ventricular myocardium of 97 end-stage DCM patients and 108 
non-diseased controls, indeed revealed a widespread effect of 
genetic variation on the regulation of transcription and splicing, 
but also allelic imbalance.  
 
 

 
Figure 1: Illustration of the concept of allelic imbalance 
 
Allelic imbalance is a state where the two alleles of a gene are 
expressed at a ratio differing from the expected 1:1 (Figure 1). 
Extreme imbalance in myocardium of DCM patients has 
previously been associated with splicing1 and non-sense 
mediated decay through presence of (rare) truncating variants.  
 
Using a deeply phenotyped cohort of DCM patients at various 
disease stages, instead of end-stage only1, we set out to 
investigate to what extend such extreme allelic imbalance in left 
ventricular myocardium is indicative of patient characteristics, 
prognosis and comorbidities. 
 
Methods 
We have developed an approach that identifies sets of genes that 
are strongly affected by allelic imbalance. Our method combines 
rigorous best practice quality control and robust statistical 
analysis2 with a novel network based approach.  
 
 

Results & discussion 
We see that the strength of the imbalance shows striking 
heterogeneity between subjects that would be lost using 
traditional group based approaches (Figure 2).  
 

 
Figure 2: Example of allelic imbalance across patients for a single 
gene 
 
Our network analysis approach is able to reveal clusters of genes 
that are co-imbalanced across subjects (Figure 3), as well as 
clusters of subjects sharing co-imbalanced genes. 

 
Figure 3: Network of shared imbalances. Edge thickness related to 
number of shared individuals with extreme imbalance. 
 
Strikingly, this co-imbalance reveals clusters of genes previously 
associated with DCM as well as several novel genes. Apart from 
suggesting a much more wide-spread phenomenon, the network 
approach enables investigation of joint events: if a particular 
gene is imbalanced, than based on the strength of connections 
likely paths of co-imbalanced genes can be derived. We are 
currently in the process of relating these different paths to 
individual patient characteristics, prognosis and comorbidities.  
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1. Introduction 
Biological networks and network analysis are rapidly 

becoming fundamental tools for the investigation and the 

interpretation of metabolomics data within a systems biology 

context. In the present study we used a (simplified) model of 

arachidonic acid metabolism to generate metabolite 

concentration profiles with physiologically plausible 

distributional and correlation (association) patterns and used 

them to test the performance of several correlation based 

algorithms for network reconstruction. 

 

2. Materials & Methods 
We built a dynamic model describing the metabolism of 

arachidonic acid (consisting of 83 metabolites and 131 

reactions) and used it to simulate individual metabolic 

profiles of 550 subjects. 

We evaluated the performance of several network inference 

algorithms:  PCLRC (Probabilistic Context Likelihood of 

Relatedness on Correlation) MRNET (Multicast REduction 

NETwork) GENIE3 (Gene Network  Inference with 

Ensemble trees), TIGRESS (TRustfull Inference of Gene 

REgulation using Stability Selection) and PMRNET, a 

modification of the MRNET algorithm, together with 

standard Pearson's and Spearman's correlation, by comparing 

the reconstructed networks with the structure of the original 

dynamic model. 

 
3. Results 
 Our results show that methods based on resampling or 

non-linear decision tress like Random Forest are be better 

suited for the reconstruction of metabolite- metabolite 

association networks than methods based on linear 

regression. Moreover, our approach also allows to evaluate 

to what extent high (partial) correlation coefficients 

correspond to known metabolic reactions and show that that 

metabolites directly linked in a reaction step may not exhibit 

any correlation. 

 

4. Discussion 

While correlation (CORR) is an almost native metric to 

investigate the association among metabolites in 

metabolomics studies, all methods but one (PCLRC) were 

developed to infer gene regulatory networks that have 

markedly different properties from metabolite-metabolite 

association networks. We found methods based on 

resampling like PCLRC (and our modifications of the 

MRNET algorithm) to perform better together with 

regression methods based on Random Forest in which 

resampling is intrinsically implemented.  

 Except CORR-s in a few cases, none of the methods 

achieved consistently AUC above0.8: considering that 

different adjacency matrices were used to represent the AA 

metabolic model implementing different levels of 

neighbouring among metabolites and that in general the 

performance of the methods increased when indirect 

association are considered we can conclude that not all direct 

associations (i.e. metabolites connected by one single 

reaction step) are recovered. 

 

On the basis of this comparative study we recommend 

the use of inference algorithms based on resampling and 

bootstrapping when correlations are used as indexes to 

measure metabolite-metabolite associations. We also 

advocate for the use of data generated using dynamic models 

to test the performance of algorithms for network inference 

since they produce correlation patterns which are more 

similar to those observed in real metabolomics data. 

 

 
 
References 

 

Simulation and reconstruction of metabolite-metabolite association 

networks using a metabolic dynamic model and correlation based 

algorithms. Sanjeevan Jahagirdar, Maria Suarez-Diez, Edoardo Saccenti 

2019 Journal of Proteome Research, in press See also bioRxiv 460519; 

doi: https://doi.org/10.1101/460519 

 

 



Discovering progenitor plasticity and cell specific regulatory networks from
meta-analysis of the hematopoietic stem cell tree

Abhinandan Devaprasad1,2⇤, Maili Zimmermann1,2, Menno Winkel3, Rob Woestenenk3, Soley Thordardottir3,
Weiyang Tao1,2, Willemijn Hobo3, Harry Dolstra3, Rob J de Boer4, Timothy R.D.J. Radstake1,2⇤⇤, and Aridaman Pandit1,2⇤⇤

1Laboratory of Translational Immunology, University Medical Center Utrecht, Utrecht, The Netherlands
2Department of Rheumatology and Clinical Immunology, University Medical Centre Utrecht, Utrecht, The Netherlands

3Radboud University Medical Center, Nijmegen, The Netherlands
4Theoretical Biology and Bioinformatics, Utrecht University, Utrecht, The Netherlands

⇤Presenting Author, ⇤⇤ Equal contribution, Correspondence: A.Devaprasad@umcutrecht.nl, A.Pandit@umcutrecht.nl

1. Introduction

Immune cells circulating in blood are known to differentiate from
a common hematopoietic stem cell (HSC) progenitor. According
to the classical model, HSCs first differentiate into multipotent pro-
genitor cells (MPPs) that further differentiate into distinct lineage
committed progenitor cells: lymphoid-primed multipotent progen-
itors (LMPPs) and common myeloid progenitors (CMPs). The lin-
eage commitment of progenitors is now being re-evaluated and re-
cent studies have shown that some lineage-committed progenitors
can produce cells from other lineages. However, since most of the
studies that evaluate differentiation potential of HSC and down-
stream progenitors are from mouse. This entails the need to evalu-
ate the hematopoietic stem cell differentiation tree in human.

2. Approach

Using meticulous batch correction and data processing methods, we
analyzed 27 publicly available RNA sequencing datasets of FACS
sorted, unstimulated immune cells from healthy human donors,
from which we created transcriptome based profiles of 40 differ-
ent types of immune cells. Using several clustering methods, we
generated a immune cell benchmark map that allowed us to study
lineage commitment and interactions between different cells. We
used weighted gene co-expression analysis to identify the important
transcription factors (TF) and regulatory modules (set of genes),
and used these to study common and differential regulatory mecha-
nisms between different immune cells. Using regulatory networks,
we identified several transcription factors that may play a role in
a given differentiation trajectory and identified plausible new dif-
ferentiation routes. We perfomed colony forming unit assays to ex-
plore some of these new found cell differentiation routes. Addition-
ally, using an in house approach and differential gene expression
analysis we identified several cell specific genes. We then validated
these genes using PCR and western blot assays.

3. Results and Discussions

The clustering analysis showed clear separation between lymphoid,
myeloid and progenitor cells distinctly despite the different datasets
they came from. We observe from both the clustering and the co-
expression analysis, that the progenitors form a tighly packed clus-
ter. More specifically, LMPP showed relatively higher transcrip-
tional similarity to Granulocyte Macrophage Progenitors (GMP)
and HSC, than to MPP or even MLP (Multipotent Lymphoid Pro-
genitor) as known in the literature. Furthermore, fewer TF’s were
differentially expressed between HSC and LMPP than HSC and
MPP. We observe TF’s like TCF3, RBL1, MCM6, DNMT1, etc.,

are specifically upregulated in LMPP when compared to HSC, of
which TCF3 is known in literature to be involved in lymphopoiesis.
This led us to believe that LMPP could be direct differentiation
product of HSC since the transcriptional jump from HSC to LMPP
seemed to be lower. We also report additional TF’s that may play
a role in this differentiation route along with other new routes we
see from the data. We further explored the LMPP potential to dif-
ferentiate to other cells like erythrocytes and megakaryocytes using
the CFU assays. We see that LMPP doesn’t necessarily produce
colonies of erythrocytes/megakaryocytes, but further FACS analy-
sis revealed single cells of erythrocytes and megakaryocytes. Al-
though, the CFU assays didn’t involve the tweaking of TF’s identi-
fied from the previous step, this pilot experiment suggests that we
need to re-evaluate the diffrentiation routes in the HSC tree of hu-
mans. We propose a new network based HSC map that can largely
explain the cell-cell associations seen from the transcriptome and
its TF analysis. We hypothesize that the HSC landscape may be
largely regulated by the TF’s identified in this study and hence draw
the conclusions towards a more redefined waddington landscape
that are shaped by the TF.

Figure 1: Overview of results

As a result of this large meta analysis we identified and are fur-
ther exploring progenitor potential, re-routing differentiation routes
based on key regulators, cell specific regulatory profiles and unique
cell specific genes.
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Abstract 
 
Pathway and network approaches are valuable tools in 
analysis and interpretation of large complex omics data. 
Even in the field of rare diseases, like Rett syndrome, omics 
data are available, and the maximum use of such data 
requires sophisticated tools for comprehensive analysis and 
visualization of the results. Pathway analysis with 
differential gene expression data has proven to be extremely 
successful in identifying affected processes in disease 
conditions (1). In this type of analysis, pathways from 
different databases like WikiPathways (2) and Reactome (3) 
are used as separate, independent entities. While standard 
enrichment methods have limitations and pathways are 
analysed independently with their arbitrary process 
boundaries, the pathway models themselves are very 
interesting from a network science perspective. �  

We present how these pathway models can be used and 
integrated into one large network using the WikiPathways 
RDF (4) containing all human WikiPathways and Reactome 
pathways, to perform network analysis on transcriptomics 
data. This network was imported into the network analysis 
tool Cytoscape (4) to perform active submodule analysis. 
Using a publicly available Rett syndrome gene expression 
dataset from frontal and temporal cortex (5), classical 
enrichment analysis, including pathway and Gene Ontology 
analysis, revealed mainly immune response, neuron specific 
and extracellular matrix processes. Our active module 
analysis provided a valuable extension of the analysis 
prominently showing the regulatory mechanism of MECP2, 
especially on DNA maintenance, cell cycle, transcription, 
and translation (Figure 1). In conclusion, using pathway 
models for classical enrichment and more advanced network 
analysis enables a more comprehensive analysis of gene 
expression data and provides novel results (6).  

 
 

 
 

Figure 1. Top-ranked active module for frontal cortex gene 
expression data comparing Rett syndrome patient and controls. 
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Ultra-small archaea – a diverse and deep-branching archaeal lineage? 
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The diversity and deep evolutionary origins of archaea is of fundamental importance for our 

understanding of the evolution of life on Earth. Recently, cultivation-independent approaches 

have allowed the reconstruction of genomes of uncultivated microorganisms and revealed that 

archaea are much more diverse and widely distributed in the biosphere than assumed previously. 

For example, archaea were shown to include a large diversity of organisms with extremely small 

cell and genome sizes and limited metabolic capabilities. Currently, these organisms belong to at 

least 10 different lineages, which seemingly comprise a deep-branching monophyletic 

superphylum referred to as DPANN. However, the extent of the diversity of DPANN archaea and 

their phylogenetic placement remain a matter of debate. Here, we describe 13 genomes of the 

thus far uncharacterized, deep-branching archaeal UAP2 lineage, which seems to represent a 

new phylum within the DPANN archaea. Similar to other DPANN archaea, UAP2 have small 

genomes and a limited metabolic gene set. For instance, members of this group lack key genes 

for amino acid and vitamin biosynthesis and have a low number of transporters. However, UAP2 

genomes encode all subunits of a V-type ATP synthase, partial gluconeogenesis and a non-

oxidative pentose phosphate pathway, a ribulose-bisphosphate carboxylase, ADP-forming acetyl 

coenzyme A synthetase and several key lipid biosynthesis genes. These findings suggest that 

UAP2 archaea could ferment simple carbohydrates to generate energy, however, they also point 

towards some dependency on symbiotic interactions with other organism groups. Results from 

initial phylogenetic analyses suggest that UAP2 branches deeply with regard to DPANN archaea 

and shared features with both free-living and symbiotic archaea indicates that UAP2 occupies a 

key position to address DPANN monophyly. Thus, subsequent in-depth genomic and 

phylogenetic analyses as well as ancestral reconstructions will likely help to provide important 

insights into the evolution of symbiosis in archaea. 
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1. Introduction 
The human microbiome is of critical importance to 

human health, and has been extensively studied for this 
reason. Most studies thus far have focused on taxonomically 
profiling the human microbiome in healthy individuals and 
subjects with an altered gut microbiota1,2. However, 
taxonomic composition does not always provide information 
on community function and can conceal significant inter-
individual phenotypic differences. Moreover, many of the 
functional connections between the microbiome and host 
health are mediated by the small molecules produced by gut 
microbes. Therefore, there is an urgent need of moving the 
field towards a deeper understanding of function at the 
molecular level. Hereby, we present gutSMASH, a new tool 
to predict key metabolites from primary metabolism produced 
by anaerobic bacteria, which will enable the systematic 
evaluation of their metabolic potential. Deciphering the 
anaerobic metabolome will be crucial to understanding 
microbiome-associated phenotypes, given that these bacteria 
represent 95% of the total bacteria in the gut3  and they are 
exclusively in charge of the synthesis and transformation of 
several meaningful compounds and modulation of signalling 
pathways involved not only in microbe-microbe interactions 
but also host microbe interactions. Indole, p-cresol, and other 
amino-acid-derived metabolites4, bile acids5, and short-chain 
fatty acids are examples of important metabolites excreted by 
anaerobic bacteria. 

 
2. Approach 

A database that includes 11,000 complete genomes and 
98,886 draft genomes was created in order to use 
clusterTools6, a software to find remote homologues of 
groups of genes physically clustered together in a genome, 
also known as metabolic gene clusters (MGCs). The tool is 
able to query a database with functional elements in either 
protein FASTA format or hmm profiles. As input, 
information about 15 different gene clusters coming from 
different Clostridium and Salmonella species, known to play 
key roles in their metabolism, were used in either possible 
formats; protein sequences and hmm profiles created with the 
hmmbuild tool7. We grouped the output of several iterated 
clusterTools searches to acquire a collection of over 27,000 
clusters. In order to filter out redundant sequences, we used 
MMseqs28 at a 95% similarity cut-off—this is a k-mer-based 
algorithm that allows clustering large sequence databases by 
sequence similarity. From the resulting network of 1599 
groups we picked a maximum of 2 random representatives 
plus singletons creating a ‘non-redundant’ set of almost 

3,200 clusters that was used as input for BIG-SCAPE 
(http://git.wur.nl/medema_group/big-scape), an algorithm 
that computes similarity networks of MGCs and groups them 
into families. We profiled the sequences found at the gene 
cluster family (GCF) level by presence of certain key domains 
and co-occurrences of others. These GCFs were manually 
curated by comparison to functionally characterized pathways 
(e.g., validation at the genetic or biochemical level). This 
enabled construction of new detection rules, with ‘positive’ or 
‘negative’ profile Hidden Markov models that are used to 
decide whether or not a given MGC corresponds to a MGC 
family of interest. Finally, these models were implemented in 
a software package, based on the antiSMASH version 5.0 
source code, for automated identification of specialized 
primary metabolic pathways from anaerobes. 
 
3. Results and discussion 

We built a new tool for the automatic genomic 
identification and analysis of specialized primary metabolic 
gene clusters, which can be used for the discovery of new 
metabolic pathways from microbes from the human gut as 
well as other anaerobic environments.  

Not only a large number of representative MGCs were 
found to be involved in relevant anaerobic pathways such as 
the oxidative decarboxylation of pyruvate and the reduction of 
saturated fatty acids, but others of unknown function were 
discovered. This demonstrates the effectiveness of our 
approach to cover different key pathways from anaerobic 
metabolism. We envision that gutSMASH will facilitate 
functional analysis of the microbiome by uncovering novel 
pathways and connecting them to their molecular products. 
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1. Introduction 
 

Bacteriophages are the most abundant entities in our 
planet, with an estimated 1031 phage particles [1]. Yet, the 
diversity, mosaicism, and recombinant nature of their 
genomes is not fully understood [1]. Recent developments in 
long-read sequencing technology now enable 
characterization of phage genomes at an unprecedented 
level, in which a single read can easily capture an entire 
genome (single molecule) from an individual phage particle 
[2]. Here, we present early results that genome 
architecture—the collection and organization of genes in a 
genome—of bacteriophages is a major factor during 
adaptation to new hosts. 

 
2. Approach 

 
Three phages were isolated from Apeldoorn hospital, 

each infecting different hosts of E. coli. Each genome was 
sequenced at 100x coverage and a consensus assembly was 
generated using CLC Genomics Workbench 8.5.1. Random 
combinations of these genomes were generated in-vitro 
through mechanical shearing, random ligation, and injection 
into pre-built phage particles. This collection of pre-built 
phages, termed the primitive pool, was then used to infect 
E. coli BL21 (DE3) host for several generations. In parallel, 
each generation (including the primitive pool) was 
sequenced with the MinION, enabling snapshots of the 
genomic diversity of bacteriophages throughout host-
adaptation. 

Long-read sequencing data for each generation was 
analysed with Ptolemy2 [3], a method that characterizes 
genome architectures from whole-genome and/or long-read 
pairwise alignments using a graph-based approach. 

 
3. Results 
 

The initial sequencing run of the fully adapted 
bacteriophage generation contained 21,363 reads with a 
mean read-length of 8.1 Kbp. Closer analysis showed that 
the vast majority of these reads belonged to the silenced 
prophage encoded by DE3. However, 41% reads contained 
two large sequences (2-3 Kbp) that are absent from the 
prophage but originate from the primitive pool. The 
abundance of these sequences in the adapted generation is 
contrasting to the abundance in the primitive pool, as only  
134 of 676,349 reads contained the two sequences. The 

sequences contained various genes including those 
associated with superinfection exclusion, repression of lytic 
development, and promotion of genomic recombination.  

Interestingly, the genome architecture of the adapted 
bacteriophage is not singular: at least 1248 different 
architectures were present in the final generation. Clustering 
of these architectures indicate four disjoint populations, with 
the most abundant containing an average genome of 7.2 Kbp. 

 

 
 

Figure 1. Gene-graph of the fully adapted bacteriophage generation. 
Each node (yellow) is a gene and it’s adjacent neighbours are indicated by 
an edge, where red edges indicate chimeric junctions not observed in the 
reference and white otherwise. 

 
 

4. Discussion 
 
These early results show the feasibility for developing a 

minimal phage for a specialized host via random 
concatenation of unrelated phage sequences. Given the 
disjoint populations and an apparent selection for specific 
sequences, the adaptation of these phages seem to be largely 
driven by the collection and organization of genes in their 
genome. 
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5.13 ELIXIR-NL: Education 

 

  



Data Science for Life Sciences at Hanze UAS 
  

In February this year, the Hanze UAS started a new Master level course “Data Science for 
Life Sciences”. This program was set up to meet the demand for specialists capable of 
managing, processing and analysing the vast amounts of data that are now being generated 
within the broad scope of the Life Sciences domain. Working effectively with such data and 
communicating with other life scientists requires, besides knowledge of data science 
methods, sufficient knowledge of the origins of the data, in particular relating to the 
biochemical and biophysical processes involved, thus warranting an integrated program. In 
addition, while the large datasets traditionally comprised sequencing data, the era of big data 
has now commenced for life sciences in the broadest sense (and beyond), with high-
throughput methods being used, ranging from microscopy, computational chemistry to 
integrated omics. This background called for a broader scope than the traditional 
bioinformatics programs. The content of the course focuses on integrative analysis of more 
complex data structures and big data from different sources, and to this end comprises of 
learning lines on programming, data science and ‘omics’. The program includes two 
semester-long research projects, where students work together on open-ended problems 
provided by third parties, and a graduation program, in which the student interns within an 
academic, non-profit or commercial research project. 

The didactical concepts of the program are based on the theory of High Impact Learning that 
Lasts1. The course is open to students with a Bachelor’s degree in a field related to one or 
several of these learning lines, including bioinformatics, biomedical research, computer 
science, medical imaging and radiation therapy and chemistry. For each admissible degree, 
expected deficiencies have been identified, which together have formed the basis for a 
preparatory program at the start of the course to bridge differences between students that may 
pose problems in later courses. Otherwise, the differences between students are 
acknowledged and exploited in collaborative projects. Here, the didactic model is one of a 
Community of Learners2, where students and teachers are stimulated to learn and draw 
benefit from each other. The didactic concepts and the relation with the content of the 
program will be presented with openings for further discussions. 
 

 

                                                
1 Dochy, F, Berghmans, I, Koenen, A, Segers, M. (2016) Bouwstenen voor High Impact Learning. Het leren van 
de toekomst in onderwijs en organisaties.  
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learning: New environments for education (pp. 289-325). Mahwah, NJ: Lawrence Erlbaum Associates, 
Publishers. 



Education in the cloud for applied bioinformatics in Life Sciences 
 
A. Melquiond*, B. van Breukelen*, P. Kemmeren, J. de Ridder, B. Snel 
 
Life sciences generate every day a flood of data, which poses the challenge of ‘who can 
process them?’. The only sustainable solution is that every life scientist also becomes a 
data scientist, capable of handling the entire data lifecycle, from experiments to 
processing and extraction of meaningful values, and finally their analysis. To overcome 
current bottlenecks, our educational system must create a new framework to teach 
applied data science to the largest number, with tailored solutions for everyone and 
year-round support from local experts in the field. 
 
We here present the cloud solution we developed at the Utrecht Bioinformatics Center, 
with the support from the ICT department of the faculty of Sciences at Utrecht 
University, that implements bioinformatics courses specifically crafted for tomorrow’s life 
scientists using cloud computing, interactive notebooks and web-conferencing tools to 
remotely assist students in their training. Course management is done via our e-learning 
platform, based on Moodle, and we are working on transferring our 14 MSc. and 2 BSc. 
courses to this online framework. 
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1. Introduction

The Software development best practices group is part of
the ELIXIR[1] Tools platform. It coordinates activities to
rise the quality and sustainability of software developed for
research. The Software development best practices group
in partnership with the ELIXIR Training platform, The
Carpentries[2], and other communities is creating a collec-
tion of training materials to help researchers and developers
implement the four Open Source Software (4OSS) recom-
mendations [3]. 4OSS are set of 4 simple recommendations
aiming to help researchers and software developers to adopt
Open Source Software (OSS) practices.

2. Lesson Development

In order to encourage researchers and developers to adopt
the 4OSS recommendations and build FAIR (Findable,
Accessible, Interoperable and Reusable) software, we de-
cided to develop specific training materials, taking advan-
tage of the Carpentries approach and experience in train-
ing material development and maintenance [5, 6]. Here,
we present a collaboration between ELIXIR and The Car-
pentries aimed at creating a collection of training materi-
als to teach researchers and developers how to implement
the recommendations in their research software. This in-
volves an open and transparent content development con-
sisting of community brainstorming, content collection and
reduction and a great effort in making the material interac-
tive with challenges and discussions.

The project was kick started with a workshop at Car-
pentryCon 2018 in Dublin (Ireland)[7] aimed at scaffolding
the lesson. This was then followed up in August, by a 2-
day lesson hackathon taking place in Utrecht (The Nether-
lands), where participants focused on content creation and
produced a first draft of the training materials. Twenty-one
participants from across the world contributed with their
expertise in pedagogy, community building, Open Source
software, licensing and ontologies. Results have been pub-
lished on GitHub[8] under Creative Commons License (CC
BY 4.0). The lesson is build around the following ques-
tions:

1. Make it public : What are the benefits of making my
software project public from the beginning? How do I

make my project publicly accessible? What resources
are available to help me document my software? What
are the best practices in open software development?

2. Use registry : Why are metadata important in re-
search software? What are good metadata? Which
are the most commonly used platforms for registering
research software data.

3. Use licence : What is a copyright and what a licence
does? Why is important that a product/code has a li-
cence? What is the importance of third-party depen-
dencies on your product/code? How do you choose a
license for your code?

4. Contribution, governance and communication: How
does someone start contributing to my project? What
do I need to consider about project design and gov-
ernance? How do people communicate within the
project?

The content has been further reviewed and improved in
an online process involving wider community of contribu-
tors. The expected release of the training materials is early
2019.
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1. Introduction 
 

Co-expression of two genes across different conditions 
is indicative of them being involved in the same biological 
process. The Pearson Correlation Co-efficient (PCC) is the 
most widely used measure of gene co-expression similarity. 
However, it has been showed that k-means clustering of 
gene expression data heavily relies on the choice of 
similarity measure (PCC, Spearman correlation etc.) and that 
the most suitable measure can vary across different datasets 
(1). 

Given the diversity of biological processes, but also the 
heterogeneity of public expression datasets, we hypothesize 
that the PCC might not always be the optimal similarity 
measure for performing gene function prediction with 
expression data. Here, we aim to improve the performance 
of co-expression-based gene function prediction by building 
a specialized classifier for each function that calculates co-
expression only over the samples that are relevant for it. 

 
2. Approach 

 
We used metric learning to identify the most 

informative RNA-Seq samples for a given function and 
create a new weighted co-expression measure based on 
these. We assigned a real-valued weight to every RNA-Seq 
sample in the dataset and optimized the weights in order to 
maximize the similarity between genes that perform a 
specific function of interest. More specifically, we grouped 
each gene pair into one of the following three categories: 1) 
both genes are annotated with the function in question, 2) 
exactly one of the two genes is annotated and 3) neither of 
them is annotated with it. Our goal is to find the weight 
values 𝑤  that maximize the separability between categories 
1 and 2. Let  𝜇 , 𝜎 , 𝑁  denote the mean, variance and size 
of the set of all weighted inner products of gene pairs in 
category 1 and similarly 𝜇 , 𝜎 , 𝑁  for category 2. We use 
Student’s two-sample t-test with unequal variances (equation 
1) to express our aim that the co-expression should be higher 
between genes of group 1.  

𝑡(𝒘) =
𝜇 − 𝜇

𝜎
𝑁 + 𝜎

𝑁

  (1) 

We also applied a sparsity constraint on the weights (L1 
regularization), forcing the algorithm to only select the 
subset of samples that are the most informative, if such a set 

exists. The complete cost function is given by equation 2, 
where 𝛼 is a parameter of our method specifying the trade-
off between the cost and the regularization. 

min −𝛼 ∙ 𝑡(𝒘) + (1 − 𝛼) 𝑤 ,  𝑠. 𝑡.  𝑤 ≥ 0 ∀𝑘     (2) 

3. Results 
 
We tested our model on predicting Gene Ontology (GO) 

terms using public RNA-Seq data from Arabidopsis 
thaliana. With 3-fold cross-validation, we evaluated on 526 
GO terms. PCC achieved a mean ROC AUC of 0.69 ±
0.004, whereas our method 0.72 ± 0.004. The difference is 
statistically significant (p-value = 0.6 × 10 , Wilcoxon 
rank sum test). Depending on the GO term, the algorithm 
has the flexibility to automatically either collapse to normal 
PCC or to only select those RNA-Seq samples for which the 
co-expression is the highest among the genes that are 
annotated with that term. 

 
4. Discussion 

 
We introduced a new way to select most informative 

RNA-Seq datasets in the context of gene function prediction. 
We show that Pearson correlation is suboptimal for 
predicting function and can be outperformed by more robust 
methods. Although our algorithm has to be run separately 
for each function, it is fast enough so that this is feasible, 
especially if the computations for the different functions are 
carried out in parallel. 

 
References 

1. P. Jaskowiak et al., “Evaluating Correlation Coefficients for 
Clustering Gene Expression Profiles of Cancer”. Advances in 
Bioinformatics and Computational Biology Volume(131):120-131, 
2012. 

 



Exploring the effect of single amino acid variations on the function of the glucose

transporter SLC2A by enhanced sampling coarse-grained simulation

Halima Mouhib1, Akiko Higuchi2, Sanne Abeln3, K. Anton Feenstra3 and Kei Yura4,5

1Université Paris-Est, Laboratoire Modélisation et Simulation Multi Echelle, Marne-la-Vallée, France
2Graduate School of Frontier Sciences, The University of Tokyo, Japan

3Dept. Computer Science, Integrative Bioinformatics, Vrije Universiteit, Amsterdam, The Netherlands
4Graduate School of Humanities and Sciences, Ochanomizu University, Japan, 

5School of Advanced Science and Engineering, Waseda University, Japan

E-mail: halima.mouhib@u-pem.fr, akko.higuchi720@gmail.com, s.abeln@vu.nl, k.a.feenstra@vu.nl, yura.kei@ocha.ac.jp

1. Introduction

The Solute Carrier (SLC) transporter superfamily is
known to play a key role in transport of small molecules.
The superfamily consists of 52 families, and at least 386
di"erent transporter genes have been identi&ed. Many
pathogenic mutations on the SLC22 subfamily are linked to
renal carnitine de&ciency diseases. Crystal structures of
several human SLC members are already known, but the
structure of SLC22 remains to be solved. Thus, the
mechanism underlying this severe disease is still unknown.
In this study, we computationally investigated the structural
features of two members of the SLC2 (which shares high
sequence similarity with SLC22) with the aim to study the
biophysical impact of pathogenic mutations in SLC2A1 and
SLC2A3 which share high sequence similarity (Fig 1, top).
We here study pathogenic and benign mutations distal to the
channel, and for which the mutation impact could not be
predicted using either PolyPhen or SIFT.

2. Approach

Therefore, we employ molecular dynamics (MD) simu-
lations. For e1ciency we investigated the applicability of
the MARTINI coarse-grained (CG) force&eld, which is 500-
fold faster than the atomistic GROMOS. The elastic network
that is used in MARTINI to stabilize tertiary interactions,
depends on the starting conformation. Here we modi&ed
these to only include the elastic network constraints that
di"ered less than 1Å between the inside open and outside
open states, which we call ‘conserved’ (CON) constraints.
This allows transition between inside- and outside-open
states, while maintaining protein (tertiary) structure stability.

3. Results
The ‘CON’ simulations sample many states intermediate

to the inside-open and outside-open starting states,
compared to the regular ‘CG’ simulations (data not shown
here). We analysed channel dynamics by measuring distan-
ces between adjacent transmembrane (TM) helices, at the
intracellular (in) and extracellular (out) sides. Distances
between TM5 and  TM8 (Fig 1 bottom; WT in purple and

green) show the same distributions as those observed by
Nagarathinam et al. (2018), which validates our approach.
Moreover, pathogenic mutations  (Fig 1 bottom; orange)
show similar di"erences as they observed for di"erent
protonation states, which are thought to be linked to
blocking of the channel.

Figure 1. Top: Single amino-acid mutations in SLC2A1 channel

structure (5EQI); known pathogenic mutations in red. Bottom:

Changes in dynamics observed from TM5 and TM8 distances (nm)

for pathogenic G91D (left) and homologous G89V (right).

Largest  changes  in  dynamics  are  seen  for  pathogenic

mutations: G91D, G89V (Fig 1), R91H and R91V;  benign

R91C only shows negligible changes (not shown here).

4. Discussion
Our CG ‘CON’ approach is an e"ective way to study

dynamic e"ects of mutations, and allows deeper insight into
the mechanisms of (dys)function of the SLC channel family.
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1. Introduction 
Polyketide synthases (PKSs) are multimodular enzymes 

that generate diverse polyketides of great pharmaceutical 
importance. Many polyketides are synthesized by enzyme 
complexes of type I polyketide synthases, which are 
organized in assembly lines in which multiple enzymes line 
up in a specific order [1]. This order is defined by specific 
protein-protein interactions (PPIs), achieved through the 
interaction of two short polypeptides at the C and N termini 
of PKS proteins, called docking domains. Figure 1A shows 
the proteins in the Candicidin (an antifungal polyketide) 
assembly line. The unique modular structure and catalyzing 
mechanism of these assembly lines makes it possible to 
predict the chemical structure of the polyketide product by 
predicting the protein order in the assembly line. Most of 
the current prediction of PKS protein order in assembly 
lines assumes “collinearity”, which means that the order of 
PKS proteins in the assembly line follows the order of the 
corresponding genes in the genome. However, there is a 
relatively large amount of gene clusters in which genes are 
non-colinear with the proteins. Here we developed and 
applied a new machine learning algorithm, based on 
Ouroboros [2], to predict the protein order within PKS 
assembly lines by inferring PPIs using co-evolutionary 
analysis.   

 
2. Approach 
 PKS docking domains can be clustered into three 
different classes, and  C-terminal domains generally only 
interact with N-terminal domains of a corresponding cluster 
[3]. Here we only focus on a specific cluster, class 1. In our 
algorithm, the pairwise interaction probability of all 
docking domain pairs is predicted by Ouroboros, which 
uses only sequences and no knowledge about interactions to 
infer which sequences are likely to interact, based on 
coevolution. The output of Ouroboros is a probability 
matrix (Figure 1B). The pairs that do not belong to class 1 
are first matched to each other. Then, the class 1 pair with 
the highest probability is found and fixed if it is not conflict 
with the already fixed pairs. This step is repeated until a 
final protein order is predicted (Figure 1C). 

To find a set of specificity-determining residues, we 
checked the predictive performance of Ouroboros in the 
absence of each residue pair separately and removed the 
pair that had the least impact on PPI prediction from the 
MSA. With the remaining residues, we again removed the 
pair that had the least impact until all residue pairs were 
removed. 

 
3. Results 

We applied the prediction method to 10 assembly lines 
that do not follow the collinearity rule, which involved 44 
interacting protein pairs among 262 pair combination. Of 
these, the order of 8 lines and the interaction of 36 protein 
pairs were correctly predicted. Figure 1 shows an example 
on the candicidin assembly line.  

Twenty-one contact residue pairs were predicted by 
Ouroboros. From the 21 pairs, 3 were found to have a major 
role in determining interaction specificity. However, 
removing all three pairs still led to a model with more 
predictive power (AUC=0.67) than a model in which all 
contacting pairs were removed (AUC=0.55), while using 
the whole sequences led to an ACU of 0.81.  

 
 

Figure 1. Predicting the protein order of Candicidin assembly 
line.  

 
4. Discussion 

Predicting the protein interactions in PKS assembly 
lines is different from typical pairwise PPI studies. The 
prediction combines coevolution analysis (Ouroboros) with 
the nature of the assembly line in which a protein can only 
interact with one up/downstream protein. 

Our new method paves the path to more accurate 
prediction of polyketide structures from sequence, as well 
as computer-guided engineering of PKS assembly lines. 
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1. Introduction

Protein function may best be understood through obser-

ving  molecular  interactions  (Bork  et  al.,  1998).  However,

experimental  mapping  of  such  interactions  is  costly,  and

continues  to  be  outpaced  by  elucidation  of  new  protein

sequences. Thus, one center of interest is to predict protein

interactions from sequence alone. Zhang & Kurgan (2017),

addressed  the  lack  of  standardization  in  thresholds  and

datasets by retrieval of an orthogonal dataset from BioLiP

(Yang,  2013),  and  presented  a  benchmark  of  seven

sequence-based, residue-level tools.

Our  first  goal  is  to  benchmark  our  recent  method

SeRenDIP (Hou et al., 2017) within this same framework,

for comparison.  Our second goal is to review ideas behind

competing  tools  and  assess  in  which  way  further,

incremental, improvements may be achieved. A final goal is

to construct a far larger dataset using the criteria set out in

the Zhang & Kurgan study.

2. Approach

The  three  best  performing  methods  according  to  the

Zhang  &  Kurgan  benchmark  are  LORIS,  CRF-PPI  and

SSWRF.  To  assess  whether  SeRenDIP  can  be  improved

feature-wise,  we  expand  SeRenDIP’s  feature  set  with  the

PSSM-based,  hydropathy-based,  and  aggregated  feature

sets, as used by these tools. 

LORIS uses  L1-regularized  regression,  whereas  CRF-

PPI  and  SSWRF  employ  machine  learning  algorithms

tailored to address the class imbalance problem in sequence-

based  prediction,  and  that  focus  the  training  on  hard-to-

classify residues. To see whether such algorithms help, we

here investigated the use of elastic net regression (of which

L1-regularized  regression  is  a  special  case),  iterative

Random Forests  which  focuses  on  important  interactions,

and XGBoost, a stochastic gradient boosting machine. 

Classifiers  were  trained  on  the  HM_479  (Hou  et  al.,

2017) training data with block validation,  which was also

used  for  the  SeRenDIP  method.  Based  on  predictive

performance  on  the  corresponding  HM_479  test  data,  we

then selected classifiers to be deployed the Zhang & Kurgan

(2017) SK448 dataset, filtered for maximum 25% sequence

identity  against  HM_479,  here  labelled  ZK343,  as  an

independent test set.  

3. Results

Benchmark  results  on  the  ZK343  dataset  for  our

SeRenDIP method, as well as three selected new classifiers:

XGBoost,  iRF and  Elastic  net  regression,  which  all  three

also include the new features described above, are shown in

Table  1.  All  three  methods  reach  higher  scores  on  all

benchmark criteria, compared to SeRenDIP.

Predictor Sens Spec Prec Acc F1 MCCAUC
XGBoost 0.3050.8930.3050.8140.3050.1980.701
iRF 0.3070.8920.3040.8130.3060.1980.696
Elastic net regr0.2930.8910.2930.8110.2930.1840.694
SSWRF 0.32 0.89 0.31 0.82 0.31 0.21 0.69
CRF-PPI 0.27 0.89 0.27 0.80 0.27 0.16 0.67
SeRenDIP 0.2600.8830.2550.7990.2570.1420.662
LORIS 0.27 0.89 0.27 0.80 0.27 0.15 0.65
SPRINGS 0.23 0.88 0.23 0.79 0.23 0.11 0.62
SPRINT 0.19 0.87 0.19 0.78 0.19 0.06 0.58
PSIVER 0.19 0.87 0.19 0.78 0.19 0.06 0.57
SPPIDER 0.20 0.87 0.19 0.78 0.19 0.06 0.52
Random 0.13 0.86 0.13 0.76 0.13 0.00 0.50
Table 1. Performance benchmark for different available sequence-

based residue level PPI prediction tools. Grey rows present predic-

tive performance of our three new classifiers, and our previously

published  SeRenDIP.  These  have  been  evaluated  on  ZK343,  a

subset of ZK448 which is orthogonal to SeRenDIP’s training data.

Other results were from Zhang & Kurgan (only available in two

decimal  places)  and  present  performance  on  the  full  ZK448

dataset. Top three (or more in case of a tie) per measure are bold.

4. Discussion

Our  results  show  we  can  clearly  obtain  improved

benchmark performance compared to SeRenDIP, and reach

accuracies close to the two best methods: SSWRF and CRF-

PPI.  ASA and  RSA, both  predicted  from input  sequence,

seem  to  drive  classification  performance  of  decision-tree

based learners, whereas the PSSM profile data seems more

important for the elastic net approach.

We expect additional improvements may be obtained by

using  ensemble  learning,  such  as  used  by  SSWRF.

Moreover, we are currently finalizing the construction of a

larger  database,  derived  from further  growth  of  the PDB,

which we estimate will be upward of 10.000 sequences. We

expect  the  insights  gained  here,  and  the  new  data  to  be

pivotal for success of developing  deep learning strategies.
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1. Introduction 
 

Predicting the role of a protein known to be involved in 
a complex network of interactions like e.g. a holoenzyme is 
a task that largely rests on the shoulders of bioinformatics. 
However, despite high-throughput techniques being able to 
deliver bigger pictures that help reaching a more 
comprehensive understanding of such biological question, 
technical variance can preclude relevant results, minimizing 
the full potential of these techniques. Addressing this issue is 
of key importance for achieving meaningful results from 
data integration. Here and thanks to such integration of data 
from different strategies, we uncovered the role of the 
protein TMEM70 in the two biggest enzymes of the 
oxidative phosphorylation (OXPHOS) system, the 
complexes I (CI) and V (CV). 

 
2. Approach 

 
Using two state of the art techniques, complexome 

profiling and BioID proximity-dependent labelling assay, 
together with an in-silico approach to detect TMEM70 
homologs and reconstruct the co-evolution of TMEM70 with 
other mitochondrial proteins, this study aims to elucidate the 
role of TMEM70 in the OXPHOS system. 

 
3. Results 

 
After obtaining a list of proteins that occur in close 

proximity (i.e. potential interactors) to our protein, we 
observed a significant enrichment for proteins involved in CI 
and CV. 

In order to explore into detail the role of TMEM70 in 
those complexes, we decided to focus on the differences in 
the assembly process of CI, both in TMEM70 wild-type and 
in TMEM70 knockout HAP1 cells, by 2D BN-PAGE 
followed by complexome profiling. To be able to work with 
biological replicates processed separately, we aligned them 
using a multidimensional implementation of the dynamic 
time warping technique [1]. Thanks to that implementation, 
we were able to compare and find significant and consistent 
differences between the two conditions in the assembly of 
the two complexes. For CI, we observed an accumulation of 
various subassemblies, together with an overall reduction of 
~60% of the fully assembled enzyme in the KO compared to 
controls. For CV, we found in the KO cells a total absence 

of a subassembly formed by the soluble part of the enzyme 
anchored to the inner membrane of the mitochondria 
together with an overall reduction of the fully assembled 
complex of ~40%. 

Phylogenetic reconstruction of the protein showed that 
TMEM70 has two human paralogues, namely TMEM186 
and TMEM223, all three maintaining a similar predicted 
topology. We observed that this protein family is widespread 
among eukaryotes, co-evolving in species with OXPHOS 
complexes, suggesting a role of this family in OXPHOS 
biogenesis. 
 
4. Discussion 

 
High throughput technologies are leading major 

discoveries during the last decade. Biological relevance of 
the results brought by such techniques are strongly 
reinforced when the data generated by these technologies are 
integrated in a seamless way. In order to achieve that, 
technical variance present in replicates must be minimized. 
This allows data integration to work at its full potential, 
avoiding differences that far from being biological, weaken 
relevant results obtained through a proper experimental 
design. Thanks to that, we were able to uncover an unusual 
role of the assembly factor TMEM70 being involved in the 
assembly of two different OXPHOS system complexes. 
Although its specific molecular function is unknown, our 
results suggest a recruitment of proteins to membrane 
assembly intermediates.  
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1. Introduction 
Germinal centres (GC) are sites of affinity maturation, an 
evolutionary process in which B lymphocytes proliferate, 
undergo somatic hypermutations (SHM) and positive 
selection to produce high-affinity antibodies (Ab) 
eventually. Ab affinity (KA) is defined as the ratio of the 
kinetic constants kon and koff which determine the kinetics of 
the bond between B-cell receptors (BCR) and antigens (Ag) 
and between peptide-MHCs (pMHC) and T follicular helper 
(TFH) cells. We aim to investigate the dependency of the 
spatiotemporal dynamics, affinity maturation, and output of 
the GC on individual contributions of kinetic constants. 
Since SHM is one of the most likely mechanisms by which 
kinetic constants change, it is interesting to investigate 
effects of the SHM on GC dynamics in the context of 
kinetics maturation. The model will be based on 
experimentally measured kinetic constants and affinities.  
 
2. Approach 
We will extend a pre-existing agent-based model (ABM) of 
the GC (Meyer-Hermann et al., 2012) that comprises of 
primary cellular mechanisms of the GC reaction (e.g., cell 
movement, B-cell proliferation, differentiation and apoptosis, 
SHM, Ag binding, positive B-cell selection). SHMs are 
implemented in the nucleotide representation of BCR 
sequence including the framework and complementarity 
determining regions and cell motility is modelled based on 
the collected data from fluorescence microscopy 
experiments. Binding kinetics will replace affinity 
representation in this model. 

 
3. Results 
We are currently implementing kinetic maturation in the 
ABM. It is still not clear how the kon and koff change during a 
GC reaction, therefore, we use three different scenarios to 
modify BCR-Ag binding kinetics. It is assumed that koff is 
always altered through SHM while kon modifications can be 
restricted by a mechanism other than SHM. 
We will start with a setting that simulates constant values for 
kon while koff will be modified by SHM. To elucidate the  
 
 
 
 

 
 
 
 
 
 
 
 
 
contribution of kon in affinity maturation, we run this 
simulation for different fixed kon values. 
Next, we will study the effects of cell motility on the rate 
constant kon to see if affinity maturation is restricted by kon as 
a consequence of cell velocity. To do this, we discretise 
BCR-Ag interaction using Eq.2 (Stenberg and Nygren, 
1988). In this case, the encounter rate constant (k0) is 
affected by cell motility while the intermediate biochemical 
modifications are affected by SHM. 
Further, we will investigate the affinity maturation in a case 
where both the kon and koff are affected by SHM without any 
interruption of other mechanisms.  
By comparing the output of these models to in-house 
generated experimental data and data from published 
studies, we aim to define the kinetics of the GC reaction in 
more details.  
Using the experimental data is another challenge in this 
work because experimental data represent the kinetics of 
free antibodies not membrane-bound antibodies while BCR 
is a membrane-bound antibody. 
A better understanding of the underlying mechanisms of 
kinetics maturation might help to realize restrictions on 
affinity maturation and to find possible ways to optimize this 
process.  
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1. Introduction 
 

For computational models to be most useful, we would 
like them to be both accurate and applicable in more than 
one specific setting. In other words, models should describe 
the dominant behavior of the system of interest and be robust 
to differences in spurious external factors. To achieve this, 
we can fit the model to multiple experimental datasets. 

 
2. Approach 

 
We used Bayesian inference to fit a steady state cellular 

signaling model [1] to multiple datasets (shown for two 
datasets in Figure 1A; one dataset with untreated cells and 
one dataset where cells were perturbed with kinase 
inhibitors). Before doing a joint inference with all datasets, 
we first tested whether the datasets are in agreement, given 
the model, by comparing the parameter estimates. 

 
3. Results 

 
We found that although many parameters are consistent 

between datasets, there are also cases where datasets strongly 
disagree about parameter values. Figure 1B shows two 
examples of parameters that agree (parameter 1 and 3) and 
one parameter that does not (parameter 2). Yet, a robust 
model should have one set of parameter values that can 
describe all experiments. 

This disagreement in parameter values may be the result 
of real biological differences in the respective experiments, 
such as differences in culture medium. It is not always 
possible to measure or control for every potential influencing 
factor however, and the present goal is to achieve a model 
that is robust to such differences. 

This also shows that standard Bayesian posterior distri-
butions can be overconfident: the posteriors overestimated 
the certainty in the parameters. If all uncertainty was appro-
priately accounted for, both posteriors should have at least 
some non-zero probability in regions where the other dataset 
has high probability and vice versa. 

Such overconfident posteriors can be corrected using a 
learning rate [2,3]. Since we have multiple datasets, we can 
search for the maximum learning rate that still keeps the 
disagreement within bounds (Figure 1D and E). In this way 
we can obtain the maximum amount of information from 
each dataset while ensuring that the posteriors are corrected 

for overconfidence. The resulting joint inference gives a 
posterior distribution that is robust across multiple datasets. 

 

 
Figure 1 (A) Approach to fitting a model to multiple datasets. (B) 

Posterior distributions of three parameters given two different datasets. (C) 
Overview of disagreement in all parameters. (D) Selecting an appropriate 

learning rate reconciles the disagreement in parameter 2. (E) With a 
learning rate of 0.44, parameters are no longer in disagreement. 

 
4. Discussion 

 
Standard Bayesian inference can give overconfident 

posteriors, but this can be remedied by incorporating an 
appropriate learning rate. Using multiple datasets we can 
determine an optimal learning rate by controlling the 
disagreement between datasets.  
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Koolen-de Vries syndrome (KdVs) is an intellectual 
disability syndrome characterized by a wide range of 
clinical features, including severe speech delay, hypotonia, 
epilepsy, heart defects and specific facial features. KdVs is 
caused by haploinsufficiency of the KAT8 regulatory NSL 
complex unit 1 (KANSL1) gene. This is caused by a 
heterozygous microdeletion at chromosome 17q21.31 
encompassing a region containing five genes including 
KANSL1, or by a truncating variant in KANSL1 alone. 
KANSL1 is part of the nonspecific lethal (NSL) complex 
involved in chromatin remodeling, thereby regulating gene 
expression. The downstream molecular mechanisms 
affected in KdVs patients remain unknown. Here we 
present a novel approach that combines gene expression 
and neuronal network measurements (MEA-seq) to study 
mechanisms underlying KdVs. 

We generated induced pluripotent stem cells (iPSCs) 
from fibroblasts of three KdVs patients and three healthy 
controls. Additionally, we introduced a loss-of-function 
mutation in KANSL1 in healthy control iPSCs using the 
CRISPR/Cas9 system to study its effect in an otherwise 
congenic background. iPSCs were differentiated into 
neurons (iNeurons) by forced expression of neurogenin-2 
(Ngn2) resulting in a homogeneous population of mature 
excitatory neurons within 30 days. Micro-electrode arrays 
(MEAs) were used to measure neuronal activity of 
iNeurons at different time points during differentiation.  

We are also interested in the transcriptional changes 
that underlie neuronal network phenotypes. Therefore, we 
optimized an RNA-seq method that can be used in 
combination with MEA experiments. The method is based 
on an RNA-seq method published by Cao et al. (2017)1. 

The RNA-seq library preparation consists of generating 
cDNA molecules from RNA molecules with a poly(A) tail 
and labeling them with a sample-specific barcode, followed 
by pooling of samples. Subsequently, transposon 5 
transposase is used for fragmentation of cDNA which at the 
same time inserts an adapter at the cut site, needed for 
further amplification and sequencing of molecules of 
interest. The ability to pool samples together allows us to 
screen a large set of samples at low cost.  

We have now combined this RNA-seq method with 
MEA experiments performed on 24-well plates to allow for 
semi high-throughput combined experiments (MEA-seq). 
This enables us to correlate changes in gene expression to 
specific network phenotypes. For Koolen-de Vries 
syndrome, biological processes underlying the functional 
phenotype can be identified which leads to better 
understanding of mechanisms underlying KdVs pathology. 
The MEA-seq approach can also be used to study neuronal 
phenotypes of any other neurodevelopmental disorder. 
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1. Introduction 
Molecular profiling technologies (omics) including genomics 
and transcriptomics are rapidly emerging as promising 
approach to personalize drug treatments. Statistical methods, 
such as the LASSO variable selection method, have been 
developed to identify biomarkers in a high-dimensional 
setting. In clinical applications, repeated measurements are 
common, which results in structured data. LASSO has been 
extended to include random effects estimation in high-
dimensional setting [1]. However, one important aspect not 
yet included in these models is the consideration of 
hierarchical interaction terms [2], which can be used to 
identify predictor interactions within or across omics datasets, 
or drug treatment-omics interactions. 
In the current study we first develop a tumor growth inhibition 
model for a large dataset of patient-derived tumor growth 
data. We subsequently implement a linear mixed model 
extension of the hierarchical group LASSO to facilitate 
identification of high-dimensional predictors including 
interactions from a multi-omics dataset derived from tumor 
biopsies. 
 
2. Approach 
Data: We demonstrate our methodological contribution using 
a large dataset of tumor growth curves derived from patient-
derived xenograft (PDX) experiments. A total of 3276 tumor 
growth profiles was generated from 174 unique patient-
derived tumors for which 54 anti-cancer drug treatments were 
evaluated as monotherapy or in combination [3]. For each 
tumor biopsy, high-dimensional transcriptomics (RNA) and 
copy number variations (CN) data was generated at baseline. 
 
Tumor growth inhibition model: A nonlinear mixed effect 
tumor growth model was implemented in NONMEM using 
ordinary differential equations [4]. The model included 
parameters for tumor growth rate (KG), and the treatment-
specific parameters for drug effect (KD) and a time-
dependent resistance development term (KR). Estimators of 
the KD and KR were extracted per PDX to serve as outcome 
in the LASSO. 

Hierarchical group LASSO implementation: Hierarchical 
group LASSO [2] was used to assess the relation of the drug-
specific outcome metrics (KD or KR) with respect to omics-
predictors (RNA and/or CN), the treatments, and their two-
way interactions; resulting in the simultaneous analysis of 
over one million effects. To reflect compound symmetry-
dependence between PDX data derived from the same tumor, 

we have extended the method of high-dimensional 
regularized interactions with a random intercept term [1], 
combining both techniques through iterative Expectation-
Maximization. 
 
3. Results 
Tumor growth inhibition model: The predictions of the tumor 
growth model were visually inspected. Curves with less than 
5 observations and biased fits were removed by putting a 
threshold on the absolute error and the covariance between 
the individual predictions (IPRED) and the measured tumor 
volume. The KD and KR of 2899 PDX tumor growth curves 
showed a good fit and were included in the second part of the 
analysis. 
Hierarchical group LASSO implementation: Our extended 
algorithm could successfully estimate a linear random 
intercept in the hierarchical group LASSO. We identified 
multiple interactions between drugs and CN variations 
affecting KD. For the treatments with LGH447, encorafenib 
and dacarbazine we identified interactions with specific CN 
variations. Positive interaction effects, such as the interaction 
between encorafenib and the gene HSF2BP show that tumors 
with a higher CN in HSF2BP have a better treatment 
response. A positive intra-tumor correlation of 0.2 was 
estimated, confirming that some tumors are more receptive to 
drug treatments than others. 
 
4. Discussion 
We implemented and applied the modelling of predictor 
interactions with the LASSO for extracting drug-response 
biomarkers and demonstrate the relevance of this method to 
identify interactions in high-dimensional omics datasets. The 
positive intratumor correlation shows the benefit of the 
proposed random effect extension. Our two-step approach 
allows many types of outcomes derived in the first step to be 
coupled to high-dimensional LASSO analysis in the second 
step. The linear mixed model extension allows modeling of 
dependent data such as encountered in repeated 
measurements. To this end, our approach is generalizable to a 
wide variety of applications in medical biology where 
identification of predictors from high-dimensional datasets is 
required. 
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1. Introduction 
 

The ongoing development of high-throughput 
technologies has generated large and complex data sets of 
different omics data. These data contain information on 
different layers, such as mRNA, microRNA, methylation and 
protein expression in different samples. It is believed that 
integration of these different platforms should lead to a more 
complete understanding of cellular events. Therefore, an 
appropriate computational method has to be selected. 
Previous studies have shown the promising results of 
detecting cluster of samples and features by applying 
Nonnegative Matrix Factorization (NMF)[1, 2]. Here, we 
propose a multi-layer NMF with a prior knowledge 
integration workflow to detect both inter and intra 
relationships in all layers of omics information. 

 
2. Approach 

 
The original NMF method proposed by Lee and Seung 

[3] consists of two update rules for the feature matrix W and 
the coefficient matrix H. During the last decade, a number of  
alterations have been proposed not only improving the 
classic NMF method, but also to advance to the stage of 
joint[4] and integrated NMF. Here, we propose a new update 
rule that updates H based on the different layers i of W (i 
number of omics platforms). It is expected that by updating 
the cluster coefficient matrix H based on Wi, clusters will be 
obtained that represent the total view of the sample’s 
biological status. To further increase the biological relevance 
of the predicted clusters, different initialization strategies for 
H will be tested to determine the added value of a priori 
knowledge. 
 
The new update rules for the integrated NMF will be tested 
with three different scenarios: i) binary data, ii) randomized 
binary data with noise, and iii) NCI60 cancer cell line 
data[5]. In each data set there are sample groups with distinct 
patterns, which allows us to test whether our proposed 
method can also identify these features and groups.  
 
As an additional test, a late data integration strategy (joint 
NMF) and middle integration strategy (integrated NMF) are 
compared to see which strategy outperforms the other and 
thus should be used for further analysis.   
 
 

3. Results 
 
Integration of the different datasets showed different 

results in terms of feature detection and clustering of 
samples. In scenario one, the toy dataset without noise, it can 
be observed that both the joint NMF integration and multi-
layer integration predict the same clusters. Here, it can be 
seen that both the late integration approach and middle 
integration approach have the same cluster stability. 
 
For the randomized dataset with noise it is observed that, 
when no prior knowledge is added to the initialization of the 
NMF problem, no clusters are found. However, if prior 
knowledge is used to initialize H, both the joint and 
integrated NMF approach identifies the clusters.   
 
4. Discussion 
 
For a perfect data set, thus noise free, both the middle and 
late integration perform well in identifying the clusters. This 
demonstrates the power of NMF in detecting clusters, but 
also shows that a middle integration strategy could be 
applied. It is of interest to further develop and improve the 
integrated prior knowledge NMF approach since this could 
give us new relationships in biological data. However, it 
should be taken into account that biological datasets are 
always noisy and therefore additions to the integrated NMF 
method should be made to correct for noise.   

 
The algorithm is being further improved and developed with 
the aim of reaching a point where it is stable and biologically 
relevant. Methods to combine feature matrices of different 
platforms should be added to build integrated networks that 
could be used to study the overall biological effects in more 
detail. 
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1. Introduction 

 
Cancer has become the most common cause of death 

especially in ageing Europeans. Therefore, there is a need for 
screening programs for early detection of cancer and methods 
for monitoring of treatment effectiveness to improve cure 
rates and increase quality-of-life. Nevertheless, in many cases 
the screening and monitoring methods do not provide 
sufficient sensitivity and specificity and/or are highly 
invasive. Thus, novel diagnostic techniques are required. 
Fortunately, there is nowadays a wealth of NGS data available 
for different models, such as for healthy tissues in genotype-
tissue expression (GTEx), cancer tissues in the gene 
expression omnibus (GEO) and the cancer genome atlas 
(TCGA), as well as protein expression data in the human 
protein atlas (HPA). We aim to identify markers that associate 
with a specific cancer and that can be used in a clinical setting 
for improved diagnosis and used Colorectal cancer as a proof 
of principle. 
 
2. Approach 

 
Nine microarray datasets in GEO were processed 

separately (retrieving signal intensities, normalization and 
removing outliers) and the expression levels in tumor and 
healthy samples were compared. Only genes expressed 
specifically in Colon tumor samples were obtained and called 
as Colorectal tumor signature. The genes with higher mean 
expression in healthy colon, esophagus, stomach and small-
intestine in GTEx dataset were obtained called as gastro-
intestinal tract (GIT) signature. The genes overlapping in 
these two signatures were considered as a colorectal cancer 
associated marker. The genes were further used as a classifier 
to detect the difference in their expression in between GIT 
tumors and other tumors in TCGA database. The detectable 
expression of these genes was also confirmed in HPA 
database. 

 
3. Results 
 

We identified 1521 genes commonly expressed in 
colorectal cancer from the analysis of nine GEO datasets 
comprising of 147 Healthy and 865 tumor samples (after 
removing outliers). From GTEx analysis we identified 157 
genes with higher mean expression in GIT healthy tissues. We 
identified only nine genes that were common in both gene 
signatures. This set of markers were differentially expressed 
in GIT cancers as compared to other cancers in TCGA 
database (Figure 1). We found that gene FABP6 from set of 
identified markers was previously known to be highly 
expressed in colorectal cancer [1]. This set of markers will be 
further tested for their presence in immune cells using flow 

cytometry and the contents of their phagolysosomes will be 
evaluated using Proteomics technique. 

  

 
Figure 1: The set of nine marker genes discriminates the GIT 
cancers as compared to other cancers in TCGA datasets. ‘COAD’ is 
colorectal cancer; ‘ESCA’ is Esophageal Cancer, ‘READ’ is Rectal 
Cancer, ‘STAD’ is stomach cancer and ‘OTHER’ comprises of all 
the other cancers recorded by TCGA. 
 
4. Discussion 
 

We introduce an approach that identifies a set of markers 
that are specifically associated to colorectal cancer. The 
tumors being undifferentiated are devoid of the markers 
related to functionally differentiated tissues [2]. For example, 
the markers with higher expression in healthy colon were 
downregulated in colon tumors, which indicates the clear 
disruption of the function of healthy colon. The choice of full 
GIT associated tissues have resulted in the collection of genes 
that are specific to GIT which might have associations to the 
common origin of these tissues and hence, directly impacted 
the choice of markers. 
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1. Introduction 
 

Shotgun proteomics is a powerful technology for the 
identification and quantification of proteins. As 
identification of intact proteins is technically changing, the 
identification in mass spectrometry (MS)-based shotgun 
proteomics experiments is based on the identification of the 
peptides that make up the protein, usually obtained through 
a digestion with trypsin or an alternative enzyme.  A 
common step to all shotgun proteomics approaches is the 
comparison of the obtained MS-MS fragmentation spectra 
to a library of theoretical spectra from peptides that are 
expected to be present in the sample. The choice of a 
peptide library to search MS spectra against is especially 
tricky in complex organisms since not all genes, transcripts 
and protein isoforms are known. The presence of genetic 
variation further contributes to the diversity of potentially 
present peptides. In most current approaches, the most 
complete possible library is created by incorporating 
translations of transcript sequences in multiple reading 
frames, accounting for alternative splicing and single 
nucleotide polymorphisms. However, the database size 
quickly balloons, causing increased false discovery rates. 
Meanwhile, sequence tag spectral search methods have 
become increasingly sensitive and are able to account for 
peptides that belong to proteins even without the variant 
being present in the library. 

 
2. Approach 

 

 
Figure 1. Workflow of the study. Personal transcripts will be made by 

integration of various high-quality sequencing and variant data on 
NA12878. An in silico digest of personalized transcriptome sequences is 

made with ANGEL ORF predictor and CP-DT to calculate probabilities of 
observing the peptides. MS spectra from the same cell line will be analyzed 

with sequence tag-based Ionbot and hits compared with the theoretical 
peptides. 

 

We investigate the extent to which it is advantageous 
to include cell-line specific peptides based on a 
personalized genome and transcriptome assembled from 
long sequencing reads relative to peptides from the 
reference genome in detection of protein isoforms in a 
sample. This study uses high-confidence nucleotide and 
amino acid sequences from the reference cell line NA12878 
to track the progress of de novo peptide spectrum matching. 
We employ a state-of-the-art implementation of a sequence 
tag-based algorithm, called Ionbot, to detect variations in 
matched peptides. 

 
3. Results 

 
We reveal the makeup of a proteome detected with 

data-dependent acquisition (DDA) using a super deep 
proteomics data set consisting of almost 4 million peptide 
matches to this cell line. About half the spectra were not 
identifiable in the library containing only the translation of 
the transcriptome for this cell line, and accuracy improved 
considerably by including the reference proteome in the 
search library. Approximately two-thirds of identifications 
from the combination library were matched to proteins from 
both the reference and the transcriptome, and the vast 
majority were in agreement on which gene the peptide 
originated from. 

 
4. Discussion 

 
Ability to detect informative peptides without extensive 

libraries would alleviate one of the biggest burdens in 
proteogenomics and suggest the focus of efforts in areas 
outside of spectral library creation. Further analysis will be 
performed using a more complete reference to get a clearer 
picture of the contribution of the transcriptome library on 
the interpretation of the proteome. Peptide matches from a 
library originating from the combination of reference and 
high confidence transcriptome will be compared to those 
from libraries without novel transcript information and 
without variant information to determine the extent to 
which a customized library is necessary. This research lays 
a foundation for future proteogenomic research where we 
intend to investigate the quantification of the relative 
abundance of different (allelic) isoforms of the proteins in a 
sample. 
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Finding genes for traits using systems genetics 

 

Abstract 

Genome editing promises to revolutionize plant breeding because it allows accurate and efficient 
modification of genes to improve crop traits. Both for large-scale plant phenotyping and genotyping, a 
range of high-throughput methods are becoming available, but there are no systematic methods to 
subsequently link the genes to traits, to find the targets for modification. A method potentially capable of 
this is Quantitative Trait Locus (QTL) analysis, which is used to identify genomic regions affecting a 
‘continuous’ trait (like plant height, or seed size). However, two main issues prevent QTL analysis from 
being used systematically: first, its low resolution, with identified DNA regions that can span hundreds of 
genes; and second, its lack of power when dealing with complex traits affected by many genes with possibly 
small effects. Here, we propose to solve the shortcomings of QTL analysis using a systems genetics 
approach to integrate biological knowledge on genomes. By combining gene annotation and genetic 
variation with gene expression and phenotype measurements, molecular networks underlying plant traits 
will be identified. These will serve to identify key regulatory genes and predict the effects of naturally 
occurring genetic variants. 
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1. Introduction 
 

Despite the success of individual omics analyses in the 
field of natural product discovery, metabolism is subject to 
complex regulation, and only integrating metabolomics, 
genomics and transcriptomics offers a holistic view of the 
process. Multi-omics allows researchers to acquire a more 
accurate understanding of metabolism and provides the 
ability to reduce type I and type II errors by reinforcing 
observations that lead to the prediction of metabolic 
pathways, and the genes, metabolites and enzymatic 
reactions involved in them[1]. When targeting specific 
genes/metabolites/pathways of interest, multi-omic 
strategies have been successful on various occasions[1], 
however, no systematic multi-omic method  has been 
developed for untargeted specialized metabolic pathway 
discovery in plants.  

 
2. Approach 

 
To tackle this challenge, we are developing a 

computational algorithm to study coupled RNASeq-MS/MS 
experiments to predict new pathways. The method analyses 
each dataset independently in different modules before 
integrating the results in a final network analysis module. A 
scheme of the proposed pipeline can be seen in Figure 1. 

The genomics module explores the genomic structures 
that may constitute functional BGCs based on the 
plantiSMASH algorithm. The results of this are displayed 
in a network showing BGCs, its genes, the protein families 
encoded by them, and the expected product type according 
to the identified enzymes. 

The transcriptomics module performs differential and 
co-expression analyses to identify co-expressed and co-
induced modules of enzyme-coding genes. The results of 
this analysis are used to generate a network showing 
concerted expression among genes, and the experimental 
condition that elicits them. 

The metabolomics module generates differential and 
co-abundance associations to identify which molecules 
appear at the same (or subsequent) time points or conditions 
as the candidate genes. Additionally this module also uses 
measures of molecular similarity to cluster metabolites that 
may be part of the same metabolic pathway, a strategy that 
has been applied by other tools before[2]. To link gene 
modules to molecule families identified with molecular 
networking, we are building a library of known enzymes 
and enzymatic functions that will be used to identify 
metabolites that are “one or a few defined enzymatic 
modifications” away from each other. The resulting 
network then visualize metabolites, the experimental 
conditions needed to elicit them, their similarity, the 
metabolites that may constitute a single pathway being 
expressed in each condition, and the expected enzymes 
required by each proposed pathway. 

The resulting metabolomic and transcriptomic networks 
will then be integrated in a network analysis module 
through nodes common in both networks, such as 
identified/expected enzyme families and metabolite types, 
and the experimental conditions that elicit them. 

 

 
Figure 1. Proposed pipeline to analyse and integrate data 

from the genome, metabolome and transcriptome into a network, 
resulting in metabolic pathway predictions. Gray arrows show the 
flow of the analysis. Red arrows represent data that will be 
directly displayed in the networks as nodes and edges. Pink 
arrows show the main network integration step. 

 
3. Expected Results 

 
The integrated network will provide a holistic snapshot 

of the transcriptomic and metabolomic processes occurring 
in the plant. Here, we will computationally identify 
network modules of concerted transcriptomic and 
metabolomic components that are likely to describe active 
metabolic pathways. Moreover, existing metabolic pathway 
libraries such as KEGG, WikiPathways and KNApSAcK 
will be used to identify metabolites and genes involved in 
known pathways within the network. The network modules 
formed by known pathways can be used to discover 
previously unidentified genes and metabolites involved in 
them, or act as “ground truths” to train a machine learned 
ranking or classifier to prioritize network modules (pathway 
predictions) with similar topological characteristics. 
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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 germinal centers (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 dynamical 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 can integrate these levels. We aim 
to develop a MSM that integrates the GC cellular 
dynamics with a GRN representing plasma cell 
differentiation. The MSM will contribute 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 at the molecular level. 
 
Approach  

The GRN is based on an existing model comprising 
ordinary differential equations (ODEs) (Martinez et al., 
2012). The GRN comprises three transcription factors 
(BLC6, IRF4, BLIMP1) either activate or inhibit each 
other.  An agent-based model (ABM) of the GC, 
representing the cellular level, was developed based on an 
existing model (Meyer-Hermann et al., 2012). It describes 
different B-cell behaviours in the GC including 
proliferation, somatic hypermutations (SHM), selection 
and differentiation. In the MSM we effectively embed the 
GRN in each B-cell represented by the ABM. The state of 
the GRN in each cell is determined by the BCR and CD40 
signalling pathways. These pathways are stimulated when 
centrocyte B-cells come in contact with the Ag or TFH 
cells and modulate their intracellular dynamics based on 
the contact duration and affinity. This may trigger the 
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, and 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 

The Hallmarks of Cancer1&2 provide a conceptual 
framework for describing the molecular processes involved in 
tumorigenesis. The hallmarks concepts are highly cited and 
extensively used, particularly in pan-cancer studies 
investigating the similarities and differences between 
multiple cancer types. However, the Hallmarks of Cancer are 
abstract representations of processes. In order to use them, 
researchers must first understand how their data maps to these 
broad concepts. This means individual gene products need to 
be mapped to one or more hallmark. Different studies address 
this mapping task using multiple methods. The most common 
being to map cancer hallmarks to known biological pathways 
or to specific Gene Ontology Biological Process terms. These 
activities are typically mediated by groups of experts, but 
there is no systematic way of achieving hallmark mapping and 
often no validation of the eventual hallmark gene assignment. 
As a result, the hallmarks of cancer may not represent a 
shared, common understanding at the data level.  

This project investigates the impact of different mapping 
methods on pan-cancer analysis results by reusing and 
reanalysing data and methods from a recent pan-cancer study 
(Uhlen et al, 2017). By simply changing the hallmarks 
mapping methods and keeping all other analysis components 
the same, we can assess the effects of this step on our overall 
interpretation of pan-cancer research results. 

 
2. Approach 

The process of mapping genes to cancer hallmarks is not 
described as part of the methods in most studies and therefore 
cannot be analysed. We identified only four publications and 
one published poster that explicitly described the process of 
mapping data to cancer hallmarks 3-7Papers published in the last 
6 years were considered to minimise the effects of changes to 
pathway databases and the Gene Ontology hierarchy. Uhlen 
et al mapped cancer hallmarks to biological pathways and all 
other publications mapped hallmarks to Gene Ontology (GO) 
terms. Semantic similarity measures showed that GO term 
assignment varied widely between methods. 

For each hallmark mapping method, we re-annotated the 
data from Uhlen et al, assessed the gene-set overlap and 
recreated the network analysis, co-expression analysis and 
functional enrichment experiments from the paper. 
  
3. Results 

Different hallmark mapping methods result in huge 
differences between cancer hallmark gene datasets, which 
leads to large differences in downstream analyses. A set of 
793 genes were identified as hallmark genes across all 
mapping methods, although some of these genes were 
actually mapped to different hallmarks.  
 
 

Network analysis results showed not only different 
network topology, but alterations in network hubs, prognostic 
and hallmark gene co-expression analysis revealed 
differences in the ratio of co-expression that ranged from 15% 
to 90%, and functional enrichment revealed an extra 15 
clusters of enriched genes.   
 

 
                     Figure 1: A Upset plot of hallmark gene set overlap 
   
4. Discussion 

Our results show that although the hallmarks of cancer 
concepts are broadly accepted and widely used, the way they 
are used is inconsistent. This leads to differences in 
definitions of what constitutes a hallmark gene and 
consequently affects what the collective set of hallmark genes 
can show us about similarities between cancers. Our study 
empirically demonstrates how variable and incomparable 
pan-cancer hallmark results can be and suggests potential 
approaches to developing more systematic methods for 
assigning hallmark characteristics at the data level. 
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1. Introduction

With  the  ever-growing  number  of  chemicals  that

require  toxicological  risk  assessment,  there  is  a  need  for
faster,  more  efficient  use  of  existing  data  to  assemble

effective assessment  strategies  [1].  Therefore,  the concept
of Adverse Outcome Pathways (AOPs) was introduced [2],

a framework to organize existing mechanistic  information
about toxicological processes into a chain of smaller pieces

of knowledge,  called  Key Events  (KEs).  These allow the
structuring  of  toxicological  knowledge  and  reduce  the

effort needed to capture all information before performing
risk assessment  [2,  3].  In order  to facilitate  a community

effort in gathering toxicological knowledge, the AOP-Wiki
was created by the European Commission JRC and the US

EPA.  To integrate  this  knowledge  base  more  easily  with
other  resources,  we  explored  the  use  of  semantic  web

technologies  to  link  AOP-Wiki  with  other  chemical  and
biological databases.

2. Approach

The  AOP-Wiki  provides  quarterly  permanent
downloads  for  the  full  database  XML

(https://aopwiki.org/downloads/). We parsed the AOP-Wiki
knowledge with Python 3.5 and the ElementTree XML API

and converted it into a semantic web RDF format,  which
allows  for  accurate  description  with  ontological

annotations,  including the AOPO, CHEMINF, and Dublin
Core. Chemical compounds are identified in the AOP-Wiki

with CAS numbers and biological processes with a variety
of ontologies,  e.g.  GO, Mammalian  Phenotype Ontology,

and Molecular Interactions ontology. These annotations are
used to create Internationalized Resource Identifiers.

To integrate  and test  the RDF, a variety of federated

SPARQL queries were written and executed in Blazegraph
(build version 2.1.4).

3. Results

We created an AOP-Wiki RDF scheme and converted
the  XML into Turtle  syntax.  The RDF was tested  with a

variety of SPARQL queries to answer biological  question
relevant to risk assessment, such as:

- What measurement / test-method information is available

for a given AOP?
- Which of the stressor chemicals on the AOP-Wiki can be

linked molecular pathways on WikiPathways?

4. Discussion

The  RDF  transformation  of  AOP-Wiki  content  can

assist  in  the  accessibility  and  expansion  of  toxicological
knowledge  by  allowing  semantic  interoperability.  The

created  RDF  of  the  AOP-Wiki  allows  the  querying  and
providing of additional information for stressor chemicals,

genes,  and  proteins  involved  in  KEs,  the  underlying
molecular pathways, but also for the applicability of AOPs

by  cell  types  or  species.  This  semantic  approach  allows
novel ways to explore the rapidly growing AOP knowledge

with every new publication related to toxicological studies.

There  is  work  in  progress  on  a  Virtuoso  SPARQL
endpoint Docker image to simplify the use of the data, and

integrate  the database in the OpenRiskNet e-infrastructure
to  provide  AOP  knowledge  useful  for  automated  risk

assessment workflows.
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Abstract 
 

Cells continuously control and regulate their metabolism 
in response to environmental fluctuations by adjusting 
metabolic fluxes. Since transitions in nutrients can give rise 
to population heterogeneity, we aim to develop tools to study 
metabolism at the single cell level using Saccharomyces 
cerevisiae as a model. In this context, an important player is 
free H+, which is involved in essential processes of the 
central metabolism1. We established that a ratiometric GFP 
based sensor (pHluorin)2 can be used to measure cytosolic 
pH during cell growth. Population-level pH responses, 
measured in a microtiter-plate spectrofluorometer, show that 
changes in glucose availability can result in large and rapid 
cytosolic pH changes. Using time-lapse microscopy and a 
microfluidic device we are able to measure intracellular pH 
dynamics under nutrient shifts at short timescale (minutes). 
Our results show cytosolic pH dynamics under feast-famine 
regimes (fig.1).  

 

 
Figure 1. Fluorescence ratio generated using BY4743 harboring pHluorin in 
a microfluidic device. (Data from Philipp Savakis)  
  
 

Additionally, most enzymes are pH sensitive. Depending 
on the level of such pH fluctuations, the activity of the 
glycolytic enzymes can change, determining glycolytic 
fluxes and how fast cells grow3. In order to understand how 
pH affects the global behavior of glycolysis/ethanol 
fermentation, we will measure kinetic parameters of the 
glycolytic/fermentative enzymes of S. cerevisiae in in vivo-
like conditions4. By generating quantitative data, we hope we 
can build a more realistic model of the central metabolism in 
yeast that can describe growth in dynamic environments. 
 
  
 

References 
 
1. Martínez-Muñoz, G. A. & Kane, P., "Vacuolar and plasma 

membrane proton pumps collaborate to achieve cytosolic pH 
homeostasis in yeast". J. Biol. Chem .(283): 20309–20319, 2008. 

2. Orij, R., Postmus, J., Beek, A. Ter, Brul, S. & Smits, G. J., "In vivo 
measurement of cytosolic and mitochondrial pH using a pH-sensitive 
GFP derivative in Saccharomyces cerevisiae reveals a relation 
between intracellular pH and growth". Microbiology (155): 268–
278, 2009. 

3. Dodd, B. J. T. & Kralj, J. M., "Live Cell Imaging Reveals pH 
Oscillations in Saccharomyces cerevisiae during Metabolic 
Transitions". Sci. Rep. (7): 1–12, 2017. 

4. de Winde, J. H. et al., "Measuring enzyme activities under 
standardized in vivo-like conditions for systems biology". FEBS J. 
(277): 749–760, 2010. 

 

mailto:b.teusink@vu.nl


Helis Academy - Post-graduation teaching project for data analysis and data stewardship 

Lauren J. Dupuis1, Christine Staiger2, Friederike Ehrhart1, Alexander Botzki3, Joke Baute3, Dragan Bosnacki4, Harold 
Weffers5, Chris T. Evelo1, and Celia W.G. van Gelder2  

1Dept. of Bioinformatics, NUTRIM, Maastricht University, Maastricht, The Netherlands 
2Dutch Techcentre for Life Sciences (DTL), Utrecht, The Netherlands 

3VIB Bioinformatics Core, VIB, Ghent, Belgium 
4Department of Biomedical Engineering, TU Eindhoven, Eindhoven, The Netherlands 

5 Department of Mathematics and Computer Science, TU Eindhoven, Eindhoven, The Netherlands 
E-mail: l.dupuis@maastrichtuniversity.nl  

 
1. Introduction 

Companies in life sciences are constantly looking for 
new talent to develop careers and hence enhance their 
business. However, there often exists a gap between the 
competencies of the candidates and those required to 
successfully fill a position in industry. Students are rarely 
“industry-ready” immediately following the completion of 
their degree. Furthermore, some jobs require specific skills 
that may not be part of the general academic curricula. To 
bridge that gap, training needs must be assessed and 
followed by an action to develop courses to address the 
training needs. The Health and Life Sciences Academy, or 
Helis Academy, was recently formed with ten partners in 
industry and academia from Flanders and the south 
Netherlands, funded by the EU (Interreg), working together 
to address the needs. The first set of data science training 
courses will be offered at the end of April 2019.      

 
2. Data analysis and stewardship as crucial elements of 
health and life science industry 

The industry in Life Sciences is and will increasingly 
become a crucial piece of the economy for both Flanders and 
the Netherlands. Well trained individuals in the region are 
indispensable for the workforce, so the types of training 
available must be tailored to the needs of the surrounding 
companies. The volume of information and data will only 
increase as more developments are made in life sciences, a 
clear indication of the importance of data science for 
companies. The Helis Academy has chosen data science as 
one of their targets for training and broken it down to four 
specific topics: omics data analysis, statistics, FAIR data 
stewardship, and machine learning.  

Omics data analysis facilitates understanding of 
processes in both healthy and diseased states in the human 
body. Through omics data analysis, targets for disease 
treatment can be found, making it a valuable tool for 
companies in life sciences. Companies also benefit from the 
knowledge of good statistical practices. Understanding of 
statistical methods and the proper presentation of data is 
critical for companies that will invest money in developing 
the outcomes from scientific studies. Further, FAIR data 
stewardship is necessary to ensure the (re)usability of data. 
Proper data curation, data preservation, and information on 
data provenance reduces costs of added experiments and 
allows the use of data for subsequent studies that may not 

have been considered at the time the data was collected. 
Machine learning is a valuable tool for spotting patterns in 
large data sets that would take humans years to sort through, 
making it a valuable tool when understanding the sheer 
volume of data available in life science fields. After 
identifying these four topics of interest for further training, 
the development and first edition of a modular course has 
been planned to train graduate students and job beginners. 

 
3. The Helis Academy Data Analytics & Stewardship 
course layout 

The Helis Academy theme of Data Analytics & 
Stewardship will start with organising a course at the end of 
April 2019 to provide data science training. The course will 
be given in four different blocks briefly summarized in 
Figure 1. The major training topics are listed for each block 
of the course. More information can be found at the Helis 
academy website (https://www.helisacademy.com/nl or 
https://www.bigcat.unimaas.nl/helis-academy/).      

 

 
 

Figure 1. Helis Academy data science course learning blocks.  
 

4. Outlook 
The April 2019 Helis Academy training will serve as a 

first test for the initiative. Upon its completion, the course 
will be critically assessed to determine where improvement 
is possible. A questionnaire has been sent to companies to 
inquire about their specific training needs. In addition, we 
are actively reaching out to companies for interviews about 
their challenges and training needs and for an inventory of 
possible company trainers. The feedback will be 
incorporated in subsequent versions of the course.  
Funding statement: Helis Academy is funded by Interreg 
Vlaanderen-Zuid Nederland, the Dutch province of 
Limburg, and the Flemish province of Antwerp. 
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Sufficient, high quality data steward capacity in projects and institutes is one of the requirements for 
FAIR data management and research in the field of personalised health. In a ZonMw funded project 
of UMCG, UMCU, Radboudumc, Radboud University and DTL, supported by the relevant national 
stakeholders, we are working to make the data steward function concrete, to create consensus on 
the function and required competencies and to develop tailored education. 

The overall project aim is to professionalise the data steward function within the life-sciences 
domain, with a special focus on the implementation of the FAIR data principles. The project will 
deliver a community endorsed description and an agreement on knowledge, skills and competencies 
of a data steward that is broadly supported within the Dutch life-sciences community. These 
knowledge, skills and competencies will be translated into concrete learning objectives, which in turn 
will be used to develop an education line for data stewards (including a design for an eLearning 
module).  The 1-year project is  executed by a core team in close collaboration with a consultation 
committee consisting of representatives of the main stakeholders in the domain. Sustainable 
implementation and alignment with existing education is ensured by close collaboration with e.g. 
LCRDM, NFU Data4lifesciences, the HANDS handbook, DTL and with data education at HBO 
institutes.   

The first deliverable, a  Life-sciences data steward function matrix, has been published on Zenodo 
(DOI: 10.5281/zenodo.2561723) and is based on an analysis of existing competency frameworks for 
data management and stewardship and recently published reports such as the EOSC pilot, EDISON 
and Purdue competences, complemented with a review of over 40 published vacancies texts and 
experiences of persons working as data experts. All project outputs will be shared with the 
community on https://zenodo.org/communities/nl-ds-pd-ls/about/.  
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1. Introduction

Life science research increasingly depends on computa-

tional skills that enable efficient work with large complex

datasets. Unfortunately, formal curricula often lack train-

ing in this area. There is a need for specialised training

that includes topics like shell scripting, basic programming

skills in R or Python, data handling, reproducible compu-

tational research and open science.

2. Results

DTL/ELIXIR-NL (Dutch Techcentre for Life Sciences),

The Netherlands eScience Center (NLeSC), 4TU Centre

for Research Data and TU Delft, work together towards

developing the training capacity that fills this skills gap.

The initiative started in 2015 with the ELIXIR Software

and Data Carpentry (SWC/DC) pilot project. Shortly after

that, the Netherlands eScience Center became a SWC/DC

member organisation and since then the first SWC/DC in-

structors in the Netherlands have been certified. In January

2016 the first workshop Essential Skills in Data-Intensive
Research based on Software and Data Carpentry Curricula

took place in Utrecht.

Since 2016 the initiative has been actively delivering

training, building the instructor community and strength-

ening the collaboration with Sofware Carpentry and Data

Carpentry Foundations (and with the Carpentries founda-

tion after 2017).

The undertaken training activities are based on the Car-

pentries training model and the close collaboration with

Foundation(s) is essential. In September 2016 Jonah Duck-

les, at that time an executive director of SWC, visited the

Netherlands and discussed with several Dutch stakeholders

how the Foundation can work together with the Dutch re-

search community. Shortly after the Netherlands eScience

Center extended the SWC/DC affiliation, with a focus on

instructor capacity building. Moreover ELIXIR-Europe,

following the successful SWC/DC ELIXIR pilot, estab-

lished an agreement with the Carpentries which allowed

for up to forty workshops and three editions of the instruc-

tor training delivered in the period of two years. The aim of

this partnership is to give the Carpentries a kick-start in the

twenty-one ELIXIR nodes. tart in the twenty-one ELIXIR

nodes.

Recently the 4TU Centre for Research Data, in the ini-

tiative led by TU Delft Library, has been active in building

the capacity to teach Software Carpentry and Data Carpen-

try workshops. The organisation has run its first workshop

in December 2018, have trained one instructor since then

and will hold the second workshop at the end of March.

With the plan to run regular workshops across four tech-

nical universities (Eindhoven, Delft, Twente and Wagenin-

gen) 4TU have signed a membership arrangement with the

Carpentries. It will train six Data Stewards to teach at fu-

ture workshops.

The key to making this initiative sustainable is estab-

lishing a local community of active instructors. Currently,

there are 20 certified instructors in the Netherlands. There

are also two certified Instructor Trainers.

3. Discussion

We continue to build a sustainable training program and

trainers base spanning the Netherlands. Multiple work-

shops have been taught in the past year and more are

planned in the near future. The initiative focused on

strengthening the collaboration with SWC/DC Foundations

and building the community of active instructors and other

contributors.
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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 ELIXIR node. In line with these focal points, a significant  
part of our training activities can be categorized as “FAIR Data Training”.  
  
Examples are: 

● Helis Academy, a project targeting companies in the Life Science sector, that is set out 
to improve training the skills in Data Analysis & Stewardship for both new staff and 
existing staff (lifelong learning). 

● Working on establishing  the the competences and skills for the data stewards in the life-
sciences, and develop tailored education.  

● FAIR awareness, FAIR metrics and FAIRification trainings on different levels depending 
on the audience (in collaboration with our funders), 

● the ELIXIR Data Stewardship wizard, in collaboration with Czech ELIXIR node 
 

 
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 Group), as 
well as our involvement  in setting up research support desks at the Academic Medical Centres 
in the Netherlands. 
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1. Introduction 
 

Mixed infections of Mycobacterium tuberculosis (MTB) 
continue to complicate tuberculosis diagnosis. Previous 
research has suggested that mixed MTB infections account 
for up to 30% of cases. However, the real incidence is 
largely unknown. The exact relationship between mixed 
infections, resistance, heteroresistance, and treatment 
outcomes remains unclear. Additionally, preliminary 
incidence rates have largely been estimated using molecular 
genotyping techniques, which lack the sensitivity and 
resolution to accurately estimate the multiplicity of MTB 
infections. In contrast, whole genome sequencing (WGS) 
offers an in-depth view into the genetic composition of a 
sample and can capture genetic information from individual 
strains.   

 
2. Approach 

 
Here we present a global meta-analysis of more than 

30,000 publically available whole genome sequencing 
datasets of MTB. Using a recently developed algorithm, we 
were able to identify and quantify individual MTB strains in 
each sample. In addition, we compared meta-data available 
for each sample, such as the sample location, its phenotypic 
drug susceptibility, and method of DNA extraction, with its 
genetic resistance markers and strain specific profiles. 

 
3. Results 

 
Ultimately, our results show that mixed MTB samples 

occur across a wide degree of studies, present in virtually 
every continent and area where TB is endemic. On average 
mixed MTB samples can be found in 9% of all samples. 
Therese mixed infections often co-occur with  
heteroresistance, which might explain poor treatment 
outcomes for these patients. We also observe the 
identification of mixed infections in samples cultured from 
single colony isolates, suggesting that this culturing method 
does not rule out the presence of multiple strains. More 
importantly are results show that such a culturing method 
may lead to underestimates of the internal MTB diversity. 

 
 

 
 

 

 
Figure 1. Percentage of mixed samples per publically 

available dataset. 
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1. Introduction 

Rare sporadic (de novo) pathogenic variants are a major 
cause of developmental disorders such as intellectual 
disability (ID) and autism spectrum disorders.1 Using next 
generation sequencing strategies, a disease-causing genetic 
variant can now be identified in ~60% of individuals with ID. 
In 30-40% of cases, ID is observed as part of a broader 
syndrome consisting of facial dysmorphology in conjunction 
with additional congenital abnormalities.2 Despite the 
distinctive, although sometimes subtle facial features, 
phenotyping of individuals with ID (and their parents) 
currently relies on a clinician’s ability to recognize a 
syndrome based on its related dysmorphology. 

We investigate whether algorithms can be used to detect 
if a facial gestalt is present for three novel ID syndromes and 
if these techniques can help interpret variants of uncertain 
significance. 

 
2. Approach 

Facial features were extracted from photos of ID patients 
harboring a pathogenic variant in three novel ID genes as well 
as a validation set using two computer vision algorithms: the 
‘Clinical Face Phenotype Space’3 and ‘OpenFace’4. The 
resulting features were combined into a hybrid model to 
compare the three cohorts against a background ID 
population.  

The validation set consisted of 71 facial photos of 
Caucasian individuals with Koolen-de Vries syndrome 
(KdVs) (OMIM ID:610443), a syndrome with a known facial 
gestalt. For each patient, one ID control was selected 
matching in gender, ethnicity and age (measured in years).  

Three test sets were collected, each containing photos of 
Caucasian individuals with variants in a specific novel ID 
gene (PACS1 (Schuurs-Hoeijmakers syndrome, OMIM 
615009) (N=14), PPM1D (OMIM 617450) (N=11) and PHIP 
(OMIM 612870) (N=16)) and matched ID controls. For each 
patient five ID controls were selected matching in gender, 
ethnicity and age (measured in years). 

 
3. Results 

 

We validated our model using images from 71 
individuals with Koolen-de Vries syndrome, and then show 
that facial gestalts are present for individuals with a 
pathogenic variant in PACS1 (p=8×10-4), PPM1D 
(p=4.65×10-2) and PHIP (p=6.3×10-3). Moreover, two 
individuals with a de novo missense variant of uncertain 
significance in PHIP have significant similarity to the 
expected facial phenotype of PHIP patients (p<1.52×10-2) 
(Figure1). 

 

 
 

Figure 1. Distribution of the hybrid facial features in the (A) 
PACS1, (B) PPM1D and (C) PHIP datasets. Four individuals with a 
missense variant of uncertain significance in the PHIP gene are 
compared to 12 individuals with a loss-of-function variant in PHIP 

 
4. Discussion 

The interpretation of genetic variants after genome-wide 
analysis is complex in heterogeneous disorders such as 
intellectual disability (ID).  Our results show that analysis of 
facial photos can be used to detect previously unknown facial 
gestalts for novel ID syndromes, and aid the interpretation of 
variants of unknown significance, which will facilitate both 
clinical and molecular diagnosis of rare and novel syndromes. 
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Expected	and	observed	genotype	complexity	in	prokaryotes:	
correlation	between	16S-rRNA	phylogeny	and	protein	domain	
content		
Jasper	J.	Koehorst,	Edoardo	Saccenti,	Vitor	Martins	dos	Santos,	Maria	Suarez-Diez*,	Peter	J.	Schaap 

The	omnipresent	16S	ribosomal	RNA	gene	(16S-rRNA)	is	used	to	identify	and	classify	bacteria	though	it	
does	not	take	into	account	the	distinctive	functional	characteristics	of	taxa.	We	explored	functional	
domain	landscapes	of	over	5700	complete	bacterial	genomes,	representing	a	wide	coverage	of	the	
bacterial	tree	of	life,	and	investigated	to	what	extent	the	observed	protein	domain	diversity	correlates	
with	the	expected	evolutionary	diversity,	using	16S-rRNA	as	metric	for	evolutionary	distance.	 

Domain	analysis	showed	that	83%	of	the	bacterial	genes	code	for	at	least	one	of	the	9722	domain	classes	
identified.	By	comparing	clade	specific	and	global	persistence	scores,	candidate	horizontal	gene	transfer	
and	signifying	domains	could	be	identified.	16S-rRNA	and	functional	domain	content	distances	were	used	
to	evaluate	and	compare	species	divergence	and	overall	a	sigmoid	curve	is	observed.	Already	at	close	
16S-rRNA	evolutionary	distances,	high	levels	of	functional	diversity	can	be	observed.	At	a	larger	16S-
rRNA	distance,	functional	differences	accumulate	at	a	relatively	lower	pace.	 

Analysis	of	16S-rRNA	sequences	in	the	same	taxa	suggests	that,	in	many	cases,	additional	means	of	
classification	are	required	to	obtain	reliable	phylogenetic	relationships.	Whole	genome	protein	domain	
class	phylogenies	correlate	with	and	complements	16S-rRNA	sequence-based	phylogenies.	Moreover,	
domain-based	phylogenies	can	be	constructed	over	large	evolutionary	distances	and	provide	an	in-depth	
insight	of	the	functional	diversity	within	and	among	species	and	enables	large	scale	functional	
comparisons.	The	increased	granularity	obtained,	pave	way	for	new	applications	to	better	predict	the	
relationships	between	genotype,	physiology	and	ecology.	 

 

Distance	comparison	of	the	16S-rRNA	gene	with	the	functional	diversity.	A)	Distribution	of	domain-based	distances.	B)	
Schematic	representation	of	the	three	stages	of	diversification.	1)	a	fast-short-term	evolution,	as	evolutionary	distances	
measured	by	16S-rRNA	remain	small,	while	functional	diversification	has	already	taken	place.	2)	long-term	evolution,	in	
which	functional	diversification	occurs	at	a	scale	compatible	with	diversification	by	16S-rRNA	sequence	evolution.	3)	The	
distance	of	the	16S-rRNA	remains	behind	the	functional	diversity	as	the	16S-rRNA	distance	can	only	diverse	so	far	
without	loss	of	function.	C)	Comparison	between	pairwise	16S-rRNA	distances	and	pairwise	functional	distances.	D)	
Distribution	of	16S-rRNA	based	distances.	 
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1. Introduction

The genetic code, which de�nes the correspondence
between codons in the DNA and amino acids is  degenerate,
meaning that multiple codons can specify the same amino
acids and this makes the genetic code more fault-tolerant for
point mutations. Since synonymous codons are not used
equally and randomly this results in a codon usage bias
which has been related to di!erences in gene expression,
translation e#ciency and accuracy.
Here, we have analyzed codon usage bias in almost

5000 bacterial genomes. The objective  is to understand how
codon usage varies in bacterial taxa and how it is related
with protein domain content which represents conserved
parts of protein sequences and a structures that can evolve, it
has functionality and it can exist independently in contrast to
the part not associate to the protein domain.

2. Approach

 We downloaded 4868 bacterial genomes from the
NCBI. They were annotated using SAPP1 to identify PFAM
domains. Results were stored in an RDF database.
Information about taxonomy was retrieved from NCBI.
A new and robust algorithm was developed to compute

the reference weight tables based on OPTIMIZER2. These
weigh tables were used to compute the codon adaptation
index (CAI) of the considered sequences.  

3. Results
Each bacterial genome is represent by a 59-dimensional

vector, with values corresponding to the 59 codon weights.
Distance between organisms within each taxonomic group
(phylum, class, order, family and genus) and between
groups was computed. We took into account, in every
taxonomy level, three groups with the largest number of
members. As shown in Figure 1, in almost all cases, the
median distance within groups is smaller than the distance
between groups, indicating that organisms belonging to the
same group have more similar codon usage. 
We compared mean CAI values in genome regions

coding protein domains and in protein regions between
domains. We considered only the genes with at least two
domains. Regions within domains have consistently higher
CAI values than regions between domains (Figure 2). 

Figure 1. Box-plots of the relation between relative 
adaptiveness in order of taxonomy level.

       

Figure 2. Mean  CAI value in domains vs mean CAI vale

between domains for 4868 bacterial genomes.

4. Discussion
We show that codon usage is strongly associated with

the taxonomic levels in bacteria, and that clear di!erences
exist in codon usage within and between protein domain
regions with mean CAI in protein domains being higher than
mean CAI between protein domains. 
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1. Introduction 
 

Determining accurate genotypes is important for 
associating phenotypes to genotypes. The DNA sequence of 
plant crops can be used to link agronomic traits to genome 
regions which can help to develop improved crop varieties 
for agriculture purposes. De novo genome assembly is a 
critical step to determine the complete genotype. 

The main challenges of de novo genome assembly, 
particularly for plants, are repetitive DNA sequences and 
polyploidy within their genome. The introduction of third 
generation sequencing and long reads has promised to 
resolve repeat-related problems. While there have been 
notable improvements, reads originating from these repeats 
are still introducing assembly mistakes because they 
introduce false overlaps in the assembly graph. 

 
2. Approach 

 
This work focuses on detecting repeat induced overlaps 

and improving performance of existing de novo assembly 
methods. Removing repeat induced overlaps leads to a 
cleaner graph in de novo assembly process and produces 
higher quality assemblies. For this purpose, a machine 
learning classifier is trained to detect repeat induced overlaps 
and remove them from the set of overlaps before assembly 
process. 

 
3. Results 

 
The method is tested on simulated genomes for two 

species: yeast and potato. We show that assembly 
performance of miniasm improves with our intervention 
without modifying the assembly algorithm. Figure 1 shows 
assembly graph of yeast before removing the repeat induced 
overlaps. 

 

 
Figure 1 Representation of the assembly graph of yeast 

before removing repeat induced overlaps. The blue dots are 
reads, black edges represent normal overlaps and the red 
edges represent repeat induced overlaps. 
 
4. Discussion 

 
This study shows that it is possible to improve 

performance of the existing assembly methods by removing 
repeat induced overlaps before starting the assembly. 

While the effect is minimal in yeast, we expect that the 
impact is much more pronounced in organisms where repeats 
are much more prevalent, such as plants. 
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1. Introduction 
 

Clostridioides difficile (Clostridium difficile) is an 
important enteropathogen, causing more than 120.000 
infections per year in the European Union. Many studies 
have employed whole genome sequencing to identify factors 
that contribute to virulence and pathogenesis. Though 
extrachromosomal elements such as plasmids are important 
for these processes in other bacteria, the few characterized 
plasmids of C. difficile have no relevant functions assigned 
and no systematic identification of plasmids has been carried 
out to date. We conducted an in-silico survey of publicly 
available C. difficile whole genome sequencing data with the 
goal to discover plasmids and functions potentially related to 
virulence and epidemicity. 

 
2. Approach 

 
The National Center for Biotechnology Information 

database was queried for Sequence Read Archive runs of C. 
difficile consisting of paired-end Illumina data. The resulting 
~5400 runs were downloaded, analyzed with KmerGenie and 
assembled with Velvet. The assembly graph was parsed with 
NetworkX to detect replicons that were clearly separated 
from the chromosomal assembly. All separated replicons 
with a coverage exceeding 1.5 times that of the chromosome 
were considered as plasmids or other epichromosomal 
replicons (inspired by the approach used for PLACNET, 
Lanza et al., 2014). Multi Locus Sequence Types (STs) were 
derived via MLSTcheck, and comparative analysis was 
performed with pyANI and Mauve. Annotation was 
performed with an inhouse pipeline, with InterproScan as the 
main component. CRISPR spacers and repeats were 
predicted with the CRISPR recognition tool (CRT). 

 
3. Results 

 
5336 genomes could successfully be assembled, and 

1066 epichromosomal replicons could be retrieved. Most 
samples (452) contained one epichromosomal element, with 
six being the most found. 100 elements could be assigned to 
the technical spike-in phage phiX, and 744 were similar to 
known plasmids and phages of C. difficile. Within the 
remaining 222 elements, 5 different classes could be 
detected, and an additional new subclass was discovered in 
the known plasmids. Functional annotation revealed mainly 
plasmid replication and DNA processing/maintenance 
related functions. Various interesting functions were found 
within the smaller groups. One class of elements contained a 

gene coding for the zonula occludens toxin, a virulence 
factor which is implicated in different gut diseases. We also 
found two different plasmids carrying potentially tetracycline 
and aminoglycoside resistance, and one plasmid was 
identified as potentially carrying a gene cluster for 
bacteriocin biosynthesis. 

The analysis of plasmid presence revealed an uneven 
distribution over different sequence types. While some 
sequence types had on average more than 1 plasmid, the 
clinically relevant STs did not seem to carry many. STs 
belonging or related to ST 1 and 11, which correspond to the 
clinically relevant PCR ribotypes 027 and 078, contained 
hardly any plasmids (24 within 1821 samples). Most of these 
were also identified as potentially being phages, and not 
actual plasmids. 

We further analyzed if this uneven distribution is maybe 
related to the abundance of CRISPR spacers in the C. 
difficile genome. We did not find any association between 
abundance of plasmids and abundance of CRISPR spacers, 
but were able to identify that considerably more spacers were 
targeted against the classes consisting out of bacteriophages. 

 
4. Discussion 

 
Here, we present the first comprehensive an in silico 

survey of plasmids in C. difficile. Our major findings are that 
plasmids are abundant (~13% of all genomes analysed), 
strains can simultaneously carry 2-6 ECEs from different 
families, and that there appear to be at least 6 families of 
plasmids that have not been characterized yet.  

It is also intriguing that the epidemic and more virulent 
STs did not seem to carry many plasmids. While we 
identified plasmids, which could potentially aid virulence, 
these also seem to be less prevalent in the population. This is 
in contrast to other organisms, where carriage of plasmids is 
normally correlated with virulence and epidemicity.  
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1. Introduction 
Strokes are responsible for, on average, 1 in every 20 deaths 
in the United States. 87% of all strokes are ischemic in nature; 
caused by a blockage of blood flow to the brain. While 
ischemic stroke (IS) tends to affect those older than 65 years 
old and has a number of known comorbidities, including type 
2 diabetes and smoking, the affected population is a 
heterogeneous group in terms of age, sex, ancestral 
background, and socioeconomic status. 
 

While neurologists and researchers agree on the delineation 
of ischemic stroke into three primary categories 
(cardioembolic stroke, CE; large artery atherosclerosis, LAA; 
and small artery occlusion, SAO), multiple  systems have 
been developed to determine what type of ischemic stroke a 
patient has potentially had. Currently, two clinical subtyping 
systems exist: TOAST, questionnaire-based; and CCS, based 
on clinical knowledge that incorporates imaging results. CCS 
has two sub-classification systems: CCS Causative (CCSc), 
where only one subtype is assigned to each patient; and CCS  
phenotypic (CCSp), which allows for multiple competing 
subtypes. Previous work indicates that TOAST and CCS have 
moderate concordance in assigning subtypes in patients: 
agreement is lowest in SAO and highest in LAA. Notably, 
both subtyping systems still place more than one third of all 
samples into an ‘undetermined’ category. 

 
2. Approach 
If a group of cases consists of genetically heterogeneous 
samples with different genetic risk modifiers for the same 
disease, power to detect a statistically significant association 
at any given single nucleotide polymorphism (SNP) is 
reduced. To find a group of cases within the heterogeneous 
case population that is genetically homogeneous while still 
maintaining a decent sample size, we investigated different 
ways of defining an individual as a case. We used the SiGN 
dataset (13,930 IS cases and 28,026 controls), with TOAST, 
CCSc and CCSp subtyping systems used for the cases. We 
define two new phenotypes: 1) the intersect, for which an 
individual must be assigned the same subtype across all three 
subtyping systems; and 2) the union, for which an individual 
must be assigned a subtype by at least one of the subtyping 
systems. The union phenotype yields the largest sample size, 
thereby potentially improving power through larger samples. 
In contrast, the intersect may be more phenotypically 
homogeneous than the union and therefore may be more 

genetically homogeneous as well, containing ischemic stroke 
cases that share the same genetic risk modifiers, thereby 
improving power to detect new loci despite the reduced 
sample size.  
 
3. Results 
SNP-based heritability (h2) estimates for the five case 
definitions show that the intersect yields a higher h2 estimate 
(fig1) in all ischemic stroke subtypes, suggesting more 
common genetic variation (minor allele frequency > 10%) 
underlies the intersect phenotype. Replication in a previously 
published large-scale IS subtype GWAS  (MEGASTROKE, 
60,341 IS cases and 454,450 controls) shows that odds ratios 
found in the intersect GWAS are most similar to odds ratios 
in MEGASTROKE (fig2). Furthermore, using the CCSc 
respectively the intersect phenotype (the two most strict case 
definitions), we find two loci to be significantly associated 
(rs10029218, an intron of CAMK2D, OR= 1.27, p =1.2e-8, 
rs11065979, an eQTL of ALDH2, OR= 1.13, p =9.4e-9) to 
SAO, of which CAMK2D was previously reported as a 
tentative locus and ALDH2 is new. 
 

 
 
 
 
 
 

4. Discussion 
Phenotype definition for GWAS of complex traits, like IS, is 
an often-encountered issue in many fields of study; 
diagnosing and subtyping methodology has most often not 
reached consensus. Here we show, that using the intersect of 
the subtyping methods creates a more genetically 
homogeneous trait definition yielding increased heritability 
estimates, and provides increased power to replicate known 
hits and detect new loci. 

Fig1: h2 estimations from BOLT-REML. 
Significant differences at a=0.005 
(Bonferroni correction for 10 comparisons) 
are indicated with **, a=0.05 with * 

 

Fig2: odds ratios of the RGS7 locus 
in the five case definitions under 
study, for CES: C=CCSc, P=CCSp, 
T=TOAST, I=intersect, U=union. 
OR in MEGASTROKE is indicated 
with the black line. 
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1. Introduction 
 

Osteoarthritis (OA) is a complex heterogeneous joint 
disease resulting from a combination of risk factors, such as 
age, genetics and obesity1. OA consists of diverse subtypes2, 
making it challenging to develop efficient treatments. Here, 
we expose two subtypes of OA based on transcriptome 
analysis and tracked possible different underlying OA 
pathophysiological processes.  

 
2. Approach 

 
This study includes N=103 primary OA patients (68 

knees and 35 hips), who underwent a joint replacement 
surgery (RAAK-study3). Macroscopically unaffected 
(preserved) and lesioned OA articular cartilage were 
collected and RNA was sequenced using Illumina 
HiSeq2500/4000), leaving 45 lesioned OA and 56 preserved 
OA after quality control. To expose subtypes of the 
preserved cartilage transcriptome, we performed 
unsupervised hierarchical clustering (UHC) analysis 
separately in preserved and lesioned cartilage samples. To 
identify the ideal number of genes for clustering, we 
compared four different gene ranking methods: (1) PCA-
based; (2) Variance-based; (3) Polynomial regression of the 
mean and standard deviation4; (4) Coefficient of Variation 
(CV) score4. To identify the optimal number of clusters we 
used the Dynamic Tree Cut and Silhouette width score 
methods. Normalization and differential expression analysis 
between clusters were performed with DESeq2 R package. 
Genes with False Discovery Rate (FDR) correction < 0.05 
were considered significant. Pathway enrichment analysis 
was performed for the significantly differential expressed 
genes using enrichR. 

 
3. Results 

The top ranked 1000 genes based on CV score gave the 
best clustering results. Therefore, we used these genes to 
perform UHC analysis on RNA-seq data from primary OA 
patients. Using the Dynamic Tree Cut and the Silhouette 
width score methods, we identified two subgroups of OA 
patients of respective N=41 (cluster-A) and N=15 (cluster-B) 
(Fig.1). Stratified analyses showed that these clusters were 
independent of tissue status (preserved – lesioned) or joint 
site (hip – knee). Pairwise differential expression analyses 
between preserved and lesioned OA cartilage in cluster-A 
and cluster-B separately, showed 3178 significantly 
differentially expressed genes for cluster-A, and 220 for 

cluster-B. Pathway enrichment analysis on each cluster found 
an enrichment of 45 GO terms (FDR < 0.05) on cluster-A, 
including skeletal system development (FDR=5.8x10-9) and 
extracellular matrix organization (FDR=6.0x10-4). In cluster-
B, we found 99 GO terms significant enriched, including 
insulin-like growth factor receptor signalling (FDR=6x10-4).  
 

 
Figure 1. Heatmap showing unsupervised hierarchical clustering of the OA preserved 

cartilage. 
 
4. Discussion 

Based on the cartilage transcriptome we identified two 
major OA subtypes. Moreover, we were able to successfully 
cluster OA patients based on a limited set of genes. Pathway 
enrichment analysis showed an increase of well-known OA 
pathways in both clusters (e.g. extracellular matrix 
organization was the second highly significantly enriched 
pathway for cluster-A). These findings has potential 
implications for further patients stratification, which will 
contribute to develop personalized treatment strategies. 
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1. Introduction 
The intron-exon structure in eukaryote genes adds a lot of 

complexity in their transcription, without offering an obvious 
benefit. Upon closer inspection, the mRNA splicing during 
transcription enables the exons to function as independent 
structures [1]. This allows the cell to recombine the exons of 
a gene with exon shuffling and alternative splicing, events 
that occur in 20% of plant genes [2]. This gene structure also 
plays a key role in gene evolution, since introns and exons are 
often duplicated and introduced to other genes [3]. These facts 
suggest that there is an evolutionary advantage in the 
conservation of the intron-exon structure of genes. 

In this project we have created a pipeline to uncover the 
conservation of intron-exon structure across plants species, in 
conjunction with their sequence divergence. This approach 
can be also applied in the prediction of the intron-exon 
boundaries in transcriptomic sequences, by utilizing the 
information available from other plant species. 

2. Approach 

The first goal was to evaluate the conservation of the 
intron-exon boundaries between orthologous genes. To this 
end, we created a pipeline utilizing existing tools and a set of 
custom scripts in python3: (i) the plant protein sequences are 
assigned to orthologous groups with Orthofinder [4], (ii) their 
gene sequences are then parsed from the plant genomes, (iii) 
to perform a multiple sequence alignment (MSA) with 
Clustalo [5], (iv) comparing the intron position in the aligned 
sequences and validating the results with the intron positions 
in the reference genome annotations (Figure 1).  

A similar pipeline was used to predict the intron-exon 
boundaries in transcriptomic sequences, which were first 
translated to protein sequences. 

 
Figure 1. Pipeline to research the conservation of intron-exon 
boundaries using the tools Orthofinder and Clustalo. 

3. Results 
 The evaluation was performed with three groups of plants 
(Brassicaceae, Solanaceae, Cucurbitaceae). The single copy 
orthologous genes between the species have at least 90% of 
their introns preserved, while all the genes have at least 80% 
of their introns preserved. A threshold was observed when the 
species diverged further than the distance of 0.3 protein 
substitutions per site (pss), with less than 50% of intron 
positions being preserved.  

Using the transcriptome of Solanum lycopersicum as a 
query, up to 95% of intron position can be accurately 
predicted, while the accuracy drops significantly with species 
distances greater than 0.3 pss. The predictions are divided into 
four categories: (i) misaligned when there is ≤10 nt difference 
between prediction and annotation, (ii) not found when the 
introns in the annotation are not predicted, (iii) false positive 
when the predicted introns are not found in the annotation, 
(iv) aligned when the intron position is identical between the 
prediction and annotation (Figure 2). 

 
Figure 2. Predicted percentage of the annotated introns of 35,400 
Solanum lycopersicum coding sequences, from the annotation of five 
Solanaceae species. Their proteomic distance from S. lycopersicum 
is indicated in protein substitutions per site (pss). 

4. Discussion 
The results of this project indicate that the intron-exon 

boundaries are preserved in orthologous genes, supporting the 
argument that their presence is beneficial [1], [2].  When the 
exons are preserved independently and translate in a complete 
protein substructure, they are utilised by the cell in different 
combinations, creating a wide variety of protein structures. 
Additionally, these results show that the prediction of intron-
exon boundaries in transcriptomic sequences from related 
sequences is possible. This will aid future research projects 
where a reference genome for a plant is not readily available. 
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Introduction : The structural rearrangement of 
chromosomes during mitosis can result in a gene fusion 
event: the formation of a hybrid product from two or 
more separate genes. Fusion genes have major prognostic 
and diagnostic roles in cancer, and their products can 
sometimes drive tumorigenesis and serve as treatment 
targets. One notable example is the targeted treatment of 
BCR-ABL-positive chronic myeloid leukemia using 
tyrosine kinase inhibitors (1). 

The Princess Máxima Center currently performs 
RNA sequencing (RNA seq), in addition to traditional 
targeted assays, on the tumor material of all patients for 
the genome-wide detection of gene fusion events – in 
particular, those that are clinically-relevant. While 
traditional targeted assays provide a fast and inexpensive 
way to search for specific gene fusions, they will miss all 
fusions that are not specifically targeted. RNA seq 
searches the entire transcriptome for gene fusions, but 
results may be low-quality due to RNA degradation or 
low extraction. The relative stability of DNA, however, 
may allow whole-genome sequencing (WGS) to provide 
a comprehensive and reliable method to detect gene 
fusions. Here, we compare the detection of gene fusion 
events in RNA seq and WGS data to traditional methods.  
 
Approach : We generated WGS and RNA seq data for 10 
tumor-normal pairs in a heterogeneous cohort of solid 
tumors. Gene fusion events were predicted in the WGS 
data by combining the outputs of three different 
structural variation detection methods (Delly v0.7.7, 
manta v0.29.5, gridss v2.0.1) into a single wdl/cromwell 
pipeline (2, 3, 4). In addition, gene fusion events were 
predicted in the RNA sequencing data using 
STAR-Fusion (v1.4.0) (5). We then compared the gene 
fusion events predicted in the WGS and RNA seq data to 
what was known about the sample.  
 
Results : We currently have biomaterials (RNA and 
DNA) from ten patients that have been sequenced 
through RNA seq and WGS. All RNA-seq samples have 
been analyzed for gene fusions, and one WGS sample 
has been preliminarily analyzed with gridss and manta. 

In this WGS data, we found a KIAA1549-BRAF gene 
fusion characteristic to the patient’s cancer (pilocytic 
astrocytoma) and confirmed it in the raw sequencing data 
(6). WGS data also provided more insight on the gene 
fusion, giving positional information that allowed us to 
deduce the mechanism (tandem duplication) by which 
the fusion was created. This fusion was also present in 
the RNA data, but it would have been filtered out as 
low-quality. 

Discussion : Preliminary results demonstrate that we can 
find additional gene fusions in patients using WGS 
compared to RNA seq. WGS also allows for the 
detection of additional somatic genetic variation such as 
copy number, structural, and single nucleotide variants. 
However it is only possible when normal tissue from the 
individual is available. While RNA seq requires a high 
extraction threshold and tumor percentage, WGS is more 
costly in compute time and resources. Currently, WGS 
may be useful in sub-classifying the cancers of and 
providing additional treatment options for patients who 
are not responding to primary treatments. As the cost of 
WGS continues to decrease, it may also prove to be an 
option for screening all patient tumors in the future. 
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1. Introduction 

 
High density SNP genotyping and whole genome 

variants have been extensively used to identify causal 
variants of complex traits, study their genetic architecture 
and develop genomic prediction models for individuals with 
genotypes but no phenotype. Genomic prediction has got 
more popularity due to its approach to tackle complex traits, 
which are caused by multiple variants with variable effect 
intensities in a complex fashion. Initial genomic prediction 
models (e.g. GBLUP) did not consider this variable 
prioritization of variants and robust methods have been 
developed exploiting frequentist and bayesian interpretations 
of statistical inference as well as state of the art machine 
learning algorithms. However, since the past decade, several 
complex traits have been extensively studied in both plants 
and animals and the new functional and regulatory 
annotation databases have been populated not only at species 
but at strain and mutant levels. Exploiting this wealth of 
biological data into the genomic prediction models may aid 
in better understanding of the genetic architecture [1] as well 
as significantly add to the commercial value by improving 
genomic selection accuracy. In this study, we propose that 
the genomic variants underlying a complex trait, that are 
enriched in a subset(s) of chromosomal regions; described by 
gene ontology (GO) terms, can be incorporated into genomic 
prediction models along with their biology and might 
improve their predictive ability. We shall also address the 
question that whether we need dense markers map or 
selected variants [2] based on prior biological knowledge for 
computationally efficient genomic prediction models. This 
poster will briefly review the existing knowledge available 
on this concept and pave the way towards open discussion 
and criticism for my PhD project on this topic. 

 
2. Approach 

 
To achieve the above objective, we initially focused on 

344 natural accessions of Arabidopsis thaliana genotyped 
using 250K HD chip and phenotyped on 06 low light and 18 
high light time points using Phenovator experimental setup at 
Wageningen University & Research [3, 4]. The light-use 
efficiency of PSII electron transport (ФPSII) was used as a 
measure of photosynthesis efficiency under 100 (low) to 550 
(high) µmol m−2 s−1 irradiance levels. 

In this poster we shall present the comparison of various 
existing genomic prediction models and discuss their 
strengths and weekneses to pave the way to develop further 

models with improved accuracy by incorporating prior 
biological knowledge.  
3. Results 

 
The genomic prediction models consider all markers at a 

time to calculate the total additive genetic value or breeding 
value (GEBV). The famous parametric model solving a 
linear mixed model is Genomic Best Linear Unbiased 
Predictor (GBLUP); which considers all loci to effect the 
phenotype equally. It is not a realistic assumption in case of 
complex traits. The other alternative is to solve the same 
mixed models using bayesian approach and consider 
different variances for variants or their sets. The results of 
GBLUP and BayesR are shown in figure 1a and 1b. 

  
Figure 1a. GBLUP accuracy using 4-fold cross 
validation. 

Figure 1b. BayesR accuracy using 4-fold cross 
validation. 

 
4. Discussion 

 
More robust genomic prediction models are required to 

improve the accuracy of low heritability traits which is 
usually evident in case of complex traits like photosynthesis 
in plants. The marker based broadsense heritability (h2) was 
~0 for low irradiance levels and the genomic prediction 
accuracy is also very low for that light level. Moreover, the 
h2 for high light levels was from 0.33 to 0.5 and the accuracy 
is following the same pattern. The future work shall 
incorporate the variant prioritization using GFBLUP and 
BayesRC and (or) a model encompassing a hybrid approach.  
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1. Introduction

Currently  available  diagnostic  tools  used  in  cancer
detection have some limitations.  First  of  all,  in  case  of  a
subgroup  of  metastatic  cancer  patients,  the  cell-of-origin
cannot  be  identified  –  hence  the  name  of  this  subgroup
‘cancer  of  unknown  primary’  (CUP)  –  and  without  the
information of primary site those patients cannot be treated
efficiently.  Secondly,  early  stage  cancer  detection  is  also
difficult and, in many cases, impossible due to limitations of
available screening methods. In our work, we aim to explore
and  improve  upon  the  current  state-of-the-art  somatic
mutation  profile-based  methods  that  could  provide  an
alternative cancer type diagnostic approach in the clinic. 

2. Approach

Based  on  recent  large-scale  exome  and  genome
sequencing studies we now know that different cancer types
differ  in  their  overall  mutation rates,  in  their  predominant
mutation  types,  and  also  in  the  distribution  of  mutations
along their genomes. 

The  latest  state-of-the-art  somatic  mutation  profile-
based classification  utilizes  the  distribution  of  SNVs,
counting  the  number  of  SNVs  per  1  Mb bins  across  the
genome [1].  The main  idea  is  based  on  a  previous  work
which describes  that  the cell-of-origin of  a  cancer  can be
determined based on the distribution of mutations along its
genome [2]. However, the robustness of this method hasn’t
been tested before, which would be crucial in case it will be
applied on liquid biopsy-based data in the future.

In  order  to  test  the  robustness  of  the  aforementioned
method, we performed a validation experiment on randomly
sampled WGS data: using only 20%, 15% and 10% of the
original  mutations.  Furthermore,  we  tested  a  mean  shift
clustering based approach to identify “dynamic” bins, which
could potentially have more specific information value than
the consecutively constructed 1 Mb original bins used in [1].
Additionally,  we also aimed to test  the effect  of  different
feature sets (indel, CNA and SV density in 1 Mb bins) on the
classification accuracy.

3. Results

To measure the accuracy of the classification, we had to
calculate F1 scores due to imbalanced classes. On Fig1. the
radar chart shows the F1 scores for each cancer type using
either all, 20%, 15% or 10% of the mutations. The accuracy
drops quite significantly at lower mutation levels.

We compared the results of the classification on the 1
Mb data described in [1] with our “dynamic” bin based SNV
density data,  where according to the results the original 1
Mb bins perform slightly better or the same.

We can see some improvements with different mutation
type integrations, but nothing significant. For instance, the
classification of neuroendocrine Pancreas tumors can be 

Figure 1. 20%, 15% and 10% randomly sampled SNVs
to  ‘simulate’  sequencing  data  from  whole  genome  liquid
biopsy

improved to F1=0.8 from F1=0.78 with the integration of
indel density data.

4. Discussion

Based on our validation with random subsamples,  the
existing state-of-the-art approach can definitely be improved
upon considering its application on liquid biopsy data. We
aim to consider  further  algorithmic improvements and the
integration of e.g.: multi-omics data sets in the classification.
With those data sets, the comprehensive annotation of each
bins might enable us to identify a smaller subset of genomic
regions that can be assessed to achieve accurate results and
potentially open the avenues for new high precision liquid
biopsy-based amplicon  sequencing assays in  the  future of
early cancer diagnostic.
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1. Introduction 
 

Human Leukocyte Antigen (HLA) plays a major role in the 
human immune response by presenting peptides from 
cytoplasmic proteins on cell surfaces. It represents the most 
polymorphic region of the human genome. 
New alleles are continuously recognized in polymorphic 
gene systems, such as the HLA and KIR gene clusters [1]. 
For a complete determination of new alleles, the sequence of 
the whole gene has to be determined. Sequencing the PCR 
amplified gene by NGS short read technology results in high 
accuracy at each nucleotide position. This allows application 
in clinical diagnostics. However, in some cases, the complete 
sequence of an allele cannot be determined, since phasing of 
distant heterozygous positions is not possible. 
Nanopore sequencing is a DNA sequencing technology, in 
which single molecules are sequenced directly. The obtained 
reads can have lengths of up to tens of kilobases, and may 
allow phasing over larger distances. However, the obtained 
reads are noisy compared to short reads. 
We explored the possibility to combine long and short reads 
to obtain sequences with high accuracy and fully phased. 
Determining fully phased allele sequences of a genotype is 
required for submission to reference databases. In this study 
we applied this method to determine the full sequence of 
some new alleles of the HLA-F and KIR2DL1 genes [2]. 
 
2. Approach 
 
The HLA-F and KIR2DL1 samples presented contain new 
alleles for which the nucleotide sequence could not be 
unambiguously determined by Illumina sequencing due to 
lack of phasing. Both samples were processed using PCR 
amplification and sequenced twice, with the Illumina MiSeq 
and with the Oxford Nanopore Technology MinION. The 
resulting data has been analysed separately as well as 
combined using NGSengine® (GenDx).  
NGSengine performs an integrated HLA typing analysis to 
determine a locus, align reads, phase and type a sample. 
The results for the MiSeq dataset, the MinION dataset and 
the combined dataset are compared on the determined allele 
sequence, noise and phasing.  
 
 
 
 
 

 
3. Results 

 
The short read analysis for HLA-F contains two phasing 
regions and no mismatches in the exons. The KIR2DL1 short 
read analysis contains ten phasing regions and no exon 
mismatches. 
The long read analysis for the HLA-F contains one phasing 
region and several exon insertions. The KIR2DL1 long read 
analysis contains seven phasing regions and a large number 
of unknown and false positive heterozygous positions. 
The combined analysis for HLA-F contains one full phase 
and no exon mismatches. 
The combined analysis for KIR2DL1 resulted in fully phased 
data without any sequencing artefacts. 
 
4. Discussion 

 
Determining allele sequences with short read analysis is 
hampered by the limitation of phasing over larger distances. 
Phasing could be improved by increasing the insert size, but 
this is limited by the Illumina sequencing process [3]. 
The results showed that combining only the short and long 
reads enabled determining the full sequences of alleles. The 
balance between the number of short and long reads 
influences the overall quality. For phasing a limited number 
of long reads is sufficient, whereas for the accuracy on each 
position the coverage should mainly be determined by the 
short reads. 
Combining the long and short read data for the presented 
samples allowed an unambiguous determination of the 
sequences of the new alleles. 
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1. Introduction 
 

A large number of bioinformatic and statistical analysis 
strategies are available for DNA methylation (DNAm) array 
and RNA sequencing (RNA-seq) datasets, but it is unclear 
which strategies are best to use. We compared commonly 
used strategies and report how different strategies impact 
replication results in large cohort studies. 

 
2. Approach 

 
Since gold standards are difficult to obtain, we assumed 

that the most optimal analysis strategy would be the one with 
best replication of associations between methylation or 
expression levels and phenotypic traits across different 
population cohorts. Therefore, we tested the associations of 
DNA methylation or RNA expression with age, BMI and 
smoking in four different cohorts (n=~2,900) using a variety 
of analysis strategies. We selected a set of analysis options in 
a “base model”, and varied a single analysis step to produce 
each strategy. We meta-analysed each combination of three 
cohorts and replicated in the remaining cohort (leave-one-out 
method). We evaluated and compared strategies against the 
base model based on the average number and percentage of 
replicated CpGs/genes. 

For DNAm array data, different normalized methylation 
values (Beta, Beta-3IQR, M, M-3IQR and rank-based 
inverse normal transformation), statistical tests (linear, linear 
mixed and robust linear mixed models), cell count 
adjustments (measured vs Houseman imputed) and technical 
covariates adjustment (known vs hidden confounders (HCs)) 
were compared. For RNA-seq data, different normalization 
methods (Voom, DESeq and edgeR), gene expression 
inclusion thresholds, statistical tests (linear model, 
generalized linear model, edgeR and limma) and adjustment 
of technical covariates, cell counts, principal components 
and/or HCs were compared. 

3. Results 
 
For DNAm array data, the base model resulted in 

30,275, 6 and 217 Bonferroni-corrected significantly 
replicated CpGs for age, BMI and smoking, which 
represented 40%, 52% and 31% of the significantly 
associated CpGs in the discovery analysis, respectively. The 
choice of normalization method and statistical test did not 
strongly influence the results. However, adjusting for 
estimated cell counts or HCs substantially decreased the 
number of replicated CpGs for age and increased the number 
of replicated CpGs for BMI and smoking. 

For RNA-seq data, the base model resulted in 842, 881 
and 354 Bonferroni-corrected significantly replicated genes 
for age, BMI and smoking, which represented 47%, 53% and 
49% of the significantly associated genes in the discovery 
analysis, respectively. The choice of normalization method, 
gene expression inclusion threshold and statistical test did 
not strongly influence the results. However, correction for 
five principal components or without correction for technical 
covariates and/or cell-counts decreased the number and 
percentage of replicated genes, and adjusting for five HCs 
increased the number and percentage of replicated genes. 

 
4. Discussion 

 
For the three general phenotypes in the current study, the 

choice of normalization method or statistical test did not 
strongly influence the results, but the correction method for 
cell counts, technical covariates, principal components 
and/or HCs did. For both DNAm array and RNA-seq data, 
we recommend the correction for HCs and measured cell 
counts (for DNAm array data) if available. These results will 
aid the selection of an analysis strategy, and the evaluation of 
the contribution of strategy-induces differences when 
comparing studies. 
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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]. Previously we developed 
the first CADD predictor for a non-human species, mouse 
[2], as a feasibility study to investigate the pre-requisites to 
construct CADD-based models for other non-human species.   

The success of the feasibility study led us to create a 
similar model for livestock species, for which much less data 
is available. Here we present p(ig)-CADD, a model to score 
SNVs in pig. We show the value of the model by evaluating 
SNVs found in two pig breeding lines. Particular emphasis 
was put on the investigation of intergenic variants, as these 
are often not scored by other deleteriousness prediction 
methods. In addition, we investigated the hypothesis that 
introns at the beginning of CDS sequences are more likely to 
be regulatory active [3] and therefore should have in general 
a larger score than the other introns in the same transcript.  

 
2. Approach 

 
We built a CADD model for pig. To create the data set 

used for training of the p(ig)-CADD model, we utilized the 
inferred ancestor sequence of Cow-Sheep-Pig from the 
Ensembl release 91. Differences between the ancestor 
sequence and the reference were used as proxy-benign 
variants, while proxy deleterious variants were simulated on 
the basis of nucleotide substitution rates observed among 
Laurasiatheria species. Each variant of the generated data 
set was annotated with a plethora of genomic annotations 
provided by Ensembl-v.91 and other sources. In contrast to 
the human (CADD v1.3) and mouse model, constructed 
based on 1063 and 1015 features respectively, the pig model 
was only built on 868 features. After training, scores for all 
potential single nucleotide variations (SNVs) on all 
autosomes and X chromosome were generated and SNVs 
were log-ranked based on their associated score. 
 
3. Results 

 
pCADD scores can serve to select relevant SNVs in 

large sets of functional candidates. We selected the highest 
scored variants that are considered intergenic according to 

 
 
 

the Ensembl genebuild e!90 for Sscrofa11.1, but that are 
associated with a high pCADD-log-rank score and have a 
high allele frequency within the investigated pig breeding 
lines. These were all found in regions considered to belong 
to long-non-coding RNA, with respect to the NCBI 
genebuild. This suggests that high pCADD-scores allow the 
identification of variants with a potential regulatory effect on 
traits that were under positive selection in the past and 
therefore of value for the breeding goals. 

408,967 introns were compared against their first intron 
in their transcript. In 174,085 cases (42.5%), the first intron 
was scored significantly higher (U-test, Bonferroni corrected 
p < 0.05). This supports the notion that introns at the 
beginning of the CDS region are often regulatory active, 
thus variants that are highly scored by pCADD in such 
regions may also be of distinct interest as functional 
candidates.  

 
4. Conclusion 

 
Pigs and other livestock species often suffer from 

inbreeding depression due to the accumulation of deleterious 
variants. Removing these variants will increase the overall 
health of populations and will provide breeders with another 
tool that can be used for functional selection. pCADD’s 
ability to score non-coding and coding variation in a unified 
manner, will therefore be of great economical value as it  
fills a technical gap in modern selection for functional causal 
variations.   
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1. Introduction 

Single Locus Sequence Typing (SLST) marker gene 

sequencing has recently been described for down-to 

strain level identification of specific bacteria within a 

microbiota, such as on human skin. SLST fills the gap 

between cheap but coarse-grained 16S, and expensive 

but higher resolution shotgun metagenomics. 

2. Approach 

We have built a comprehensive workflow for finding 

suitable genome regions for SLST PCR primers, 

including a methodology for application of SLST and 

analysis of SLST sequencing data. On a human cohort 

of healthy volunteers, and patients with atopic 

dermatitis (AD) lesions, we applied and validated the 

SLST method for high-resolution sequencing-based 

Staphylococcus profiling on skin. Skin microbiota 

samples were taken from the inner elbow, and 16S and 

SLST marker gene amplicons were mixed and 

sequenced by Illumina. 

3. Results 

We identified a suitable SLST candidate in the 30S 

ribosomal protein S11 gene of Staphylococcus. This 

target was successfully validated, and allowed for 

77.2% of Staphylococcus reads to be assigned to 

species-level or lower, in comparison to 5.9% for 16S. 

By SLST, we mainly identified taxa of S. aureus and 

S. capitis, which were significantly increased in AD, 

in comparison to taxa of S. epidermidis and a cluster 

of S. haemolyticus / hominis, which were associated 

with healthy skin. 

4. Discussion 

We present TaxPhlAn, a new method that allows 

identification of bacteria down-to the strain level in 

complex environments. We demonstrated that for the 

cutaneous Staphylococcus genus, our SLST method 

enables profiling of its members at (sub)species level, 

and shows higher resolution than current 16S-based 

sequencing techniques. 
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1. Introduction

Allele-specific expression (ASE), also known as allelic
expression or allelic imbalance, refers to the different
abundance of allelic copies of a transcript. ASE is the result
of many biological phenomena such as regulatory variants
and nonsense-mediated decay. It is measured by quantifying
RNA expression variation between haplotypes at
heterozygous loci of diploid organisms.

Recent studies have suggested that quantifying ASE
effects also has potential practical value in genome
diagnostics1. However, current genome diagnostics practice
routinely measures only DNA sequence. Therefore, to
explore value of ASE in diagnostic practice we aim to create
an ASE prediction model based on DNA features and
annotations. Using this model, we aim to investigate the large
scale added value of ASE data within known DNA
pathogenicity classification.

2. Approach

We trained ASEs as a response variable to a machine
learning model. We used experimentally observed ASE from
BIOS2 dataset as training material (publication by BIOS team
pending) and genomic annotation from CADD (v1.4)3 and
gnomAD4 as features for the prediction model. As response
variables, we used read counts quantified from RNA-
sequencing on whole blood samples performed by the BIOS
consortium. To determine the ASE effects for each SNP, we
conducted a log-likelihood ratio test with maximum
likelihood estimation, given allelic read counts in respect to
Beta-Binomial distribution. SNPs of which FDR less than
0.05 were denoted as ASE loci and the rest as non-ASE loci.
A random forest machine learning model was built using 8-
fold cross-validation by Scikit-learn5 package to classify ASE
effects based on our explanatory variables.

3. Results
A random forest classifier was constructed to bridge

explanatory variables with ASE effects and the classifier
achieved an AUC (0.645 ± 0.050) under 8-fold cross-
validation. See Figure.

4. Conclusion and Discussion
The result indicates the ASE effects can be predicted by

genome features (e.g. variant annotations) to a fair extent in
BIOS cohort, which shows the potential for use as synthetic
expression profile of alleles in genomic diagnostics. By
exploring importance of each explanatory variable in the
machine learning model, different explanatory variables play
roles in various weight, indicating the complex mechanism
underlying ASE. The result does give much confidence for
successful application. However, to validate the findings,
more comprehensive (e.g. multiple tissue RNA-seq data) and
independent dataset are desired. After that we plan to apply

the ASE model to our diagnostics datasets to explore the
added value of ASE in diagnostics setting. We thank the
members of BIOS consortium for the data and help.
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1. Introduction 

An effective immune system is characterized by a 
diverse immune repertoire1. There is a strong demand for 
accurate and quantitative methods to assess the diversity of 
the immune repertoire for various (pre-)clinical applications, 
including the diagnosis and prognosis of primary immune 
deficiencies and to assess the response to therapy. However, 
current strategies for immune diversity assessment generally 
comprise the (often biased) visual inspection of the length 
distribution of rearranged T- and B-cell receptors measured 
by spectratyping. Here, we introduce ImSpectR, a novel 
algorithm to quantify immunodiversity using spectratype 
data. ImSpectR identifies and scores each of the spectratype 
peaks separately and integrates these into one measure 
allowing for quantitative comparisons of immune diversity 
across individuals or conditions. 

 
2. Approach 

Briefly, spectratyping fragments of a specific length will 
result in Gaussian distributed values. Consequently, 
ImSpectR models the different fragment length of the in-
frame CDR3 transcripts with a mixture of Gaussians. 
Deviations from this model reflect a skewed or otherwise 
suboptimal immunodiversity and is used to score the 
spectatype. ImSpectR is organized in four different modules: 

Preprocessing: Raw intensity files are imported and a 
base pair value is assigned to the intensity values with the 
help of a size-standard ladder.  

Peak pattern detection: With a dynamic time warping 
algorithm2 raw data is scanned for a peak pattern best 
matching the expected model. From the best match base pair 
lengths and peak heights will be extracted and used for 
scoring. 

Peak pattern modelling: A mixture of Gaussians is fitted 
to the matched peak pattern.  

Scoring: Sample data is scored calculating the difference 
in area under the curve for the observed spectratype and the 
mixture model corrected for data detected outside of the area 
of the expected model, resulting in a score between 0-100. 

 
3. Results 

We illustrate the use of ImSpectR by analyzing the 
diversity of immune reconstitution in Rag-1 deficient mice 
treated with two different experimental RAG-1 gene 
therapies. We scored 22 Vβ families measured in 3 Rag-1 
deficient mice receiving either Gene Therapy 1 (n=3), Gene 
Therapy 2 (n=2) or transplanted wild-type stem cells (n=3) 
as a positive control. ImSpectR indicates a broader immune 
diversity in mice receiving GT1 over GT2, indicating an 
improved immune reconstitution by GT1 over GT2 (Figure 
1A). 

Next we demonstrate the improved sensitivity of 
ImSpectR over other existing methods for spectratype 
analysis by analyzing Vβ17, a known dysfunctional gene in 
the C57/Bl6 mouse strain3. Notably the Vβ17 spectratype 
shows significant deviations from the typical polyclonal 
pattern4, yet remains overall Gaussian shaped (Figure 1B). In 

contrast to competing methods, ImSpectR also penalizes 
deviations in each individual peak, thus accurately capturing 
the difference between the non-functional Vβ17 and the 
functional Vβ11 (Figure 1C).   

Fig 1. a) Heatmap of ImSpectR scores per sample (vertical axis) per Vβ family (horizontal 
axis). On top the difference in t-test between WT vs. GT1 and WT vs. GT2 calculated per Vβ 
family. Right the boxplots of the scores across all Vβ families of WT, GT1 and GT2, 
illustrating that GT1 reconstitutes immunodiversity better than GT2. (b) Spectratypes of WT 
Vβ11 and Vβ17 patterns scored with ImSpectR. (c) Boxplot of  scores from WT Vβ11 and 
Vβ17 peak patterns scored with ImSpectR, χ2 Goodness-of-Fit, and REPERTOIRE for a 
Perturbance Index4. 
4. Discussion 

We present ImSpectR, a novel quantitative and accurate 
method tailored to assess immunodiversity in spectratype 
data. ImSpectR shows an improved sensitivity compared to 
existing methods. We demonstrate the merit of ImSpectR to 
comprehensively assess immunodiversity by re-analyzing 
data from pre-clinical gene therapy studies aimed to 
reconstitute a diverse immune repertoire. 
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1. Abstract 
 

The consensus among Immunologists is that 
homeostatic proliferation drives the expansion of T cells in 
a lymphopenic host and is also responsible for the long-term 
maintenance of memory T cells. The levels of Interleukins 
IL-7 and 15 have been convincingly shown to keep the 
memory T cell population regulated through homeostatic 
proliferation. However, the inability of the very first 
immunological memory to fill the entire memory pool 
despite high levels of homeostatic cytokines in several clean 
mice studies offers puzzling questions into the working of 
homeostatic proliferation. In this study, we investigate the 
changes in the memory T cell pool, due to homeostatic 
proliferation, with additions of subsequent memory 
populations. 

 
2. Approach 

 
We used in-silico experiments to test out different 

models of T cell memory maintenance. Two distinct 
mathematical models were formulated, each with and 
without homeostatic control. A more conventional approach 
was followed in the first model and the memory pool was 
modelled as different compartments for the different 
subgroups of T cell memory population whereas the second 
model was devised as a division-indexed system of 
equations. The homeostatic control was first implemented 
as a mass-action kinetics and later as the Monod kinetics of 
cytokine consumption by the memory T cells. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
3. Results 
 
The compartment model predicted the memory cells 

from the first infection will fill up the entire T cell capacity 
of the body. In contrast, the number of memory cells in the 
division-indexed model were limited by the number of 
divisions a cell could go through. Experimental evidence 
supports the division-indexed model and are not in line with 
the “greedy” memory cells of the compartment model. With 
the division-indexed model, the Monod kinetics of cytokine 
consumption gave a distribution of family sizes where the 
first few memories do not compete owing to the high 
availability of the shared resource. Whereas the mass-action 
kinetics showed the maximum decrease in family sizes with 
the first additions. Our model agrees with an experiment 
where subsequent memories add up to increase the total 
number of T cell memory, while decreasing the previous 
memories very little due to competition for the shared 
resource. Inquiring further into whether a faster turning 
over memory population excludes a slower one because of a 
limiting shared resource, we found that though exclusion of 
a population is theoretically possible, it is slower than the 
average lifetime of a human. 
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1. Introduction 
Rheumatoid arthritis (RA) is an inflammatory autoimmune 
disease that leads to joint destruction and, in the long term, 
disability. It has a prevalence between 0.5 and 1.0% in most 
populations. Currently, there is no known cure, making 
further studies necessary. 

Anti-citrullinated protein antibodies (ACPAs) are present 
in 60 to 70% of patients with stablished RA. Increasing 
evidence suggests that ACPAs play a relevant role in the 
pathogenesis of RA (1). 

Despite the large number of somatic hypermutations 
(SHMs) observed in ACPAs, their affinity does not increase 
to a considerable extent (2). SHM also introduces N-
glycosylation sites in the immunoglobulin variable region 
(Fab). These sites are non-uniformly distributed over the Fab 
region. The number of sites does not correlate with the 
number of mutations. N-glycosylation may affect affinity, 
provide a selective advantage to ACPA B-cells, or may have 
immune modulatory functions. Affinity maturation, SHM and 
introduction of N-glycosylation sites occur in the germinal 
center (GC), which is a complex microenvironment in 
secondary lymphoid tissues. We aim to investigate the 
synergy of ACPA Fab N-glycosylation and GC affinity 
maturation through computational modelling.  

 
2. Approach 
We will modify and extend the pre-existing Hyphasma ABM 
model of the GC (3) to allow (i) a nucleotide representation 
of the Fab, (ii) SHM fate (e.g., affinity change, cell death) to 
be determined by probabilistic decisions (4), and (iii) N-
glycosylation to affect affinity maturation. ACPA germline 
sequences will be used as input for the simulations. Using the 
model we will investigate different scenarios for the GC 
reaction to determine which can best explain the experimental 
observations. This may shed further light on the role of 
glycosylation in affinity maturation of ACPA B-cells in RA 
patients.  

 
3. Results 
The ABM model is currently being implemented. The poster 
will present the conceptual approach. 
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1. Introduction 
 

In approximately 40% of patients with severe 
community-acquired pneumonia (CAP), microbial aetiology 
cannot be identified, which leads to sub-optimal treatment of 
infections. There is a need for novel biomarkers that can better 
predict microbial aetiology to improve treatment strategies 
and to reduce the development of antibiotic resistance by 
prescribing broad-spectrum antibiotics less often. The role of 
metabolites in the host response to infection is of increasing 
interest and may therefore be a relevant source of new 
biomarkers to guide treatment of infections.  The current 
study aims to identify predictive metabolite biomarker 
profiles that can improve the identification of microbial 
aetiology in patients diagnosed with CAP caused by the 
bacteria S.pneumoniae, atypical bacteria, such as Legionella 
species, and viruses, such as influenza A. 

 
2. Approach 

 
Clinical study: Serum samples from 131 patients 

available from a previously conducted clinical trial in 
hospitalized patients diagnosed with CAP 
(ClinicalTrials.gov, NCT00471640) were analyzed. Samples 
were obtained at the day of diagnosis with CAP at hospital 
admission. For the selected patients, microbial aetiology 
could be successfully determined during the clinical study, 
classified as an S. pneumoniae bacterial infection, atypical 
bacterial infection, or a viral infection. 

Bioanalysis: Samples were analyzed using several 
targeted mass-spectroscopy based methods, which covered 
the following classes of metabolites: biogenic amines, organic 
acids, acylcarnitines, and lipids. After pre-processing of the 
raw data, 353 metabolites were reported for 126 serum 
samples, which could be used for further analysis. 
Metabolites were quantified as relative response ratios 
(metabolite target area / internal standard area)  
 Data analysis: Metabolite data was pre-treated by 
performing log transformation and standardization in R 
(version 3.5.2). For the selected samples (n=126), the final 
counts of microbial aetiologies were as follows: 
S.pneumoniae (n=48), atypical bacteria (n=47), and viral 
infection (n=31). We generated aetiology-stratified training 
(90%) and test (10%) datasets.  Partial least squares 

discriminant analysis (PLS-DA) was used to identify 
predictors for the aetiological groups using all metabolites 
available. Metabolites were ranked on their variable 
importance in projection (VIP) score, considering metabolites 
with VIP > 1 for implementation in a model with a reduced 
number of metabolites. Models with different cut-off levels 
for included metabolites were evaluated using the balanced 
error rate (BER). 5-fold cross validation with 100 repeats was 
used to select the optimal number of components and 
metabolites to include. Overfitting of the model was checked 
with repeated permutation (n=100) of class labels, and by 
executing the methodology with a dataset with random 
metabolite values. 

 
3. Results 

 
A 4-component PLS-DA model for three pathogen 

classes (S.pneumoniae, atypical bacterial and viral) 
performed poorly (BER > 0.5 in test set). Particularly, patients 
with a viral infection were classified incorrectly. Therefore, 
we studied a subset including only cases with S. pneumoniae 
and atypical bacteria. A 3-component PLS-DA model for 
these two classes resulted in a BER of 0.24 after cross-
validation on the complete training set. For 134 metabolites a 
VIP score > 1 was reported. A model containing the top 26 
metabolites in combination with a 3-component PLS-DA 
model yielded a BER of 0.15 for the training set and a BER 
of 0.2 in the test set. Metabolites from the classes biogenic 
amines, positive lipids, and signaling lipids appear to be more 
predictive than metabolites of the other classes.  

 
4. Discussion 

 
Our analysis of metabolite profiles in patients with CAP 

demonstrated that there is a separation possible between two 
classes of microbial aetiology based on patient metabolite 
profiles. The combination of these metabolic biomarkers with 
other biomarkers used for infection diagnosis, such as 
procalcitonin, might improve the model. Furthermore, 
evaluation of alternative statistical models will be evaluated 
for their predictive performance.  
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1. Introduction 

Mass cytometry (CyTOF) is a valuable technology for 
high-dimensional analysis at the single cell level. 
Identification of different cell populations is an important 
task during the data analysis. Many clustering tools can 
perform this task, however, relying on clustering 
significantly limits the reproducibility of identifying cell-
populations across different samples since it often involves 
manual annotation. Automatic annotation of cell 
populations using classification approaches based on an 
annotated set of cells can potentially solve this problem. 
However, currently available methods for automatic cell 
population identification are either (i) not scalable due to 
their high complexity, (ii) dependent on prior biological 
knowledge about the populations during the learning 
process, or (iii) can only identify canonical cell 
populations. 

 
2. Approach 

We propose to use a Linear Discriminant Analysis 
(LDA) classifier to automatically identify cell populations 
in CyTOF data. We compared the performance of LDA with 
two state-of-the-art methods, ACDC2 and DeepCyTOF3, 
using four benchmark datasets. Additionally, we tested LDA 
on a large dataset of ~3.5 million cells representing 57 cell 
populations in the Human Mucosal Immune System 
(HMIS), and compared LDA’s performance with 
DeepCyTOF and a non-linear classifier (k-NN). 

Further, to be detect new cell populations, not 
encountered during training, we included a rejection option 
for LDA by defining a minimum threshold for the posterior 
probability of the assigned cell populations. Thus, a cell is 
labelled as ‘unknown’ whenever the probability is less than a 
predefined threshold. 

 
3. Results 

LDA outperforms ACDC and DeepCyTOF, on all four 
benchmark datasets (Table 1). Unlike ACDC, LDA was able 
to detect rare cell populations (frequencies < 0.5% of the 
total number of cells), thus resulting in a higher 
performance. Compared to DeepCyTOF, LDA has 
substantial advantages with respect to interpretability of the 
classifier prediction, reproducibility and scalability to 
larger datasets with deep subtyping annotation. 

For the large and deeply annotated HMIS dataset, LDA 
has a median F1-score of 0.79, compared to 0.36 for 
DeepCyTOF, showing that LDA can accurately classify cell 

populations in large datasets with deeper annotation. 
Moreover, LDA’s performance is comparable to the k-NN 
classifier, with a median F1-score of 0.81. 

We evaluated the LDA performance in terms of 
predicted population frequencies, as one of the main aims 
of CyTOF studies is to estimate the frequencies of different 
cell populations in a given sample. LDA produced 
comparable population frequencies to the manually gated 
populations, with Pearson R correlation >0.97, between the 
true and predicted population frequencies for all datasets. 

When we incorporated the rejection option, LDA 
flagged new cells that do not match any of the training cell 
populations, and produces more accurate predictions for the 
classified cells. For the HMIS dataset, setting a threshold at 
0.7 resulted in an improved accuracy of 89.54±3.25% 
(mean±std), compared to 86.11±3.86% without any 
thresholds, while assigning ~8% of cells per sample as 
‘unknown’. 

 

Table 1. Median F1-score of LDA, ACDC and DeepCyTOF 
Dataset LDA ACDC DeepCyTOF 
AML 0.95 0.94 n.a. 
BMMC 0.85 0.69 n.a. 
PANORAMA 0.95 0.88 0.59±0.01 
Multi-Center 0.99 n.a. 0.97±0.01 

n.a. = not available. 
 
4. Discussion 

We show that LDA can be used to automatically assign 
labels to single cells in CyTOF data. Using five different 
datasets, LDA performed better than the state-of-the-art 
methods, and similarly to the non-linear k-NN classifier. 
These results imply that linear classification is sufficient 
for accurate classification of CyTOF data. Further 
incorporating a rejection option allows LDA to identify 
unknown (new) cell populations that were not encountered 
during training. Altogether, reproducible prediction of cell 
population compositions using LDA opens up possibilities 
to analyse large cohort studies based on CyTOF data. 
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1. Introduction 
 

Mass cytometry technology enables the simultaneous 
measurement of over 40 proteins on single cells. This has 
helped immunologists to increase their understanding of 
heterogeneity, complexity, and lineage relationships of 
white blood cells. Current statistical methods [2, 3, 4, 5, 6] 
often collapse the rich single-cell data into summary 
statistics before proceeding with downstream analysis, 
discarding the information in these multivariate datasets.  

In this demo, our aim is to exhibit the use of statistical 
analyses on the raw, uncompressed data thus improving 
replicability, and exposing multivariate patterns and their 
associated uncertainty profiles. We show that multivariate 
generative models are a valid alternative to univariate 
hypothesis testing. Including correlations in the model can 
have positive effects: it makes the statistical procedure 
more efficient, it exposes additional structure with which to 
interpret results, and it provides information as to eventual 
confounders that need to be attended to. 

 
2. Approach 

 
We propose two models [1]: a multivariate Poisson log-

normal mixed model and a logistic linear mixed model. We 
show that these models are complementary and that either 
model can account for different confounders. We use 
Hamiltonian Monte Carlo to provide Bayesian uncertainty 
quantification. We implemented our approach in two new R 
packages CytoGLMM and cytoeffect: 

• https://christofseiler.github.io/CytoGLMM 
• https://christofseiler.github.io/cytoeffect 

Our models provide key advantages over existing 
approaches. They work on the uncompressed full data and 
model marker correlations explicitly. Our models are more 
robust to donor-to-donor variability because we explicitly 
model this variability with random effects. We can 
incorporate complicated experimental designs. 
 
3. Results 

 
We reanalyzed NK cell populations in different 

subjects during pregnancy. We were able to corroborate an 
increase of pSTAT1 during the third trimester when 
samples were stimulated with IFNα, as previously reported 
[7]. We also presented a new way of quantifying changes in 
overall and pairwise protein-to-protein correlations during 
pregnancy and visualized their multivariate uncertainty 
(Figure 1). 

 

 
 

Figure 1. Pairs plot of multivariate marginal posterior 
distribution of three markers. 

 
4. Discussion 

 
Our reanalysis proves that this family of models avoids 

loss of information through data compression. In other 
words, adapting Don Knuth’s quote about premature 
optimization in programming: “premature summarization is 
the root of all evil (or at least most of it) in statistics.” 
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Repertoire analysis is rapidly gaining traction as a tool for monitoring of patients receiving 
immunotherapy treatment. Repertoire analysis combines the unique sequence of T and B 
cell receptors and the power of high throughput sequencing to identify specific T and B cell 
clones in vivo. However, the analysis, interpretation, and implementation of repertoire data 
in research workflows is challenging and requires specialist methodology and software. The 
ImmunoGenomiX (‘IGX’) platform is a new versatile analysis platform for the analysis and 
interpretation of high-throughput repertoire sequencing data. The IGX platform enables 
users to perform state-of-the-art end-to-end analysis, starting from raw sequencing (fastq) 
files, up to and including the production of report- and publication-ready figures.  
 
In this study, we present benchmarks for both TCR as well as BCR data, showing that the IGX 
Platform produces state-of-the-art immune repertoire profiles. Furthermore, we illustrate 
the use of the IGX platform on data from a recent clinical study that investigates the effect 
of lenalidomide treatment on the T and B cell repertoire [Mährle et al, Haematologica 
2019]. Using TCR specificity clustering to group TCRs that have a similar specificity and 
calculating receptor generation probabilities, we show that lenalidomide fosters the 
generation of new, antigen-dependent T cell clusters in patients with del(5q) 
myelodysplastic syndromes. 
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[Mährle et al, Haematologica 2019]: 
Mährle T, Akyüz N, Fuchs P, Bonzanni N, Simnica D, Germing U, Asemissen AM, 
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microenvironments of patients with del(5q) myelodysplastic syndrome reveals 
imprints of antigenic selection as well as generation of novel T cell clusters as 
response pattern to lenalidomide. Haematologica. 2019 Jan 17. pii: 
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1. Introduction 
 

Stimuli threatening the homeostasis is conceptualized as 
stress by Walter Cannon (Cannon, 1932). A complex set of 
physiological mechanisms is activated as a stress response to 
a stressor perturbing the balanced system. The evolutionary 
function of the response is to enable the body to cope with 
stress. However, depending on the level, duration, and 
frequency of the stressors, the mechanism may lose its 
function and the body can go into a pathological state.  

The stress response involves whole of the body, but is 
primarily centered around three subsystems: endocrine, 
immune, and neural systems. Nonlinear interactions among 
these three form a complex network of feedback loops; and 
five balancing and three reinforcing feedback loops are 
hypothesized to play the most crucial roles at hour-level 
maintenance of the homeostasis against stressors. 
 
2. Approach 

 
In this study, we construct a simulation model of 

differential equations to represent aforementioned network 
of feedback loops, using a systems theoretical framework 
and system dynamics methodology. The aim is to imitate and 
analyze the stress response dynamics under different types of 
external stimuli. Cortisol, glucocorticoid receptors, 
proinflammatory cytokines, serotonin, and serotonin 
receptors are the main variables of the model.  
 
3. Results 

 
The model is tested and validated under four different 

settings: no stressor, single-minor stressor, repetitive-minor 
stressor with low frequency, and repetitive-minor stressor 
with high frequency. The dynamic outputs of the model show 
a high resemblance with available qualitative and 
quantitative real-life data (Figure 1). Moreover, the model 
provides a quantitative representation of some highly 
acknowledged qualitative hypotheses about the stress 
response of the body, such as allostatic load construct of 
Bruce S. McEwen (McEwen & Stellar, 1993). 

Model's capability of capturing the role of internal 
interactions in the system is authenticated with sensitivity 
analysis (as in Figure 2), some runs revealing bifurcations 
with respect to stress stimulus level and duration parameters.  

Ultimately, we have employed our validated model to 
replicate possible scenarios of psychoneuroimmunological 
disturbances. First, we have applied a single but major stress, 

and consequently, the model can successfully generate one-
month dynamics of depression-like abnormalities. Secondly, 
we have experimented with an additional mild stress to a 
body that experienced a single major stress approximately 
one month ago. The model reveals an interesting fact: a body 
with past experience reacts more sensitive to a mild stress 
than a body without a stress history. The last scenario we 
have analyzed is the cytokine-induced sickness behavior. In 
this case, an immune stimulator (as cytokine) is externally 
applied to the model instead of a psychological stressor. The 
model demonstrates the abnormality dynamics of the stress 
measures of the body, following a sickness behavior period. 

 
 

 
Figure 1: Cortisol response to a single-minor stressor: real-data (Kudielka et 

al., 2004) vs. model output 
 
 

   
Figure 2: Cortisol response to a repetitive-minor stressor with low 

frequency vs. high frequency 
 

4. Conclusion 
 
The model serves well our purposes in this study: it 

provides us with a theoretically grounded tool to observe, 
understand, and experiment with the stress response 
mechanisms. The model can present quantitative 
representation of very well acknowledged hypotheses about 
the stress response of the body. This is a novel quantitative 
step towards the comprehension of stress response in relation 
with other disorders, and it provides us with a tool to design 
and test treatment methods. The ultimate aim of such 
research would be to provide a comprehensive systemic 
framework to the body’s relations with external environment 
and use this framework to design and test treatment 
strategies, with or without drugs. 
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1. Introduction 
Multiple Myeloma (MM), a malignancy of the plasma 

cells, is characterized by substantial genetic heterogeneity and 
large differences in survival between patients. Many different 
therapies have been developed in the past decade, but it is 
unclear which patient will benefit the most from which 
treatment. There is a great clinical need to better predict and 
understand treatment response. Our previously developed 
algorithm GESTURE has been shown to successfully predict 
treatment specific survival in MM1. However, an important 
open question that remains is if the mechanism underlying 
treatment response can be unravelled using the principles of 
GESTURE.  GESTURE uses preconstructed gene sets based 
on Gene Ontology (GO). This hinders interpretation of the 
classifiers, because of the bias in annotation for well-studied 
genes and the inability of the algorithm to only use part of a 
gene set. Therefore, we attempt to construct a gene set 
informative for treatment benefit in a data-driven manner, 
which avoids bias and can lead to a more interpretable 
classifier.   

 
2. Approach 

We use gene expression data of 910 MM patients, 
measured by Affymetrix microarray. These patients either 
received a treatment regime with the proteasome inhibitor 
bortezomib (n = 407) or a treatment regime without 
bortezomib (n = 503). We define treatment benefit as a 
significantly better survival on bortezomib compared to 
genetically similar patients who received the other treatment. 

Since no genes show an association with treatment 
specific survival univariately, we evaluate all possible gene 
pairs that can be created with the top 5000 most variable probe 
sets (n = 12.5M). Thus, we can test which genes perform 
better when combined, without imposing limits on which 
genes can be used together. After dividing the 910-patient 
dataset in three equal folds, we compute a z-score for all 
bortezomib patients in Fold 1, which quantifies how much 
larger than expected the survival difference is between a 
bortezomib patient and the 10 most similar patients from the 
other treatment arm. A positive score indicates benefit from 
bortezomib, a negative score harm. Using kNN regression, we 
predict this z-score in Fold 2 and calculate the Pearson 
correlation between the predicted and actual score to identify 
informative gene pairs.  
 
3. Results 

 When analysing the top 500 gene pairs based on R2 we 
find several genes more frequently than expected by random 

chance. Among those CSMD3 and NASP are most prevalent. 
These genes are involved in dendrite development and histone 
transportation, respectively, and have not been previously 
linked to bortezomib response.  
However, when performing forward feature selection based 
on the prevalence in the top 500 pairs to construct a new gene 
set we do not see a significant increase in R2.  
Another approach, where we exhaustively combined the top 
2 genes with all other genes to select the best performing 3-
gene set and so forth, did not result in a gene set with superior 
performance either. However, using an ensemble 
classification approach where the top 27 performing gene 
pairs vote, we do find a significant Hazard Ratio (HR) in Fold 
3 between the bortezomib arm and the other arm in the 25% 
of patients with the highest predicted z-score (HR = 0.5, p = 
0.05).   
 
4. Discussion 
 Combining the most prevalent genes does not lead to a 
better performing gene set. Since combining the 
classifications of the top gene pairs does lead to a 
classification with a significant HR, we conclude that these 
gene pairs do contain relevant information. It will thus be 
interesting to explore if utilizing a different method for 
combining the genes or another approach to define top-
scoring genes will yield better results.  
 
5. Reference 

1. Ubels, J., et al. (2018). Predicting treatment benefit in multiple myeloma 
through simulation of alternative treatment effects. Nature 
Communications, 9(1), 2943.  
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1. Introduction 
 
Immunotherapy (e.g. with checkpoint inhibitors) unleash the 
immune system attack of cancer cells, resulting in longer-
lasting response and increased patient survival with respect 
to standard anticancer therapies. Most importantly, it is an 
effective treatment for different tumour types, but just for a 
small (20-40%) subset of patients.  

It is, therefore, essential to understand this heterogeneity 
across individuals. Using prior knowledge on cellular 
networks and immune-cell signatures, we integrate 
transcriptomics data in a more functional context, providing 
additional information to identify interpretable biomarkers.  

2. Approach 
 

We used transcriptomics data from The Cancer Genome 
Atlas (TCGA) to derive different types of mechanistic 
signatures integrating prior knowledge.  

These signatures, including immune cells quantification (11 
features) [1], pathways scores (11 features) [2], and 
transcription factor activity (122 features) [3] were used, 
along with the full transcriptomic dataset (18245 features), 
to predict response to immunotherapy (Figure 1). 

Elastic-net regression was used to select relevant and robust 
(using cross-validation) features that can be interpreted as 
biomarkers. The resulting models were then used to predict 
patients’ response to immunotherapy with PD1 and CTLA4 
inhibitors [4,5]. 

 

 
 
Figure 1. Pipeline A directly uses molecular data to predict patients’ response. Pipeline B 
derives mechanistic signatures from molecular data by applying prior knowledge, and then it 
uses machine learning methods to predict response. 
 
 

3. Results 
 
We identified as biomarkers features that are known to be 
associated with improved response to immunotherapy, e.g. 
abundance of CD8+ T cells, which are the main “killers” of 
the tumour cells. Other selected features were, for example, 
activation of NFkB pathway, which is involved in the 
regulation of PD-L1 expression on tumour cells and 
therefore in mechanisms of intrinsic resistance to 
immunotherapy, and JAK-STAT pathway, which is involved 
in adaptive immune resistance. 
 
Mechanistic signatures were also shown to be accurate 
predictors of patients’ response to immunotherapy, despite 
being based on a very low number of features (Figure 2). 

 
Figure 2. Evaluation of the predictive power of the mechanistic signatures and full 
transcriptomics data on the validation dataset, compared with PD-L1 expression (used as gold 
standard). 
 
4. Discussion 
 
Using full omics profiling often provide difficulty 
interpretable biomarkers. Here, we apply mechanistic 
signatures for characterization of the tumour 
microenvironment to find relevant biomarkers that provide 
more mechanistically interpretable results and accurately 
explain patients’ response to immune checkpoint therapies. 
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1. Introduction 

Pre-clinical models have extensively been used to 
understand the underpinnings of cancer. Cell lines and Patient 
Derived Xenografts (PDX) offer a high versatility that is used 
to screen them against a wide range of therapeutics strategies. 
These screens offer a direct measure of drug response for 
many drugs– data that can not be collected for human tumors. 

Pre-clinical models do, however differ essentially from 
human tumors. Neither of them possess a complete immune 
system, and cell lines even lack a tumor micro-environment. 
This leads to behavioral discrepancies that make the transfer 
of biomarkers of drug response, from pre-clinical models to 
patients, challenging. 

Here we first quantify the transcriptomics similarity 
between cell lines, PDXs and human tumors. We then present 
a novel algorithm, PRECISE (Patient Response Estimation 
Corrected by Interpolation of Subspaces Embeddings), that 
captures the biological processes common to pre-clinical 
models and human tumors. Finally, we create a drug response 
predictor based on these common biological processes and 
validate this predictor. 

 

2. Approach 
Henceforth, ‘source’ refers to either cell lines or PDXs, 

while ‘target’ refers to tumors. We use cell line data from the 
GDSC1000, PDX data from Novartis (PDXE), and tumor 
data from TCGA. 

Our approach aims at finding biological processes 
common to source and target. For that purpose, we present a 
three-fold domain-adaptation-based strategy. First, the most 
important biological processes are found independently for 
source and target, e.g. with PCA. These important biological 
processes are then mapped to source and target spaces, such 
as these spaces align as well as possible, using the notion of 
principal vectors. Principal vectors (PV) are pairs of vectors, 
one from source and one from target space, such that the pairs 
are ordered by decreasing similarity. By construction, they 
also contain most of the source and target variance. Finally, 
for each pair, vectors are interpolated between the source and 
the target PVs, such that a representation that balances the 
source and the target influence is found for each pair. 

These final vectors – the consensus representation – are 
then used in a regression model, trained on the source labels 
and transferred to the target space, the human tumors. 

 

3. Results 
We first compare principal components computed 

independently on the cell lines, PDXs and tumors. We show 

that model systems are not drawn from the same distribution 
as human tumors and necessitates a domain adaptation step. 
We also demonstrate, using two different permutation tests, 
that these principal components do contain structural 
similarities that are necessary to perform a transfer from pre-
clinical models to human tumors. 

Using PRECISE, we generate the PVs. We show that 
these PVs capture the similarity between cell lines, PDXs and 
tumors and using GSEA we reveal that these (dis)similarities 
are biologically meaningful. Specifically, we show that the 
most similar PVs are enriched for biological processes 
expected to be shared, such as cell cycle or growth factor 
related pathways. The least similar PVs represent tumor 
specific processes, such as the immune system. In addition, 
we demonstrate that the (interpolated) PVs can be used in a 
regression model to predict drug response (Figure 1A). 

Finally, we compare our predictions on the human tumors 
to known stratifications based on independent biomarkers 
(non-transcriptomics) including Lapatinib sensitivity based 
on ERBB2 amplification or Trametinib sensitivity based on 
BRAF/V600E mutation status (Figure 1B). PRECISE 
successfully retrieves these known mechanisms. 

 
Figure 1. A: predictive performance comparison between PRECISE 
and ElasticNet. B: Comparison of PRECISE prediction with known 

stratification (BRAFV600E) for Trametinib in skin cancer. 
4. Discussion 

We introduced PRECISE, a methodology that employs 
domain adaptation approach to predict tumor drug response 
from pre-clinical screens. We show that pre-clinical models 
and human tumors share biological processes but are 
sufficiently different to necessitate domain adaptation. We 
demonstrate that by exploiting commonalities, pre-clinical 
drug response predictors can be successfully transferred to 
predict response in human tumors. 
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1. Introduction 
 

Individuals with Down syndrome have an increased 
risk of developing leukemia during childhood. 5-10% of 
individuals with Down syndrome are born with transient 
myoproliferative disorder (TMD), which is characterized by 
a clonal expansion of megakaryoblasts and is dependent on 
somatic GATA1 mutations1. While TMD spontaneously 
regresses in most individuals, 20-30% of the cases progress 
into acute megakaryoblastic leukaemia (AMKL)1. 

Hematopoietic stem cells (HSCs) have the capacity to 
self-renew and give rise to the entire hematopoietic system. 
In individuals with trisomy 21 (T21), the early fetal 
development of the hematopoietic system is disturbed, 
which is likely related to the increased risk of leukemia in 
individuals with Down syndrome2.  

 
2. Approach 

 
To increase our understanding on the early 

hematopoietic development and its disturbance in 
individuals with T21, we characterized the developmental 
lineages and mutagenesis of fetal HSCs in human fetuses 
with and without T21. For this, we catalogued somatic 
mutations in individual HSCs by sequencing the genomes 
of clonally expanded primary HSCs and small intestine (SI) 
stem cells of fetuses with and without Down syndrome. We 
reconstructed their developmental lineage trees by 
assessing mutations shared between different clones of the 
same fetus. Several bulk tissues were sequenced, to serve as 
a reference and to determine the contribution of early 
embryonic mutations based on their variant allele 
frequencies, to these tissues. Linear mixed models were 
used to compare the mutation loads between fetuses. 
 
3. Results 

 
We obtained an average of 32 SNVs per HSC in the 

healthy control fetuses. This indicates an increased 
mutation accumulation rate compared to healthy adult 
HSCs, which is consistent with our previous study3. In 
HSCs from a T21 fetus the mutation accumulation rate was 
even higher. We did not observe distinctive mutational 
profiles, nor enrichment or depletion of mutations in genes 
or regulatory elements in the T21 fetus compared to the 
controls. 

Our lineage trees suggest that some HSCs were more 
closely related to SI cells than to other HSC cells, 
indicating that their most common recent ancestor occurred 
before gastrulation (fig1). Next, we compared the 
contribution of different branches of the reconstructed 
lineage trees to various tissues. In control fetuses, the first 
branching point of their lineage trees showed a 1:2 
contribution to bulk skin tissue, which is consistent with the 
literature4. In contrast to this, the top branches of a T21 

lineage tree showed an abnormal 1:4 contribution to skin 
tissue.  

Figure 1. Lineage tree of T21 fetus. The black boxes 
depict the number of SNVs per edge. Red: HSC, Blue: SI 

stem cell. 
 
4. Discussion 
 

The increased mutation rate in normal fetal HSCs 
compared to adult, may contribute to the increased 
incidence of leukemia among children. Similarly, the 
increased mutation rate in T21 may contribute to the 
increased risk of AML in individuals with Down syndrome. 
However, as we observed no distinctive mutational profile 
nor enrichment of mutations in coding regions, this 
increased mutation rate alone might not be sufficient to 
explain the high abundance of GATA1 mutations in 
individuals with Down syndrome. 

The abnormal contribution of early embryonic cells to 
bulk tissue in the T21 fetus, could be explained in multiple 
ways. The early embryonic cells might have different 
proliferation or death rates. Another possibility is a 
bottleneck occurring during early embryonic development.  
We will sequence more fetuses to test whether this 
abnormal contribution occurs typically in T21. 
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1. Introduction 
 

Characterization of cancer patients and comparison of 
their transcriptomics data to large publicly available datasets, 
such as TCGA, is limited by several factors. First, the 
evolving technology introduces technical biases into 
observations. Thus, newly obtained datasets and reference 
(or training) data come, in general, from different 
distributions. Second, data obtained from a bulk sample 
represent a mixture of transcriptomes of various cell types 
and may change from one biopsy to another. Third, cancers 
naturally develop inter and intra-tumour heterogeneity of 
malignant cells.  

We recently proposed to use a data-driven 
deconvolution method – consensus independent component 
analysis (ICA) to decompose heterogeneous transcriptomics 
data end extract information relevant for patient diagnostics 
and prognostics. We applied our approach to investigate 
melanoma patients, and showed that it was able to predict 
tumour subtype and patient survival [1]. Here we confirmed 
the validity of the approach on 2 large cohorts of brain 
tumour patients. 

 
2. Approach 

 
ICA [2] performs a matrix decomposition, dividing 

experimentally observed gene expression matrix Xgs into k 
independent signals Sgk mixed with the coefficients of Mks : 

 
(1) 

where g and s – number of genes and samples accordingly. 
Matrix S shows contribution of genes in different 
components and its biological meaning can be extracted 
using gene set enrichment analysis. The weight matrix M can 
be linked to clinical outcomes, such as tumour subtype and 
patient survival. In order to capture the technical biases, we 
combined the new and the reference datasets and applied 
ICA to the joint dataset. Next, the predictive models for 
tumour subtypes [3] (such as random forest) and survival 
(Cox regression) were built and trained on the reference 
dataset. We developed a hazard score HS that combines 
stability of the i-th independent component R2

i, Cox log-
hazard ratio Hi and centred/scaled weight matrix M*. 

 
(2) 

 
 
 

3. Results and discussion 
 
The proposed approach was applied to 2 TCGA 

datasets: GBM (glioblastoma multiform, 171 samples) and 
LGG (low grade glioma, 530 samples). As an independent 
cohort we used 325 samples from Chinese Glioma Cohort 
(CGGA). Despite the fact that the data showed a significant 
difference in distributions (Fig.1A), the proposed method 
was able to predict patient survival in the new dataset 
(Fig.1B). Cox regression between the estimated HS and the 
actual survival gave p-value = 3.4e-18. 
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Figure 1. (A) PCA plot of TCGA and CGGA datasets. 

(B) Kaplan-Meier plot for HS high and low patients. 
 
Next, we investigated potential of predicting tumour 

subtype and IDH1 mutation status, that are vital for the 
patient therapy [3]. First, we trained a classifier exclusively 
on TCGA and applied to CGGA. The accuracy of such 
classification was lower then expected by cross-validation on 
TCGA cohort: Accsubtype=0.62 (expected 0.9) and 
AccIDH1=0.8 (expected 0.99). However, if at least a part of 
CGGA cohort was included into the training set, the 
accuracy was strongly improved: Accsubtype = 0.87, 
AccIDH1=0.97. Therefore, the diagnostics of the patients 
requires that at least some patients in the training set come 
from the same distribution as the testing set.  

Nevertheless, we showed that the proposed method 
efficiently cleans the heterogeneous datasets from technical 
biases and allows making diagnostic and prognostic 
conclusions about the new patients.  
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1. Introduction 
Bile acids are multifaceted metabolic compounds that 

signal to cholesterol, glucose and lipid homeostasis via 
receptors as the Farnesoid X Receptor (FXR) and 
transmembrane Takeda G protein coupled 5 receptor 
(TGR5). However, since the bile acid response to a meal is 
variable, the role of bile acids in postprandial signalling is 
difficult to understand. To describe bile acid metabolism in a 
personalized manner, and to investigate the factors 
underlying this heterogeneity, we first quantified the intra- 
and inter-individual variability of the bile acid response to a 
mixed meal test (MMT), and then applied an individualized 
mathematical modelling approach. 

 
2. Approach 

First, 8 healthy lean male subjects underwent three 
identical mixed meal tests (MMT) in a period of 2 weeks, 
consisting of a liquid meal (Nutridrink Compact, Nutricia, 
ingested at overnight fasting conditions. Bile acids were 
determined via LC/MS/MS (1) from venous blood samples 
drawn prior to and 15, 30, 45, 60, 75, 90, 120, 150, 180 and 
240 minutes after meal ingestion. 

Then, individual mathematical models were created by 
adapting the model previously published in (2) for individual 
use, allocating parameters as either subject specific or meal 
(and subject) specific, and fitting the resultant model to the 
data.  

 
3. Results 

Although the bile acid response to the MMT was found 
to be reproducible at population level, both the intra- and 
inter- individual variability of the meal response were high. 
Even with this high heterogeneity of the individual curves, 
the individual models fit all data well, and thus captured both 
the intra- and inter- individual variability of the postprandial 
response. Intra-individual heterogeneity in the model 
simulations stems from the meal-specific gallbladder 
emptying, which is thus found to be sufficient to induce the 
observed intra-individual variation in the postprandial 
response. 

Next, the subject specific parameters were examined in 
order to determine the origin of the inter-individual 
variability. Although inherent limitations of plasma 
measurements induced some unidentifiability, a number of 
identifiable bile acid metabolism parameters were found. 
Inter-individual differences of bile acid synthesis and 
intestinal transit speed were identified that underlie the 
quantitative and qualitative differences between the 
individual’s bile acid metabolism. Local sensitivity analyses 
on the individual models further showed that microbial bile 
acid transformation in the colon is usually a major 
determinant of plasma bile acids; however, large qualitative 
differences in the importance of the colon are present within 
a healthy population, which are an important contributor to 
the inter-individual variability.    

 
 

4. Discussion 
The postprandial bile acid response was found to exhibit 

not only large inter-individual variability, but also large 
intra-individual differences. These intra-individual 
differences, between identical meals in the same subject, can 
be explained with solely variation in gallbladder emptying. 
Inter-individual differences, on the other hand, are the result 
of underlying quantitative and qualitative differences in 
(intestinal) bile acid metabolism. Furthermore, the approach 
outlined here allows us to identify these qualitative and 
quantitative differences on a personalized manner based 
solely on plasma bile acid responses. This shows the model 
is a potential tool for establishing how bile acid metabolism 
differs between healthy individuals and patients with 
conditions such as Type 2 Diabetes Mellitus through a 
personalized approach.  
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1. Introduction 
Parkinson’s disease (PD) is characterized by a 
progressive spread of Lewy pathology to specific 
brain regions1. The Braak ascending scheme 
describes six Braak stages in which accumulation of 
α-synuclein (SNCA), the main component of Lewy 
bodies, progresses from the lower brainstem to limbic 
and cortical regions1. Although many disease-causing 
genetic variants have been identified in PD2,3, little is 
known about the mechanisms underlying the 
selective regional involvement over time.  

2. Approach 
We analyzed transcriptomic features across regions 
involved in the PD Braak ascending scheme in 
healthy brains using the Allen Human Brain Atlas 
(AHBA). Using correlation and differential 
expression analysis we selected genes with 
expression patterns related to the differential 
vulnerability of brain regions. Co-expression analysis 
identified modules of interacting genes, which were 
then assessed for the enrichment of genes associated 
to cell-types, functional GO-terms, and diseases. 

3. Results 
We identified 960 genes with decreasing (348) or 
increasing (612) expression patterns across brain 
regions of the Braak ascending scheme, including 
genes that harbor risk variants for PD: SNCA (Figure 
1), ZNF184, BAP1, SH3GL2, ELOVL7, and SCARB2. 
These findings were validated in two cohorts of 
healthy subjects from the Genotype-Tissue 
Expression project (GTEx) and UK Brain Expression 
Consortium (UKBEC) based on the average 
expression across these genes. Similar patterns were 
observed in two PD datasets for age-matched 
controls, but the above associations decreased for 
PD- and incidental Lewy body disease patients.  
Two co-expression modules reflected functional 
pathways related to PD and showed decreasing 
expression patterns across the Braak stage-involved 
regions. Module M127 was enriched for microglia-, 
neuronal markers, and genes involved in dopamine 
synthesis and motor functions, and module M47 was 
enriched for endothelial cell markers, and genes 
involved in the immune system and blood-oxygen 
transport. 

 
Figure 1. SNCA expression in brain regions R1-R6 
involved in the Braak ascending scheme. Boxplots 
are shown for each one of the six donors in AHBA. 
Results were validated in cohorts of healthy brains 
(UKBEC and GTEx) and in PD brains. 

4. Discussion 
Compared to the α-synuclein burden associated with 
the ascending Braak scheme in PD, the healthy 
expression signature of SNCA follows a reverse 
pattern with lowest expression in the brainstem and 
highest expression in cortical regions (Figure 1). This 
finding suggests that brain regions with low SNCA 
levels indicate a higher vulnerability to accumulate α-
synuclein deposits, while regions with higher SNCA 
expression may harbor mechanisms that allow to 
better cope with changes of the SNCA burden. 
Our co-expression analysis suggests that there are 
functional gene interactions that underlie early signs 
of PD which may also contribute to the selective 
vulnerability of brain regions to PD. Both modules 
M127 and M47 could not directly be related to the 
expression of SNCA, however they are most active in 
brain regions that express SNCA at low levels. 
Altogether, our results highlight the complex 
orchestra of genetic factors that potentially underlie 
the selective regional vulnerability of the brain in PD. 
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1. Introduction 
Chronic lymphocytic leukemia (CLL) is a B-cell related 

malignancy with a strong genetic component, as evidenced 
by the eight-fold increased risk to develop CLL in relatives 
of CLL patients1. Genome-wide association studies (GWAS) 
have provided evidence for inherited predisposition to CLL, 
identifying 42 (non-HLA) genomic regions influencing CLL 
risk2. However, efforts to define the mechanisms mediating 
the risk at these, largely non-coding, loci have been 
constrained by a lack of integrated genome-wide data in 
large CLL series. 

 
2. Approach 

Here, we aimed to refine the gene regulatory 
mechanisms and the biological significance of CLL risk loci 
by (i) analysing high-resolution chromatin state maps in 
primary CLL cases3, (ii) integrating genetic, epigenetic and 
transcriptomic data in up to 452 primary CLL cases3, 4 using 
quantitative trait loci (QTL) analysis5, (iii) performing in 
silico transcription factor (TF) binding analysis6 and (iv) 
studying the three-dimensional (3D) chromatin structure 
using promoter capture Hi-C in normal B cells and CLL3, 7. 

 
3. Results and discussion 

Eighty-one percent of the 42 genomic risk loci were 
enriched for active regulatory elements (active promoters 
and enhancers) in CLL, suggesting a specific regulatory role 
for these loci in CLL pathogenesis. Additionally, at 18 risk 
loci we defined regulatory regions that showed genotype 
dependent levels of genome activity (H3K27ac QTLs) and 
chromatin accessibility (ATAC-seq QTLs) in primary CLL 
cases. Moreover, within these QTLs, we defined 60 potential 
functional variants underlying genetic CLL predisposition. 

Next, we focused on the underlying biological 
mechanisms through which genetic variants at CLL risk loci 
shape the regulatory genome. To that end, we performed in 
silico TF binding analysis. We observed that genotypes 
associated with higher risk to develop CLL, among others, 

resulted in decreased binding affinity for B-cell related TFs 
and increased affinity for FOX, NFAT and TCF/LEF TF 
family members. Thus, our findings point towards a 
regulatory role for these TFs in CLL predisposition. 

Thirdly, to infer the biological significance of CLL risk 
loci, we identified 36 genes that showed genotype dependent 
gene expression levels (eQTLs) in primary CLLs. These 
represent the potential target genes through which CLL risk 
loci mediate their effect and were involved in pathways such 
as immune response, Wnt signalling and apoptosis, 
underlining the role of these pathways in CLL pathogenesis. 
Interestingly the eQTLs included new genes, such as TLE3, 
that have not been associated with CLL risk before. Lastly, 
we observed significant 3D chromatin interactions in CLL 
and normal B cells between the risk loci and 15 eQTL gene 
loci, highly suggestive for a direct regulatory link between 
the risk loci and expression of these genes in relation to CLL 
predisposition. Importantly, these analyses showed that CLL 
risk loci not necessarily affect expression of the nearest gene 
but may mediate their effect in a distant fashion, as shown 
for UBR5, due to long-range 3D chromatin interactions.  

 
4. Conclusion 

By (i) characterising the potential functional variants 
that influence the risk to develop CLL, (ii) defining the 
regulatory elements and the TFs that play a role in mediating 
the effect of genetic variation at the CLL risk loci and (iii) 
determining the downstream genotype-dependent effects on 
expression of both proximal and distant target genes at these 
regions, we offer improved insights into the functional and 
biological basis of CLL predisposition. 
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1. Introduction 
 

Parkinson's Disease (PD) and Hutchinson-Gilford 
Progeria Syndrome (HGPS) are two heterogeneous 
disorders, which both display molecular and clinical features 
previously associated with the human aging process. 
Previous studies have shown that HGPS is characterized by a 
premature onset of pathologies commonly associated with 
adult aging and PD [1]. However, a systematic investigation 
of potential similarities between disease-associated 
molecular alterations in PD and HGPS at the level of 
individual biomolecules and molecular network alterations 
has not yet been performed. 

 
2. Approach 

 
Here, we perform an integrated meta-analysis and 

comparative network analysis of human transcriptomics data 
from case-control studies for both diseases to investigate 
shared network perturbations in PD, HGPS at the gene, 
pathway- and network-level. After pre-processing the data, 
case-control discriminative gene signatures were derived 
independently for each dataset by differential expression 
analyses using the empirical Bayes moderated t-statistic [2]. 
Nominal p-values of all PD (resp. HGPS) datasets were 
combined using the weighted meta-analysis method by 
Marot and Mayer [3], and the resulting p-values were 
adjusted for multiple hypothesis testing using the Benjamini-
Hochberg procedure. Next, the intersection of significantly 
differentially expressed genes (DEGs) from the meta-
analyses for PD and HGPS was determined and further 
explored using pointwise mutual information (PMI) 
textmining [4], and cellular pathway and network analysis in 
ConsensusPathDB [5] and GeneGO MetaCoreTM 
(https://portal.genego.com/).  

 
3. Results 

 
When comparing disease-associated changes in PD and 

HGPS using differential expression analyses, 31 shared 
DEGs (FDR ≤ 0.05) were identified (Figure 1). Interestingly, 
the UCHL1 and ATP13A2 genes, for which mutations have 
previously been associated with familial forms of PD or 
Parkinsonism, also display significant expression changes in 
HGPS. Furthermore, the list of DEGs also includes genes 
previously related to neurodegeneration and brain aging. 

 

      
 

Figure 1. Shared significant DEGs between PD and 
HGPS (FDR ≤ 0.05) 

 
The pathway analyses identified shared process 

alterations in neurodegeneration, aging and cell 
development. In the network analysis, the top-ranked 
molecular sub-network includes network objects mainly 
involved in cell development and morphogenesis related 
processes, in agreement with the results of the pathway 
analyses. 

 
4. Discussion 

 
In this study we have provided a first comparative meta-

analysis and network analysis of human transcriptomics data 
from case-control studies for both PD and HGPS to 
investigate shared gene, pathway and network alterations in 
PD, HGPS and during the human aging process. We 
identified statistically significant, overlapping changes in the 
activity of individual genes and molecular networks in both 
diseases. These shared molecular network perturbations may 
reflect early indicators of aging-related perturbations in PD, 
in particular developmental processes. 
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1 Introduction
Recent advances in computational, omics, and genetic

technologies allow studies of the complexity of human dis-

eases in a holistic approach. This methodology is open-

ing a new window for research of neurodegenerative dis-

eases. Parkinson’s disease (PD) is the second most com-

mon neurodegenerative disease. PD pathology selectively

affects multiple neuronal populations in the central ner-

vous system. The exact molecular mechanism of this dis-

ease is not known, however the origin is likely to be multi-

factorial, combining age-related, genetic, and environmen-

tal risk factors. Analysis of the monogenic forms of PD

has identified several genetic risk factors linked to bioener-

getic alterations, including mutations in a mitochondrially

targeted, neuroprotective serine/threonine protein kinase

PTEN-induced kinase 1 (PINK1, PINK1 gene). PINK1 is

involved mainly in the mitochondrial quality control pro-

cess through mitophagy, however the link between PINK1
mutation and the metabolic deregulation that leads to the

development of PD in patients remains mostly unknown.

In recent years, genome-scale constraint-based models

have become valuable tools to provide inside into the com-

plex behaviour of metabolic networks. Here, we explore

the metabolic footprint of a PINK1 mutation that leads to

the development of PD in patients by incorporating data

obtained from in vitro cultures of patient-derived dopamin-

ergic neurons to create a PINK1- specific model.

2 Approach
To provide patient-specific constraints and a genetic

blueprint of the PINK1-Q456X mutation, we generated

transcriptomic (RNAseq) and quantitative exometabolomic

(targeted mass spectrometry) data from in vitro cultures of

patient-derived dopaminergic neurons obtained from neu-

roepithelial stem cells (NESC) using iPSC technology.

Each PINK1-Q456X neuronal line has been paired with its

own isogenic control where the PINK1 gene was corrected

using CRISPR-Cas9 technology. Additional neuronal cell

lines derived from healthy volunteers were used for com-

parison. Differential gene expression analysis (DGE) was

used to identify genes, and pathways significantly changed

in PINK1-Q456X neurons. The Recon3D human recon-

struction was manually curated in regards to the PINK1-

relevant pathways identified in DGE.

3 Results
Firstly, we stratified the NESC-differentiated neurons for

the genetic background of the donors (PINK1-Q456X pa-

tients or healthy individuals) based on the obtained tran-

scriptomics data. The clustergram shows that PINK1-

Q456X patient-derived neurons cluster together indepen-

dently of the presence or absence of the mutation. How-

ever, second level clustering differentiates between the

PINK1-Q456X patient-derived neurons with and without

mutation. Differential gene expression analysis (DGE)

between PINK1-Q456X patient-derived neurones revealed

242 genes to be differentially expressed (FDR < 0.01 and

abs(log2FoldChange) > 2) between PINK1-Q456X mu-

tant neurons and their isogenic controls, 30 of which were

metabolic genes included in the Recon3D.

With this transcriptomics data we generated a

constraint-based, genome-scale in silico model of

dopaminergic neuronal metabolism affected by the PINK1-

Q456X mutation (iPINK1) together with a control

model reflecting the metabolism of isogenic controls

(iPINK1ctrl). Furthermore, exometabolomic data was used

to provide additional boundary constraints to the model to

better reflect the in vitro experimental conditions.

4 Discussion
We expect that our approach will allow the determination

of a metabolic footprint of the PINK1-Q456X mutation that

leads to the development of Parkinson’s disease in patients.

Control and PINK1-Q456X patient-derived neuronal mod-

els will be used to predict therapeutic targets aiming to

reduce mitochondrial dysfunction. To this end, we will

perform non-trivial perturbations to reaction rate(s), some

of which could compensate for the effect of mutations in

monogenic PD patients, or act to ameliorate dysfunctional

mitochondrial phenotypes.
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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 observed 
when the combination of multiple mutations result in an 
unexpected phenotype given the outcome of each 
individual mutation. 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 each individually mutated gene. 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, 
where the combination of the two mutations is lethal for 
the cancer cells, and could therefore point to possible 
cancer treatments. 

 
2. Approach 

 
We developed a pipeline to detect genetic interactions 

in two pediatric cancer data sets. The first data set (DKFZ) 
consists of 833 tumours including 23 cancer types [1]; the 
second data set (TARGET) comprises 1,632 tumours from 
6 cancer types [2].  

We first 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, to create a null distribution and infer p-
values for the observed co-occurrence counts. An 
empirical FDR was used for multiple testing correction. 
Gene-pairs with an FDR < 0.2 were considered as 
candidates for genetic interactions.  

To validate our results, we also performed a second 
test, called Weighted Sampling based Mutual Exclusivity 
(WeSME) [4]. This test is based on the same principle as 
the permutation test, but implements several improvements 
resulting in a considerable decrease in computation time. 
We applied the WeSME test ten times and only considered 
gene pairs that scored significant (FDR < 0.2) in at least 
nine tests as high- confidence candidates. 
 
 

3. Results 
 
In total we detect 15 co-occurring and 26 mutually 

exclusive candidate genetic interactions (Figure 1), many 
being significant in both the permutation and WeSME test. 
Nearly all candidate gene pairs are uniquely found in one 
cancer type, supporting earlier findings that genetic 
interactions are often cell or cancer type specific [3].  

Interestingly, we discover that synthetic lethality is not 
the main cause of the mutual exclusivity patterns in our 
data set. Other explanations play an important role, such as 
cancer subtypes or within pathway relationships, where the 
effect of a mutated gene is similar to mutating a 
(downstream) gene in the same pathway. 

4. Discussion 
 
We applied a genetic interaction test to detect co-

occurring and mutually exclusive pairs of mutated genes 
showing that synthetic lethality is not the only underlying 
mechanism, but that other mechanisms also explain a large 
fraction of the candidate pairs. As a next step, we will 
select suitable candidates for experimental validation to 
confirm the co-operative nature of co-occurring genes and 
test the cell-fate of double knock-outs of mutually 
exclusive genes. 
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Figure 1. Co-occurring (blue) and mutually exclusive (red) 
gene pairs in the TARGET and DKFZ data set 
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1. Introduction 
 

Mitochondrial fatty acid ȕ-oxidation (mFAO) is a 
complex pathway in which fatty acids are broken down by 
multiple enzymes to harvest energy. Defects in the pathway 
are associated to various metabolic diseases such as obesity 
or inheritable fatty-acid oxidation disorders. Enzymes in the 
mFAO accept multiple substrates of different chain lengths. 
This leads to molecular competition among the substrates. 
Using a computational model of the mFAO pathway[1,2] 
that contains reversible, competitive inhibitory and saturable 
enzyme-kinetic equations and experimentally determined 
parameters for rat-liver enzymes, here we demonstrated that 
mFAO exhibits a bistable steady state behavior in terms of 
its flux with respect to fatty acid concentration.                               

 
2. Approach 

 
A computational model that consists of 42 variable 

metabolite concentrations, 56 reactions and 234 parameters 
is subjected to an increased supply of fatty acid (Palmitoyl-
CoA), as often happens in obese people or during fasting. A 
numerical continuation method with solving the eigenvalues 
of a Jacobian matrix is used to determine the path of steady 
state solutions and to detect the location of bistability. 

 
3. Results 

 
Simulation results demonstrated that the fatty-acid ȕ-

oxidation pathway exhibits bistability behavior due to fat 
overload which switches between high (healthy) and low 
(unhealthy) flux states (Figure 1). Under physiological fatty 
acid concentrations, the fluxes did not show a smooth 
transition between the two flux states.             
               

 
 
 
 
 
 
 
 
 
 
 

Figure 1. Bistability in fatty acid oxidation. 

Further, metabolic control analysis suggested that at low 
Palmitoyl-CoA concentrations CPT1 (the first transporter 
enzyme) controls the steady state mFAO flux and at high 
Palmitoyl-CoA concentrations, mainly enzyme MCKAT and 
to a lesser extent MCAD and SCAD control the steady state 
mFAO flux. Moreover, parameters related to MCKAT 
enzymes contribute to the flux decline. We modelled various 
physiological interventions and here presented the impact of 
Shc protein (p46Shc) on mFAO bistability.  Shc is an 
endogeneous inhibitor of MCKAT and a potential drug 
target [3]. With a reduction of 50% or higher on this protein 
level, the bistable behavior disappeared and the mFAO flux 
exhibited a saturation type of kinetics (Figure 2). 

 
Figure 2. Reduction of Sch protein level and  mFAO 

bistability behaviour 
4. Discussion 

 
Understanding of the switch behavior of fatty acid ȕ-

oxidation may reveal ways of dietary and metabolic 
intervention in the treatment or prevention of obesity and 
other metabolic diseases. Interestingly, SNPs in Shc have 
been associated with longevity. So apart from being a 
druggable target, it may also play a role in natural variation 
of lipid handling in the population. It is also important to 
identify conditions under which mFAO bistability will be 
physiologically relevant.   
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1. Introduction 
 

E. coli is capable of growing in media with ammonium 

present in the low PM range because of the transporter 

AmtB. The energetics of the transport remains a matter of 

debate1,2 because direct experimental assays are difficult to 

interpret due to the high permeability of membranes to 

ammonia (NH3). A quantitative model including AmtB, the 

regulatory proteins GlnK and GlnB, and the central N-

assimilating enzymes is necessary for a decision on the 

ammonium transport controversy. Such integral models 

may seem impossible however, because of heterogeneity of 

the data sets in terms of quality, relevance, and 

completeness. Given these limitations, how can modelers 

still develop models that are sufficiently realistic to test 

hypotheses about the ammonium transport? 

 

2. Approach 
 

We developed a novel constrained optimization-based 

parameter estimation technique that allows the integration 

of heterogeneous experimental data sets gathered through 

diverse experimental set-ups with different degrees of 

uncertainty. The new technique enables us to objectively 

quantify the plausibility of models based on human 

expertise to decide on accuracies of measured variables and 

parameters. The model plausibility is calculated based on 

the deviation of parameters from the reference values (e.g. 

in vitro-measured values). We implemented the new 

technique on a supercomputer with a fast genetic algorithm. 

 

3. Results 
 

We developed two kinetic models based either on the 

active or on the passive transporter hypothesis. Both models 

include the unmediated diffusion of NH3 and the AmtB-

mediated ammonium transport (either active or passive) 

through the cytoplasmic membrane. As training datasets, 

we employed diverse experimental data from three different 

expert laboratories3,4,5 (e.g. Transient changes in metabolite 

concentrations upon NH4
+-upshift and steady-state specific 

growth rates with different NH4
+ concentrations). 

We performed parameter estimation for the active and 

the passive transporter models. For both models, we found 

solution parameter sets, indicating that both models could 

fit the training data.  However, there was a significant 

difference in model plausibility: The model plausibility of 

the active transporter model was 130 times greater than that 

of the passive transporter model. The difference is mainly 

due to the difference in glutamine synthetase (GS)-related 

parameters: Since NH4
+ cannot be accumulated in the 

passive transporter model, an unreasonably high Vmax of GS 

is required to explain rapid cell growth at PM range of 

external NH4
+.  

 

4. Discussion 
 
We have developed a new modeling technology that 

enables integration of heterogeneous experimental data and 

decisions on the relative rather than absolute validity of 

mechanisms in crucial biological networks. We applied the 

new technology to the ammonium transport and 

assimilation network because it is so complex and 

controversial that it requires objective comparison of model 

likelihood, which we delivered as concretely as a factor of 

likelihood (i.e. 130). 
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1. Introduction 
 

The retro-aldol reaction catalyzed by pyruvate class II 
aldolase converting the substrate of 4-hydroxy-2-ketoacid 
into pyruvate and aldehyde through the aldol cleavage, was 
simulated1 with metadynamics combining both of quantum 
mechanics and molecular mechanics (QM/MM). The metal-
bound water molecule tends to help H45 of the MgII-aldolase 
to deprotonated the hydroxyl group of the substrate, while 
the metal-bound hydroxide proposed in the literature is 
observed as the transient species. The rate-limiting step was 
also determined and the calculated barrier correlates with the 
experiments. 

 
2. Approach 

 
Model studies were carried out beforehand to assess the 

computational accuracy of the methodologies to be utilized 
in the QM/MM calculations. For the simulation in authentic 
enzymatic systems (PDB codes: 4B5U and 4B5V), classic 
molecular dynamics (MD) were performed for 5 ns with a 
time step of 0.5 fs; the resulting structure of RMSD less than 
0.88 °A around the active site was subjected to the QM/MM 
calculations. The QM region composed of MgII, substrate, 
three waters, residues of D42, H45, R70, E44 ,Q147, E149, 
D175, D84’, and V118’; ten H atoms were added to saturate 
the linking bonds between the QM and MM layers.  

The outcoming structure from the aforementioned 
QM/MM simulation was utilized to set up the metadynamics. 
Identical QM region was used in QM/MM metadynamics 
calculations. Well-tempered metadynamics was performed to 
avoid the sampling toward high energy regions with respect 
to the coordinate of the collective variables (CVs). Two 
reaction steps were calculated, in terms of the deprotonation 
and the aldol cleavage: the deviation between OH and NH 
bond lengths was biased in the former step, while the C−C 
bond distance was biased in the latter step. Experimental rate 
constants were converted to energy barriers according to the 
the Eyring-Polanyi equation and compared with the 
metadynamics. 

 
3. Results 

 
Free energy landscapes for two reaction steps obtained 

from the QM/MM metadynamics are displayed in Figure 1. 
The C−C bond cleavage step exhibits a barrier of 13.7 kcal 

mol−1 which is the highest compared to the two transition 
states in the deprotonation step (5.7 and 4.9 kcal mol−1). It is 
thus concluded that the C−C bond cleavage is rate-limiting. 

 

 
 

 
Figure 1. Free energy landscapes for deprotonation and 

C−C bond cleavage. 
 

4. Discussion 
 
Deprotonation appears to enhance substrate binding 

between the deprotonated substrate and the active site. The 
reactive alkoxide is further stabilized by the R70−D42 salt 
bridge and promotes the aldol cleavage. Simulations show 
that the C−C bond cleavage is the rate-determining step, and 
the calculated barrier of approximately 14 kcal mol−1 agrees 
reasonably with experimental data.2 
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1. Introduction 
 

Hepatic mitochondrial fatty-acid β-oxidation plays a 
central role in ATP production during fasting. Medium-chain 
acyl-CoA dehydrogenase (MCAD) oxidizes medium-chain 
fatty acids (C6-C12). MCAD-deficient children present with 
life-threatening low blood glucose concentrations or remain 
asymptomatic. Abnormal acylcarnitine profiles in blood of 
fasting patients indicates altered acyl-CoA metabolism. We 
used a MCAD KO mice model to study systematically the 
changes in hepatic lipidome of MCAD KO mice to explain 
the different acyl-carnitine profile observed from blood and 
liver from MCAD KO mice and the WT littermates. 

 
2. Approach 

 
Male MCAD KO and WT mice on a C57BL/6J 

background were individually housed under standard 
conditions. The mice were fasted for 14 hrs and subsequently 
exposed to 4°C for 4-6 hrs until termination. Liver and blood 
were collected for analysis. We applied the untargeted 
lipidomic method on hepatic lipid extracts according to Gill 
et al1 with slight modifications and the individual TG 
structural analysis was done using the LipidHunter pipeline2. 
In addition, we measured acyl-carnitines according to Derks 
et al3 and liver TG with a commercially available kit. 

 
3. Results 

 
Elevated levels of medium-chain acylcarnitine (C6-

C10:1) were detected in blood but not in liver of MCAD KO 
mice compared to WT littermates. Liver TG was elevated in 
MCAD KO mice compared to WT littermates (76.4±8.6 vs. 
60.6±10.1 mg/g liver, respectively, mean±SD, n=6, P<0.01). 
More than 600 individual lipid species were identified in the 
extracted liver samples. Supervised multivariate analysis 
(OPLS-DA) combined with univariate analysis (Volcano-
plot plot, Figure 1A) revealed that only TGs (n=39, 
annotated as TG(XX:Y)) were significant elevated (fold 
change>2, p<0.01) in MCAD KO mice compared to WT 
littermates. TG structural analysis revealed that almost all 
those elevated TG species (identified structural isomer 
number=131) contained a medium fatty-acyl chain (C6-C14) 
and 29% of them contained an additional medium fatty acyl 
chain (C8-C14), while 98% of them had a normal fatty acyl 
chain (>=C16) as the 3rd fatty acyl chain (Figure 1B). No 
such changes were observed in other lipid classes. 

 
 

 
 

Figure 1.(A) Volcano plot of MCAD KO vs WT. The -log10 p-values 
were plotted against the fold change of all annotated lipids. (B) Acyl chain 
composition of TGs. 
 
4. Discussion 

 
Irrespective of the impaired fatty acid oxidation, the 

acylcarnitine profile in the liver, a proxy of the acyl-CoA 
pool was normal. This indicated the presence of 
compensatory mechanisms. Export of abnormal acyl-chain 
after transfer of the acyl-chain from CoA unto carnitine is a 
well known mechanism. The presence of abnormal fatty acyl 
composition of TG suggested another yet unknown 
mechanism, i.e. incorporation of the abnormal acyl-CoAs 
into TG directly or after a few rounds of chain elongation. 
This points to an important role of TG metabolism to 
maintain normal cellular acyl-CoA profiles when fatty acid 
metabolism is perturbed.  
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Introduction. Microbial cell factories, such as yeast Saccharomyces cerevisiae, play an important role for the 
sustainable production of a broad range of products. Since many industrial applications of S. cerevisiae occur 
under essentially anaerobic conditions, proteome dynamics upon substrate changes under anaerobiosis are of 
particular interest. Generally, the metabolic flux depends on the capacities of the metabolic enzymes, which 
correlate with enzyme abundances, allosteric regulation but also with the occurrence of covalent modifications on 
the amino acid side-chains, termed post-translational modifications. However, in particular for microbes there is 
still a large gap in regards to understanding the diversity and regulatory impact of post-translational modifications. 
Historically, studies usually focus on single, isolated modifications (mostly phosphorylation) without considering 
the full spectrum present at a time. 

Approach and Discussions. This study aims to comprehensively explore the glycolytic protein modification 
landscapes of S. cerevisiae during growth on glucose under anaerobic conditions using a large-scale protein 
characterisation approach. Together with unravelling the landscape of post-translational modifications, we perform 
targeted quantitation of enzyme levels and monitor global proteome changes by large-scale differential proteomics. 
The long-term goal is to get clues on how the cohort of post-translational modifications is involved in regulating 
the glycolytic flux. To establish the methods for the large-scale characterisation, we apply a model strain termed 
minimal glycolysis (MG), which only expresses a minimal set of 13 glycolytic enzymes without any redundant 
paralogs. The strain did not induce any obvious phenotypic response in earlier studies (Solis-Escalante et al., 2015).  
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1. Introduction 
 

One of the main mechanisms Saccharomyces cerevisiae 
utilizes to store glucose is via trehalose. At low growth rates 
S. cerevisiae accumulates high amounts of trehalose for two 
purposes: energy and carbon storage, and stabilization 
during stress conditions [1]. Trehalose can be converted into 
glucose through enzymatic hydrolysis catalyzed by either 
Nth1p/Nth2p or Ath1p.  

It was reported that, when growing on galactose and 
trehalose as co-substrate, intracellular accumulation of 
trehalose was followed by export and degradation of this 
disaccharide once the main carbon source (mainly a hexose) 
was depleted [1]. In this work we show that this mechanism 
is still active even when glucose is the only carbon source 
and is still present in the cultivation broth. Furthermore, we 
found that Ath1p contributes most to recycling glucose 
through the trehalose metabolism.  

Due to a continuous turnover that varies rapidly as a 
response to environmental changes and consumes ATP [2], 
it is expected that trehalose turnover has a significant impact 
on the central metabolism, especially under dynamic 
conditions [3]. Although extensive information has been 
published on the role of trehalose in yeast metabolism [1], 
there is still few quantitative data available regarding the 
extent of such effect. 

In order to elucidate the impact of trehalose metabolism 
from a quantitative point of view, we aim to quantify the 
dynamic response of the storage pools in relation with 
central metabolism under well-defined cultivation 
conditions. 

 
2. Approach 
 

In this study, three yeast strains (wild type, ath1Δ and 
ath1Δnth1Δnth2Δ) were cultivated aerobically under 
chemostat (D = 0.1 h-1) and feast/famine (dynamic cycles of 
high and low substrate availability) conditions: After a 
chemostat phase (reference steady-state), a block-wise 
feeding regime was applied at the same average substrate 
supply and dilution rate, creating repetitive dynamic 
conditions [4]. Intracellular concentrations were measured 
by sampling two cycles, then the feed was switched to 
labelled substrate and the enrichment of metabolites was 
monitored for four consecutive cycles. 
 

3. Results & Discussion 
 

To investigate the role of trehalose in glucose recycling 
in yeast, we grew a mutant strain lacking trehalase activity 
under dynamic feast/famine conditions and compared its 
metabolism to that of a wild-type strain. We found that a 
major contribution to glucose recycle is mediated by Ath1p, 
an enzyme catalyzing the extracellular degradation of 
trehalose. This mechanism largely explains observations 
during 13C-labeling experiments where extracellular glucose 
labeling decreases in time [4], indicating another source of 
glucose. Main differences were found in CO2 and O2 rates 
with values about 10% lower in mutant strains, while qTreh 
was up to 9-fold higher. The extracellular trehalose 
concentration increased up to 10-fold in cultivations with 
mutant strains. During the feast/famine, the extracellular 
glucose concentration was 60% lower in the mutant strain, 
while the extracellular trehalose was 24-fold higher. 
Likewise, the intracellular trehalose was about 2-fold higher 
than in wild-type strain, while intracellular glucose 
decreased about 8-fold. The mutant strain also showed lower 
ATP concentration decreasing the energy charge when 
glucose availability was low. Flux estimations suggest a 
20% higher glucose uptake in the wild-type, which is most 
likely due to extracellular glucose recycle. The present work 
comprehensively presents the role of trehalose metabolism 
in yeast from a quantitative point of view. 
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1. Introduction 

Amino acids are increasingly recognized as important 
factors influencing glucose metabolism in humans. Increased 
fasting concentrations of circulating branched-chain amino 
acids (BCAAs) are associated with insulin resistance [1]. On 
the contrary, intake of amino acids triggers insulin release 
and decreases plasma glucose levels [2]. Importantly, a 
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  
postprandial glucose regulation is essential to better 
understand the interaction between amino acids and glucose 
homeostasis. In the present study, we combined an extensive 
literature search with computational modelling to investigate 
the influence of amino acids on glucose homeostasis.  

 

2. Methods 
A systematic literature search on the quantitative effects 

of amino acid ingestion on short-term postprandial glucose 
and insulin concentration was conducted in PubMed between 
January and March 2018. The software Graph Grabber was 
used to extract quantitative data from scanned plots 
containing short-term postprandial time series data on 
plasma glucose and insulin following amino acid ingestion. 
The digitized data were used to calculate kinetic parameters 
using MATLAB (Figure 1). Based on this, we extended a 
computational model of the postprandial glucose regulatory 
system, the Eindhoven Diabetes Education Simulator (E-
DES) with the BCAA leucine [3]. 
 

3. Results and Discussion 
The initial literature search identified 8987 records. 

After screening of titles and/or abstracts, 8681 records were 
excluded. From the remaining 306 articles, sixteen articles 
were included in the present quantitative analysis, which is 
visualized in infographs (Figure 2). The E-DES model was 
implemented in MATLAB 2017b. A plasma leucine 
compartment was added to the existing model and the 
differential equations were adjusted accordingly (Figure 3). 
A workflow involving a sensitivity analysis, parameter 
estimation and profile likelihood analysis was created, which 
allowed fitting of a subset of model parameters to the 
glucose, insulin and leucine time series data, identified 

through the systematic literature search [4]. Our approach, 
combining a systematic quantitative literature search and 
computational modeling, allows, for the first time, to 
mechanistically investigate the role of amino acids in 
postprandial glucose homeostasis in humans.  
 

 
 

Figure 1. Systematic review study inclusion and kinetic parameter calculation 
 

 
 

Figure 2. Leucine infograph. The digitized time series data, as well as the calculated 
iAUC for plasma glucose and insulin are shown for different conditions. The data was 
identified through the systematic review search. 
 

 
 

Figure 3. Schematic representation of the Leucine E-DES model. The grey areas show 
the compartments used in the model. Red arrows denote glucose fluxes; blue arrows 
denote insulin fluxes; green arrows denote leucine fluxes. 
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1. Introduction 
  

Microbial metabolism is highly dependent on the 
environmental conditions. Especially in large-scale 
bioreactors, microorganisms encounter dynamic conditions, 
influencing their performance. A common way to study these 
dynamics is to perform scale-down stimulus-response 
experiments. One example is the feast-famine regime, where 
varying the substrate concentration results in rapid changes 
of intracellular metabolites. However, the cell energy charge 
remains constant. Along with experimental data, predictive 
kinetic models are also needed for the understanding of 
microbial cell factories. In this study, a dynamic model was 
composed to reproduce the experimental observations and 
shed light on the metabolic behavior under dynamic 
conditions. 

 
2. Approach 

 
 A feast-famine experiment was performed, where 
substrate excess and starvation periods were alternated in an 
Escherichia coli K12 culture. Each cycle was designed with 
20s of continuous glucose feeding followed by 380 s of no 
feeding.  
 As a starting point the dynamic kinetic model of Peskov 
et al. is used [1]. This model contains the phosphotransferase 
system (PTS), glycolysis, pentose phosphate pathway (PPP) 
and the tricarboxylic acid cycle. To reproduce the 
experiments better, the production and consumption of 
glycogen was added as a reaction.  
 
3. Results 
 
 The model of Peskov was selected as a good starting 
point for the final model that would reproduce the 
experiments and especially the energy homeostasis, since it 
contains the metabolites ATP, ADP and AMP and is not too 
complex.  
 In the initial simulation the resulted concentrations of 
glycolytic metabolites were overall much higher than the 
experimental ones, indicating that one of the reactions 
leaving the glycolysis needed to increase. After testing 
multiple scenarios, the best results were obtained by 
increasing a flux consuming G6P. In order to give this flux a 
biological meaning, a possible metabolite should be found.  
 Two pathways originating at the G6P node are the PPP 
and glycogen formation. Since the PPP is already integrated 
in the original Peskov model, and increasing the flux trough 

this pathway did not lead to better results, this hypothesis 
was rejected. Glycogen formation in E.coli serves as an 
energy storage compound, which could be of great use in a 
feast-famine regime. Therefore this hypothesis could be true 
and glycogen production and consumption were 
implemented in the model. 
 As the enzymes of the PTS regulate glycogen production 
and consumption, the transition between them is regulated by 
the glucose concentration [2]. Also, during the production of 
glycogen ATP is consumed, while during its consumption no 
ATP is produced.  
 After the implementation of this glycogen metabolism 
and tuning some parameters of the model from the 
glycolysis, the metabolite profiles over time generated by the 
model reproduced the experiments in a very satisfying way.  
 However, despite the reproducibility of the experimental 
metabolite concentrations, the energy homeostasis was not 
predicted. From the model, it was determined that the ETC 
could have a big impact on the energy charge as it converts 
ADP to ATP. By comparing the oxygen uptake rate of the 
experiments with the energy charge in the model, it was 
evident that the oxygen consumption increased at the same 
time as the decrease in energy charge and followed the 
opposite profile over time. However, the flux from the ETC 
in the model was a factor 100 lower than the oxygen uptake 
rate of the experiments, which meant that the flux through 
the ETC in the model could be increased dramatically. By 
increasing this flux in the model, the constant energy charge 
of the experiments was reproduced. However, the oxygen 
uptake rate of the experiments was still higher as the flux 
trough the ETC in the model.  
 
4. Discussion 

 
Results of this work demonstrated that the glycogen 

production in combination with an active ETC explain the 
energy homeostasis in E.coli during a feast/famine regime. 
The constructed kinetic model can be used for predictions of 
the metabolome behaviour under dynamics. 
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1. Introduction 

Advancements in sequencing techniques have allowed 
for  the  reconstruction  of  many  genome-scale  metabolic 
networks.  Studying  the  metabolic  capabilities  of  such 
networks  by  optimisation  methods,  such  as  Flux  Balance 
Analysis (FBA), has offered great insight. However,  these 
methods  can  only  explain  flux  vectors  that  maximise  the 
production  of  some  objective  metabolite.  In  contrast, 
Elementary  Flux  Modes  (EFMs)  can  describe  the  entire 
steady  state  landscape,  but  the  number  of  EFMs  grows 
innumerably  large  with  realistically  sized  networks.  Here, 
we  revisit  the  concept  of  Elementary  Conversion  Modes 
(ECMs),  enabling  us  to  describe  the  entire  steady  state 
landscape in larger networks. The ECMs of a network show 
all  possible conversions between external metabolites of a 
cell,  thereby  summarising  the  metabolic  capabilities.  The 
concept  has  been  introduced  over  a  decade  ago,  but  no 
functional implementations have yet been made.

2. Approach 

The flux cone spanned by all EFMs of a network can be 
transformed into a conversion cone (spanned by ECMs) by 
multiplication  with  the  stoichiometric  matrix.  However, 
since all EFMs cannot be enumerated on large networks, a 
way of enumerating ECMs without knowledge of the EFMs 
was suggested by Urbanczik and Wagner [1]. However, the 
published  implementation  of  this  theory  was  found  to  be 
insufficient to enumerate ECMs in networks that were too 
large for EFM-enumeration. To reduce the problem size of 
the  enumeration,  we  have  added  additional  network 
compression steps that leave the conversion cone invariant.

Finally,  a  method  was  added  that  further  reduces 
enumeration complexity by hiding certain metabolites.

3. Results

A tool  was written in Python,  allowing researchers to 
enumerate ECMs from Systems Biology Markup Language 
(SBML) files, or directly from stoichiometry matrices. We 
showed that our tool can describe the metabolic capabilities 
of  networks  that  were  found  to  be  too  large  for  EFM 

enumeration. However, finding all conversions of genome-
scale metabolic networks yet remains out of reach.

 

Figure 1. Black vectors denoting EFMs spanning the flux cone 
(left), and ECMs spanning the conversion cone (right). Whilst transforming 
the flux cone into the conversion cone is possible, when the EFMs are 
innumerable, alternative strategies allow directly computing ECMs without 
calculating the steady state flux space. 

4. Discussion

Current  results  show that  ECMs can provide value in 
situations where EFMs are no longer computable. ECMs can 
be used to find a rationale for FBA results, because we can 
find  why  the  conversions  that  form  them  were  chosen. 
Moreover,  it  could be used to compress networks without 
loss  of  phenotypes  in  an  unbiased  fashion,  could  allow 
phenotype validation of draft models, and might be used to 
model cross-feeding communities.

Whilst we cannot yet enumerate ECMs of genome-scale 
models, further improvements to the enumeration algorithm  
are  being  made.  We  believe  that  our  open  source 
implementation  opens  a  useful  field  for  further 
improvements.
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1. Introduction 
 

Colorectal cancer (CRC) cells can be divided into four 
different groups referred to as consensus molecular subtypes 
(CMS) [1]. The classification of CRC cells into groups 
depends on their gene expression, immune or signaling 
activation, and metabolic dysregulation. This classification 
offers the possibility of subtype-specific therapies for CRC. 
Here, we use transcriptomics data in combination with the 
human metabolic reconstruction Recon3D [2] to create cell-
specific metabolic models of CRC cells and investigate the 
metabolic differences among the four CMS groups. 

 
2. Approach 

 
We downloaded the metabolic reconstruction Recon3D 

[2] from the Virtual Metabolic Human database 
(https://vmh.life) [3]. Using transcriptomics data from 52 
CRC cell line cultures, we constrained the allowed flux values 
through reactions associated with the transcribed genes, as 
dictated by the gene-protein-reaction rules in Recon3D. In 
order to analyze possible fluxes through the 52 cell-specific 
models and identify metabolic differences among the cells, 
we applied several metabolic network analysis methods (e.g., 
flux balance analysis [4]) using the COBRA Toolbox [5]. 

 
3. Results 
 
A principal component analysis based on the minimum and 
maximum fluxes of each model showed that the models 
cluster into two groups, one containing CMS types 1 and 4, 
and the other containing types 2 and 3 (Fig. 1).  

 
Figure 1. Principal component analysis (PCA) on minimum and 

maximum flux values of all Recon3D reactions between the 52 colorectal 
cancer models. 

The main differences driving the separation between the 
two groups were found in amino acid and energy metabolism. 
Additionally, cell models belonging to groups CMS2 and 
CMS3 were capable of secreting significantly higher amounts 
of the fermentation products acetate and carbon dioxide (Fig. 
2). 

 
Figure 2. Maximum secretion fluxes of acetate and carbon dioxide 

(CO2) of the 52 CRC models. 
 

4. Discussion 
 
We observed metabolic differences among our metabolic 

models of cells belonging to the four different CMS types. 
Further investigations into the models and flux distributions 
are necessary to understand where these metabolic differences 
stem from in the models and whether they could be 
biologically relevant. With further analyses and validations, it 
might be possible to apply further modelling to hypothesize 
on different target therapies for the different CMS types. 
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1. Introduction 
 

Several genome-scale metabolic reconstruction software 
platforms have been developed and continuously updated 
during the last fifteen years. These tools have been widely 
applied to reconstruct metabolic models for hundreds of 
microorganisms ranging from important human pathogens to 
species of industrial relevance. So far, these platforms have 
not been systematically evaluated with respect to software 
quality, best potential uses and intrinsic capacity to generate 
high-quality genome-scale metabolic models. In 
consequence, this lack of assessment keeps users away from 
selecting the tool that best fits the purpose of their research. 

 
2. Approach 

 
In this work, we reviewed the current genome-scale 

reconstruction software platforms and we performed a 
systematic assessment of the most promising tools [1-7]. We 
defined a list of features for assessing software quality 
related to genome-scale reconstruction which we expect to 
be useful for potential users. In addition, we compared the 
output networks generated using each of these tools with the 
high-quality manually curated models of Lactobacillus 
plantarum and Bortedella pertussis, representatives of gram-
positive and gram-negative bacteria, respectively. 

 
3. Results 

 
We showed that none of the tools outperform the others 

in all the studied features and that users should carefully 
choose one or another, or even combining them, depending 
on the particularities of their projects. 

 

 
Figure 1. Jaccard Distance (JD) and ratio between coverage 
and additional reactions (R) for draft reconstructions of L. 
plantarum (A) and Bordetella pertussis (B). 
 

4. Discussion 
 
Model builders can use this benchmark study as a guide 

to select the best tool for their research. In addition, 
developers can also benefit from this evaluation by getting 
feedback to improve their software. 
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1. Introduction 
Kinetic metabolic models are powerful tools to study the 

behaviour of a system. In the field of yeast biotechnology, 
there is a long history in the application of these tools, due to 
Saccharomyces cerevisiae being a model organism and its 
industrial relevance. Currently, the state of the art kinetic 
models focus in central carbon metabolism, and are limited 
to glycolysis, trehalose and glycerol metabolism [1]. 
Nevertheless, they cannot predict both steady state and 
system perturbation response accurately. Improving dynamic 
descriptions is the first step towards model development that 
we are taking in the Yeast3M collaboration. 

 
2. Approach 
We aim to increase the coverage and accuracy of current 
models, to get a complete view of central carbon 
metabolism. The first steps that we have worked with are: 
- Divide and conquer approach: estimation of all the kinetic 

parameters in glycolysis and comparison with published 
data on measured values. Parameter estimation takes place 
reaction by reaction [2]. 

- Inclusion of biomass in the model: biomass seems to be a 
key missing piece to successfully reproduce the steady 
state concentration and fluxes values. We have quantified 
the fluxes leaving glycolysis and being used for biomass 
generation and fitted these values into the model with 
polynomial expressions.  

 
3. Results 

Divide and conquer parameter estimation 
Most of the estimated parameter values are on the same 
order of magnitude as the experimentally measured data. 
Nevertheless, some are too close or rise above this limit 
(fig.1). These parameters come from the kinetics of glucose 
transporter (GLT), hexokinase (HK), phosphofructokinase 
(PFK) and pyruvate decarboxylase (PDC).   

Biomass inclusion 
The fluxes leaving glycolysis can be correlated with the 
growth rate with polynomial expressions. These expressions 
are second order polynomials, but are increased in case 
tendency changes after growth rates above 0.3 h-1. These are 
set back in the model as metabolite sinks. Preliminary results 
point to an improvement of the fluxes simulations at different 
growth rates, but the metabolite concentrations fit is rather 
poor. Furthermore, current simulations do still experience 
issues when working at high growth rates. 

 

 
Figure 1. Plot in vivo vs in vitro parameters 

 
4. Discussion 

Divide and conquer parameter estimation 
Results suggest that coming work should focus on better 
determining the dynamics of the troubled enzymes. There is 
a long experience of issues with cases such as HK or PFK, 
[3] but we aim to use new data provided in the Yeast3M 
project and the ADAPT algorithm for parameter estimation 
to narrow uncertainty in these regions [4].  

Biomass inclusion 
The system simulation in regions of high growth rates (h>0.3 
h-1) is still a challenge, and metabolite profiles are out of 
scope yet. Metabolism in this region becomes partially 
fermentative, and this behaviour is not currently predicted by 
the model. This work is still ongoing. Alternatives for further 
validation could include the use of Flux Balance Analysis 
(FBA) data on fluxes or more defined kinetics in Pentose 
Phosphate Pathway (PPP), among others. 
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1. Introduction 
 

Transfusion of donor-derived red blood cells (RBCs) is 
the most commonly used form of cell therapy. The high cost 
of disease screening, and shortages, especially in low-income 
countries and for chronically transfused patients requiring 
special serotypes, are some of the limitations of this fully 
donor-dependent system. In vitro production of RBCs could 
alleviate these problems [1].  

Erythroid precursors can be cultured from hematopoietic 
progenitors, and can be differentiated into transfusion-ready 
RBCs. To be economically viable, production costs must be 
reduced by several orders of magnitude [2]. A limitation in 
maximum cell density, 2 x 106 cells/mL, has been observed 
in in vitro erythroblast expansion. We aim at identifying the 
origin of this cell density limitation, both in media 
composition and feeding regimes, to develop strategies for 
upscaling of this process and economically feasible 
production. 

 
2. Approach 

 
Targeted and untargeted metabolomics measurements, 

for both the intra- and extracellular compartments, were 
performed for erythroblast cultures at varying starting cell 
densities to identify depleted metabolites and/or 
accumulating metabolic inhibitors. Conditioned media with 
varying levels of growth inhibition on proliferating cells 
were generated by culturing erythroblasts at 0.7 – 15 x 106 
cells/mL. Media reconstitution experiments were performed 
separating fresh media and growth-inhibiting supernatant 
using a 3 kDa cut-off, and testing the effect of the filtrates 
and retentates on expanding erythroblasts. To identify 
potential depleted metabolites, growth-inhibiting media was 
supplemented with the components of fresh medium, 
following a one-factor-at-a-time experimental design. 

 
3. Results 

 
Media reconstitution experiments indicated that 

components smaller than 3kDa are responsible for growth 
inhibition. After 36h of culture, we observed degradation of 
nucleosides, a strong depletion of essential lipids and amino 

acids, and a decrease in intermediates of the glutathione-
ascorbate, γ-glutamyl and cysteine-methionine cycles. The 
latter pathways are involved in glutathione metabolism, a key 
intracellular antioxidant. The accumulation of allantoate 
suggests accumulated oxidative stress in high density 
erythroblast cultures. Addition of reactive oxygen species 
scavengers, however, did not result in a significant increase 
in peak cell density.  

Dilution of growth-inhibiting media suggests that, in 
addition to potential inhibitors, depletion of nutrients could 
be limiting growth. 

 
4. Discussion 

 
Accumulation of and/or depletion of component(s) 

smaller than 3 kDa seems to inhibit and/or limit growth in 
high cell density erythroblast cultures. Metabolites involved 
in the oxidative stress response pathways were identified 
from untargeted semiquantitative metabolomics 
measurements. Further metabolomics analysis integrated 
with mass spectrometry or RNA-sequencing to measure 
enzyme levels will be undertaken to identify key regulatory 
axis to fine-tune specific metabolic pathways. 
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1. Introduction

Metagenomic analysis of microbial communities in soil

may  provide  agriculturists  with  valuable  information,
allowing  them  to  attune  fertilization  and  apply  effective

disease  treatment  to  crops1.  However  the  amount  of
expertise  required  for  analysis  and  the  duration  between

sample  acquisition  and  result  of  second  generation

sequencing  (SGS)  impede  large-scale  and  actionable

sampling,  especially  in  remote  areas.  Due  to  recent
advances in accuracy and throughput, nanopore sequencing

technology  may  prove  to  be  a  viable,  cost-effective  and
field-deployable  alternative  to  SGS  in  metagenomic

analyses2.

2. Approach
We assessed the applicability of the MinION portable

sequencer in this setting, by sequencing whole 16S regions
of strains  in a simulated  microbial  community  sample  of

known  composition.  We  compare  our  results  with  an
analysis based on short  Illumina reads of the 16S V3-V4

region  to  elucidate  whether  the  MinION  allows  for  an
equally  or  more  reliable  assessment  of  the  community

composition.  We  then  sequenced  actual  rhizosphere
microbial  samples  obtained  from  two  tomato  species,

Solanum  pimpinellifolium and   Solanum  lycopersicum
(Moneymaker)  to  assess  the  difference  between  the  two

technologies on a real-world example. 

3. Results
We sequenced all samples in a multiplexed setup on a

single  flowcell  and  sequenced  approximately  four  milion
strands in 24 hours. More than 95% of reads contained the

expected number of bases for the 16S region and barcode
adapters (1.6kbase).  Taxonomic classification of the reads

is in progress.

4. Discussion
Nanopore  sequencing  is  a  rapidly  developing

technology which found its first commercial application in
the  MinION,  the  first  hand-held  sequencing  device.

Although still suffering from low basecalling accuracy, its
potential in field applications such as disease outbreaks3 is

evident.  Similarly,  we foresee that  the MinION may be a
valuable asset  to agriculture,  as a rapid diagnosis tool for

soil  microbiome-related  issues  (Fig.  1).  In  this
investigation, we evaluate how well the MinION in its 

Fig. 1: Envisioned pipeline for real-time soil community analysis using the
MinION.

current  state  is  able  to  fulfill  this  role,  by comparing  its
ability  to  distinguish  microbes  in  a  sample  of  known

composition  to  both  the  ground  truth  and  Illumina-based
16S analysis,  the current  golden standard.  We also assess

how  much sequencing time the MinION requires to reach a
given resolution in taxonomic classification in this setting,

an  important  variable  if  the  technology  is  to  be  used  in
routine field analysis.
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1. Introduction 
 
Microbial communities are ubiquitous and can be found in 
different ecosystems such as, human gut and rhizosphere.  
These communities can affect their host in several ways12. 
 As the sequencing technology progresses, the genome 
sequencing of whole microbial communities is now feasible.  
This allows not only the construction of a genome-scale 
metabolic model of a single species but also the metabolic 
model of an entire community.  This modeling technique has 
been frequently used to reveal the metabolism of single 
species.  Challenges remain for the study of the metabolic 
interactions between community members as it is unclear of 
what is the metabolic objective of the community3. 
 We aimed to elucidate such interactions using constraint-
based modeling of bacterial communities from the 
rhizosphere.  We selected 14 bacterial species based on their 
diverse effects on the plant host.  We aimed to reveal the 
metabolic interactions between these microorganisms and 
identify their unique characteristic in how they affect the plant 
host. 

 
2. Approach 
 
Fourteen selected bacterial strains were sequenced.  Their 
metabolic phenotypes were characterised using Biolog.  
Genomes were annotated using SAPP4.  The annotated 
genomes were used as an input to CarveMe to automatically 
generate the draft constraint-based metabolic models and the 
community models5.  The models were then optimized using 
Biolog data.  The models and community model were 
analysed using Flux Balance Analysis (FBA)6.  We considered 
them pairwise and we pose a bi-objective optimization 
problem to maximize growth of both organisms.  We used 
weighted optimization to obtain the Pareto front7. 

 
3. Results 
 
The models for the 14 selected species were generated.  We 
focused on growth of the organisms on a minimal medium 
with glutamate as a sole carbon source, as glutamate is one of 
the key exudates of plant roots.  The models were evaluated 
and optimized based on this medium condition using Biolog 
data.  Then, community models were created for every 
possible pair of the individual models. 

Each community model results in a Pareto front which 
represents the community growth for the whole range of 
possible community compositions, varying from the presence 

of only one organism and the absence of the other to vice 
versa.  Furthermore, several carbon sources that can be 
consumed by only one organism, given the Biolog data, were 
added to the medium.  An example is shown in Figure 1.   

 
 
 
 
 
 
 
 

 
 
 
 
 
 

 
 

Figure 1: Pareto front of the community formed by S. 
marcescens A2 and C. michiganensis subsp. michiganensis 

using various carbon sources.  The growth of the community 
is higher than the individual growth represented by the red 

circles. 
  
4. Discussion 
 
The Pareto front appears as a promising way to simulate the 
interaction within microbial communities.  Nonetheless, some 
adjustments are needed for more precise predictions such as, 
rate of exchange reactions between organisms and the 
environment.  Furthermore, the simulation will be validated 
using experimental data. 
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Metabolite exchange is widespread in natural microbial

communities and an important driver of ecosystem 

structure and diversity. It is predicted from genome-scale 

and kinetic metabolic models and can evolve under 

laboratory conditions in initially clonal populations, leading

to the emergence of simple ecologies of crossfeeding 

microbes. However, self-sufficient ’superorganisms’ 

capable of performing all metabolic functions also evolve 

in these experiments and are common in nature. This raises 

the question what determines whether evolution leads to an 

‘ecosystem based’ solution of multiple crossfeeding species

that together perform all necessary metabolic functions, or 

an ‘individual based solution’ of self-sufficient organisms. 

To investigate the role of random mutations in this 

process we performed a parallel evolution experiment 

(n=41) evolving a community of digital organisms in a 

constant, one-niche environment. Specifically, we use 

VirtualMicrobes, a general model for microbial eco-

evolutionary dynamics. It features an evolvable genotype-

to-phenotype map integrating a toy biochemistry, structured

genomes, metabolic and gene regulatory networks, and a 

structured environment. We do not a priori define 

metabolic and ecological strategies, trade-offs, or an 

explicit fitness function. Instead, we let these evolve via 

emergent interactions, and characterize the evolved 

solutions. 

We show that initially identical microbial communities

follow different evolutionary trajectories, with around half 

of the communities diversifying in crossfeeding lineages, 

and half formed by self-sufficient ’superorganisms’ that 

produce and recycle all essential building blocks. Which 

type of community evolves is determined by prior 

metabolic adaptations that fixate in the initial community. 

While the requirements for reproduction are identical for 

all microbes, the large degree of freedom allows different 

metabolic solutions, and the evolved solution sets 

limitations on future ecological roles. This suggests that 

evolution of microbial communities does not reflect global 

optimization of resource utilization, and cannot be 

predicted from the biochemical constraints or first 

principles, but instead is contingent on evolved properties 

of the cell. This shows that a particular cascade of 

mutation-level events can blow up to shape whole 

ecosystems via emergent ecological interations.

Figure  1:  Muller  diagrams  showing  the
evolution  of  crossfeeding  and  self-sufficient
organisms  from  an  initially  identical
population of Virtual Microbes
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Marine  microbes  play  a  fundamental  role  in  marine

biogeochemical  processes.  More  specifically,  plankton

communities located in the sunlit surface of the ocean form

a  giant  biogeochemical  layer  in  which  CO2 and  other

elements are fixed into organic matter and thus can enter the

food  web.  This  organic  matter  can  be  remineralized  and

serve as a substrate to other organisms or can be exported

through carbon sequestration to the deep ocean, where it is

stored  for  time  scales  up  to  geological.  Although  these

organisms  are  as  important  for  the  Earth  system  as  the

rainforests and form the base of marine food webs, we know

surprisingly  little  about  how  they  coordinate  activities  to

perform  community  functions  and  react  to  changing

environmental conditions.

Network modeling is an increasingly popular approach

to study  microbial  communities  in  terms  of  structure  and

function. The drawback of frequently used correlation-based

network approaches is the lack of distinction between cause

and  effect.  However,  also  observational  data  holds

information about cause and effect relationships which can

be extracted with computational approaches.

We  apply  causal  network  modeling  on  unicellular

eukaryote  (protist)  abundance  data  collected  in  the  photic

zone  of  the  Mediterranean  Sea  by  the  Tara  Ocean

Expedition.  Moreover,  we  integrate  physicochemical

characteristics  of  the  water  column  (temperature,  salinity,

depth  and  chlorophyll  a  concentrations)  in  the  model,  to

propose  causal  interactions  between  these  parameters  and

species abundance.

Characterising  potential  causal  interactions  among

protists,  as  well  as  between  biotic  and  abiotic  factors

delivers testable hypotheses and insights in the functioning

of  these  communities  and  their  interactions  with  the

environment.

The present  study contributes  to  the understanding  of

the  complex  cause-effect  relationships  between  resident

microorganisms and their environment, in the sunlit layer of

one of the world’s major seas. Ultimately, approaches like

the  one  we  followed  will  enable  us  to  predict  more

accurately  the  outcome  of  community  alterations  and  the

effects  of  various  perturbations,  including  anthropogenic

ones. 



Noise propagation in an integrated model of bacterial gene expression and growth

In bacterial cells, gene expression, metabolism, and growth are highly interdependent and tightly

coordinated. As a result, stochastic fluctuations in expression levels and instantaneous growth rate

show intricate cross-correlations. These correlations are shaped by feedback loops, trade-offs and

constraints acting at the cellular level; therefore a quantitative understanding requires an integrated

approach.  To  that  end,  we  here  present  a  mathematical  model  describing  a  cell  that  contains

multiple  proteins  that  are  each  expressed  stochastically  and  jointly  limit  the  growth  rate.

Conversely, metabolism and growth affect protein synthesis and dilution. Thus, expression noise

originating in one gene propagates to metabolism, growth, and the expression of all other genes.

Nevertheless,  under  a  small-noise  approximation,  many  statistical  quantities  can  be  calculated

analytically. We identify several routes of noise propagation, illustrate their origins and scaling, and

establish  important  connections  between  noise  propagation  and  the  field  of  metabolic  control

analysis.  We  then  present  a  many-protein  model  containing  >1000  proteins  parameterized  by

previously measured abundance data and demonstrate that the predicted cross-correlations between

gene expression and growth rate are in broad agreement with published measurements.
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The phenotypic properties of an organism are determined by 
cellular constraints that can be of physical/chemical nature, or 
by limitations resulting from the evolutionary history of an 
organism. Such constraints lead to trade-offs, which restrict 
organisms in optimizing multiple phenotypic properties 
simultaneously. In the case of environmental transitions, 
trade-offs can manifest themselves in an intermediate growth 
arrest. 

 
An example is the intermediate lag phase observed 

during diauxic growth on different carbon sources. The 
underlying reasons for such a lag phase can be the time 
needed to change the cellular composition to grow on the new 
substrate, and/or  that only a part of the population can resume 
growth on the second carbon source. 
 

We aim to understand the relation between growth 
rate and adaptability in Lactococcus lactis by detailed 
characterization of the growth response to environmental 
transitions. One focus will be the types of adaptation 
strategies (bet-hedging, proteome adaptation, or generalist 
strategies) used by L.lactis. We will study the response of 
L.lactis to around 100 environmental transitions, including 
various carbon sources and stress conditions. Initially we will 
observe the growth characteristics throughout transitions by 
optical density measurements, which will be followed by 
single cell analysis  using flow cytometry and/or time-laps 
microscopy. This should allow us to identify conditions where 
significant trade-offs occur between growth rate and 
adaptability, and to identify the adaptation strategies used by 
L.lactis during environmental transitions. 
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1. Introduction 
 

To fundamentally understand cellular behaviour we have 
to think about it in terms of evolutionary success. Phenotypic 
adaptation to changing environments is an important 
determinant in the selective force on prokaryotes. One way 
to achieve this is the induction of stochastic phenotypic 
heterogeneity within a population, e.g. bet-hedging. Another 
strategy is to infer the state of the environment by 
transducing external signals, enabling the cell to generate an 
appropriate internal response. Intuitively one would expect a 
higher accuracy of signal transduction in this last strategy to 
lead to higher fitness, as the cell now has more information 
about the environment and can more reliably determine the 
appropriate response. However, it has been observed time 
and time again that cells only seem to sense a few external 
signals and that they do so in a noisy regime, leading to 
largely stochastic responses. 

 
2. Approach 

 
We argue that this behaviour can only be understood 

considering all signals relevant to the cell and their value in 
terms of fitness. To achieve this we extend existing theory by 
considering fitness to be a function of two information-
theoretic terms. The commonly used mutual information 
between a signal and the cell's response, and the newly 
introduced mutual information between all hidden signals 
and the optimal response, i.e. the missing information. 

 
3. Results 

 
The resulting model indicates that it is often 

evolutionarily optimal to transduce individual signals noisily 
(figure 1). Only when one signal contains nearly all 
information about the optimal response should this signal be 
sensed as precisely as possible. When it contains no 
information it should not be sensed at all. 

 

 
 

Figure 1. Contour plot of the geometric mean fitness G 
as a function of the mutual information (MI) between a 

sensed signal s and the cell's response p and the MI between 
the optimum po and all hidden signals sh (i.e. the missing 

information). Background color indicates G as a percentage 
of the maximum, ranging from 75% (top left) to -150% (top 
right), the red line is the optimal MI between p and s. Note 
that the x-axis covers a much smaller range than the y-axis. 

 
 

4. Discussion 
 
This work contributes to better understand the strategic 

choices around phenotypic adaptation. It shows why the 
focus on the relationship between one signal and its internal 
response in the field of signal transduction is misguided, and 
proposes an alternative approach; focusing on the fitness 
consequences of a multitude of signals relevant to the cell. 
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1. Introduction

Mass  cytometry  (CyTOF)  provides   single  cell
measurements  of  up  to  50  different  proteins.  Such  high
dimensional data allow the identification of cell populations
based on their molecular phenotype. To cope with the high
dimensional nature of the data, dimensionality reduction and
clustering  methods  are  commonly  used  to  identify  cell
populations.  Existing  methods  can  be  broadly  categorised
into two groups: graph based clustering and clustering after
dimensionality  reduction.  Clustering  the  data  in  low
dimensional  embeddings  can  solve  scalability  problems
faced by graph-based algorithms. However, clustering low
dimensional embeddings ignores some valuable sources of
variation  in  the  data  that  might  be  beneficial  to  capture
subtle differences between cell populations. Thus, given the
rapid increase in the scale of single cell experiments, there
is need for scalable and computationally-efficient clustering
algorithms.

2. Approach

Here, we extract intermediate information generated by
Hierarchic  Stochastic  Neighbour  Embedding  (HSNE)  and
applied  Louvain  community  clustering  on  it.3,4  Small  but
representative  subsets  of  high  dimensional  data  get
clustered, we translated the clustering results back to the full
dataset. This  allows  datasets  of  millions  of  cells  to  be
clustered at different levels of detail, from a broad overview
to a detailed level. The full datasets aren't clustered, instead
the data is subsampled into hierarchical subsets which retain
the same structure as the full dataset. Performing clustering
on these subsets and translating these results back to the full
data is much faster. Depending on which scale the data is
clustered  the  clustering  is  coarser  or  more  granular.  We
applied  this  method  to  six  popular  benchmark  CyTOF
datasets.  Manual  annotations  by  experts  exist  for  these
datasets  and were used as  ground truth for  evaluating the
quality of the results based on homogeneity, completeness,
F1 score and adjusted Rand-index (ARI).

3. Results
In Table 1, results can be seen for two popular benchmark
datasets.  The  AML  dataset  are  healthy  human  blood
samples  from  two  subjects.  The  PANORAMA  data  is
healthy  mouse  bone  marrow  from  10  subjects.  Visual
inspection  of  clustering  at  the  most  detailed  scale  shows
CD4T-cells  and  monocytes  being  split  into  two  different

groups (Figure 1).  Clustering the PANORAMA and AML
datasets  from  start  to  finish  took  respectively  2  and  15
minutes compared to 25 and 405 minutes using Phenograph
and  211  and  350  minutes  using  Vortex,  two  popular
methods for clustering CyTOF data by cell populations.5, 6

4. Discussion
Our  method  provides  clustering  at  different  levels  of

detail  much  faster  than  existing  tools,  but  at  comparable
accuracy.  While  most  of  the  identified  clusters  are
concordant  with  the  manual  annotations,  there  are  some
differences  that  could  be  artefacts  of  our  clustering
algorithm  or  could  be  biologically  meaningful.  For  the
CD4T  cells  this  split  is  being  driven  by  a  difference  in
expression of CD7, possibly the difference between mature
cells and cells which are still differentiating in the Thymus. 
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Table 1. Clustering results evaluated against expert annotations.

Figure  1. Overlap between cluster labels  and manual annotations.
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1. Introduction 
All living organisms must deal with a contradictory aspect of 
their internal workings: regulated biochemical processes 
involve stochastic molecular interactions. Consequently, it is 
not surprising that a significant phenotypic variability is 
found within isogenic populations. We might wonder if the 
fluctuations are regulated so that certain genes exhibit more 
noise than others. mRNA expression noise has been proposed 
as a trait that is subject to natural selection [1]. Little is known 
about the functional role of noise, which might be crucial in 
development of drug resistance from bacterial infection to 
cancer drug treatment. In this work, we aim to identify 
patterns of noisy gene expression across the genome and 
across different cell types. We hypothesise (i) a functional 
role of noise that is cell-type specific, involved  in stress 
response (Fig. 1) and (ii) co-expression of the highly variable 
genes due to common regulators. To this end, we performed 
a meta-analysis of single-cell RNA-seq datasets, identifying 
genes that are noisier than most others.  
 
 

 
Figure 1. Approach. We hypothesise three classes of highly noisy genes. 
Class A: constitutively noisy across all cell types. Class B: in common 
between cell types in response to common environmental insults. Class C: 
specifically noisy in one or more cell type(s) independent of environment. 
 
2. Approach 
We analysed 54 publicly available, droplet-based, scRNA-seq 
datasets with respect to cell-to-cell variability in terms of the 
apparent Fano factor (F’=variance/mean)*. For each dataset 
we identified Highly Variable Genes (HVGs) that deviated 
significantly (FDR <= 0.05) from the trend line (Fig. 2). We 
identified clusters of genes according to the patterns shown in 
Fig. 1 based on the correlation between the F’ residuals from 
the trend line across all genes (Fig. 2). Then, we identified 
false positives considering (i) technical biases (e.g. cell-
specific capture efficiency, batch effects, technology-specific 
capturing efficiency) and (ii) well-known biological bias (e.g. 
cell cycle).   
 
* The F’ may not correspond to the real Fano factor due to under-sampling 
of the total pool of mRNAs. 
 

 

 
Figure 2. Dependence of the Fano factor on mean gene expression. HVGs 
are defined as those genes that significantly deviate (FDR <= 0.05) from the 
(black) trend line. Data shown here concerns the MCF7 cell line. 
 
3. Results 
The HVG residuals were similar within cell-types and showed 
a bias linked to the technology used. To address the cell-type 
specificity, we selected the top 100 HVGs in each dataset and 
carried out an enrichment analysis. Breast cancer datasets 
(Fig. 3A) showed enrichment in the estrogen receptor 
pathway. Lymphoblastoid datasets (Fig. 3B) were associated 
with highly noisy immune response genes. We identified 28 
genes that were pervasively noisy across all cell types, 
including two housekeeping genes, i.e. GAPDH and ACTB. 
By contrast, the housekeeping genes RPL26 and RPL36 were 
subject to canonical noise. 
 

Figure 3. Fano residuals vs. percentage of gene expression. Dots represent 
genes, dot size is proportional to rank correlation within datasets of the same 
cell type. Blue triangles highlight well-known housekeeping genes [2]: 
ACTB, GAPDH, RPL26 and RPL36. Yellow triangles depict enriched 
oestradiol target genes (A) and immunoglobulin genes (B). Purple triangles 
reflect other universal HVGs. 
 
4. Discussion 
Our analysis yielded both cell-type specific and universally 
noisy genes that included housekeeping genes. This supports 
our hypothesis of a functional role for noise. We are currently 
performing gene-expression correlation analyses to validate 
the hypothesis of coordinated regulation of HVGs. 
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1. Introduction 
Osteoarthritis (OA) is a multifactorial disease involving the 
degradation of articular cartilage. Inflammatory factors, such 
as interleukin 1E (IL1E), are found in OA, but their role in 
the disease are not yet clear. We identified that the proteins 
DKK1, FRZB (WNT antagonists) and GREM1 (BMP 
antagonist) are expressed in healthy articular cartilage and 
that their expression is downregulated by IL1E in OA cells. 
However, healthy chondrocytes seem to be protected against 
this effect of IL1E. We tested the model-derived hypothesis 
that expression of DKK1, FRZB and GREM1 prevents IL1ȕ 
induced decrease in activity of SOX9, thereby preventing 
cartilage hypertrophy, at least in the short term, using a 
previously developed executable chondrocyte (ECHO) 
model of articular chondrocytes. We validated the model 
findings in human chondroc\WHV�LQ�SUHVHQFH�RI�,/�ȕ�ZLWK�RU�
without DKK1, FRZB and GREM1 using transcription 
factor-fluorescence recovery after photo-bleaching (TF-
FRAP). 
 
 2. Approach 
ECHO is a dynamic model built in Analysis of Networks 
with Interactive MOdeling (ANIMO) software. It represents 
the molecular network of 8 signal pathways playing an 
important role during cartilage formation and homeostasis. 
The entire network is represented by ~100 nodes and ~300 
interactions. A simplified version of the network is shown in 
Figure 1. This model gives output in the form of SOX9+ and 
RUNX2+ active states, representing the healthy and 
hypertrophic phenotype of chondrocytes respectively. We 
performed in silico experiments to characterize molecular 
mechanisms of cell fate decisions. Chondrocytes from 
donors undergoing total knee replacement therapy due to OA 
were treated with 100 ng /ml of each DKK1, FRZB and 
GREM1 in presence of 10ng/ml IL1ȕ for 40 - 60 min. FRAP 
was performed on a Nikon A1 confocal with 60x, 1.2 NA 
water immersion objective, with zoom size of 7.09%, bleach 
52,������ȝP�����FLUFOH�� IUDPH�VL]H�����;����S[�DQG�VSHHG�
of 4 fps. 
 
3. Results 
For ANIMO simulations, we started in the SOX9+ state. In the 
presence of the antagonists DKK1, FRZB and GREM1, we set 
the initial activity of IL1ȕ to 100% and disabled its self-
inhibition (to keep it artificially high). After running 10,000 
simulations, activity of some nodes was changed significantly, 
however, no change was observed in the cell state and SOX9 
remained active. Interestingly, increase of RUNX2 activity 
was observed, however, the transcription factor seems to lack 
the needed post-translational modifications. This makes the 
overall state of the network “quasi-SOX9+”. However, a 

complete shift in cell state from SOX9+ to RUNX2+ was not 
observed. In addition, in the model we observed an increase in 
MMP activity. To prove that DKK1, FRZB and GREM1 can 
prevent IL1ȕ induced decrease in SOX9 activity (observed in 
healthy chondrocytes), we performed TF-FRAP in 
chondrocytes. While healthy chondrocytes responded to 
addition of IL1E by showing loss of SOX9 activity and 
increase in RUNX2 activity, OA chondrocytes did not show a 
significant reduction in SOX9 activity. In OA chondrocytes 
addition of DKK1, FRZB and GREM1 increased both SOX9 
and RUNX2 activity, but this was no longer visible in the 
presence of both IL1E and the antagonists. In contrast, in 
healthy chondrocytes, we observed that IL1E induced MMP 
expression was completely blocked in the presence of DKK1, 
FRZB and GREM1, indicating a loss in RUNX2 activity. TF-
FRAP experiments in healthy chondrocytes are currently being 
performed, but preliminary data show that DKK1, FRZB and 
GREM1 are able to prevent IL1E induced loss of SOX9 
transcriptional activity. In line with this, we observe that 
RUNX2 activity is lower in the presence of IL1E and the 
antagonists.  

 
 

Figure 1. Proposed mechanism of DKK1, FRZB and GREM1 preventing 
IL1E induced MMP expression, partly via RUNX2. ECHO depicts the 
entire ANIMO model of the articular chondrocyte. Only the nodes that 
either are quantified are depicted separately. RUNX2 and SOX9 inhibit 
each other’s activity. The antagonists DKK1, FRZB and GREM1 directly 
influence SOX9 activity in primary human chondrocytes. Collagen 2 is a 
target gene of SOX9, while MMPs are activated both by RUNX2 and by 
other factors present in the ECHO model. Colors indicate activities on a 
scale from 0 (red) to 100 (green). 

 
4. Discussion 
Recently, we developed a computational model of 
chondrocytes to understand the molecular mechanism behind 
the progression of OA. Our model successfully identified the 
protective role of DKK1, FRZB and GREM1 in the presence 
RI� ,/�ȕ� LQ� KHDOWK\�� EXW� QRW in OA, chondrocytes. This was 
validated by TF-FRAP and qPCR where we found that DKK1, 
FRZB and GREM1 are able prevent ILE induced loss of 
SOX9 transcriptional activity and MMP expression.  
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Introduction 
Metabolomic analysis on data originating from mass 

spectrometry often involves investigating hundreds to tens of 
thousands of possible interesting compounds. This is by itself 
a challenge, but especially in direct infusion mass 
spectrometry, a type of untargeted metabolomics, where a 
sample is directly introduced into the spectrometer with no 
filtering or separation. Various 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 untargeted metabolomics 
data, the analyst needs to find possible molecular candidates 
for many mass/change (m/z) values without any further 
information such as retention time as seen in LC-MS and GC-
MS.  

As part of a larger untargeted metabolomics project, we 
are developing a tool to streamline this process. This tool, 
MetaboShiny, facilitates finding possible candidate features 
of interest from a pool of m/z values in an attractive and 
interactive interface. 
 
Description 

We developed MetaboShiny in R. It makes use of the 
shiny package in order to interact with and visualize the data. 
Plot generation is done through the ggplot2 and plotly 
package. 

MetaboShiny creates databases with the SQLite engine. 
It downloads each database (users can access the HMDB2, 
ChEBI3, WikiPathways4, MetaCyc5 and KEGG6 databases 
among many others) and converts it to a uniform format using 
the data.table and XML libraries. 

It 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 in excess of 100 million m/z 
values, including isotopes and adducts. Users enter their data 
in a peak vs. intensity per sample format, and their metadata 
in an csv or excel format. This metadata can later be flexibly 
used to select the variable to do statistics on and subset data. 

The analytical functionality of the app is based on the 
MetaboAnalystR package, which performs 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, PCA and PLS-DA and fold-change analysis, to 
heatmaps and machine learning analytical techniques 
including random forest and LASSO. These can be combined 
in Venn diagrams supported by hypergeometric testing to find 
metabolites that are significant in multiple analyses. 

By using the interactive capabilities of MetaboShiny, 
users can now click through these results and immediately 

link significant m/z values to the various databases. This is 
especially helpful in the case of heatmaps – users can now 
zoom in on regions of interest and immediately select and 
search m/z values of choice. Compound descriptions, word 
clouds, structures, and PubMed abstract search results are 
provided to facilitate data exploration (figure 1). If no 
matches are found in any databases, users can predict a 
molecular formula from the m/z value, and check PubChem 
for known compounds matching the predicted formula, 
maximizing the chance of finding a potential m/z match. 

       

 

 Figure 1: Identification pane 
 

Future 
Features currently in development include 

implementation of isotope-pattern based, network/pathway-
based and cheminformatics-based compound identification 
and implementation of more machine learning algorithms 
with the extensive caret package. 
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1. Introduction

Bioinformatics  workflows  are  often  used  to  process
large  scale  omics  and  imaging  data.  Popular  workflow
frameworks (e.g., Snakemake, WDL, CWL) exist to create
and  execute  these  workflows  effectively  and  efficiently.
However,  a  proper  workflow  testing  framework  is  still
missing  to  perform  pipeline  level  integration  test  and
functional  test.  These  tests  are  often  critical  to  monitor  a
workflow  from  end-to-end  and  assure  it  delivers  valid
results  when analysing big data on the available  compute
infrastructure.  Writing  tests  in  a  programming  language
gives  great  flexibility  but  is  also  tightly  tied  to  the  used
workflow  framework.  Furthermore  writing  tests  in  code
makes  it  hard  for  someone  without  a  programming
background  to  write  tests.  Galaxy  planemo  tests  are  an
effort  to  simplify  test  writing,  but  these  only  work  for
workflows in Galaxy1.

To address this challenge, we present a workflow test
framework based on the pytest2 framework that can support
workflow integration and functional tests for any workflow
framework that uses the command line to launch workflows
such as Snakemake or Cromwell/WDL.

2. Requirements

A workflow test framework should
• be workflow framework agnostic, e.g., able to run

Snakemake, Cromwell/WDL and others.
• be configured with YAML. As it  was considered

the most user-friendly format to specify tests in.
• have a schema that is as simple as possible.
• be able to start a workflow.
• be able, after a workflow has run, to determine

◦ whether files  exist,  have the correct  md5sum
and contain certain content.

◦ if the correct content is in stdout and stderr.
◦ if the exit code matches the desired exit code.

After  setting  the  specifications  a  test  schema  was
written down. The workflow test framework was then built
as a plugin for the existing test framework pytest, so most of

the  test  reporting  code  did  not  have  to  be  written  from
scratch.

3. Results

An example of a workflow test can be seen in listing 1.
With the pytest-workflow plugin, pytest runs the tests in the
YAML file by running the “command” as specified. It then
performs  the  checks  that  are  specified  in  the  yaml  file.
Pytest-workflow  can  use  tags  to  select  which  workflows
will  be  run  and  can  be  configured  to  run  workflows
simultaneously  on  a  specified  number  of  threads.  Pytest-
workflow can  run  on  workstation  PC’s,  compute  clusters
and CI environments.

Pytest-workflow is currently used in the LUMC to run
integration  and  functional  tests  for  workflows.  The
documentation  can  be  found  on  readthedocs.io3 and  the
project’s homepage is on github.com4. 

Listing 1. A workflow test example
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- name: "example workflow"
  tags:
    - "example"
  command: "bash my_workflow_script.sh"
  stdout:
    contains:
      - "workflow succeeded"
    must_not_contain:
      - "workflow failed"
  stderr:
    must_not_contain:
      - "ERROR"
  files:
    - path: "test_output/my_example_output.txt"
      md5sum: e583af1f8b00b53cda87ae9ead880224
      contains:
        - "Variants: 43"
    - path: "test_output/my_other_output.txt"
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1. Introduction 
The Data Stewardship Wizard is a tool for data management 
planning that is focused on getting the most value out of data 
management planning for the project itself rather than on 
fulfilling obligations. It is based on FAIR Data Stewardship, 
in which each data-related decision in a project acts to 
optimize the Findability, Accessibility, Interoperability 
and/or Reusability of the data. The background to this 
philosophy is that the first reuser of the data is the researcher 
himself. The tool encourages the consulting of expertise and 
experts, can help researchers avoid risks they did not know 
they would encounter, and can help them discover helpful 
technologies they did not know existed. 

 
2. Approach 
Data management planning has several sociological 
problems:  

• The activity is seen as an obligation, a burden, by 
researchers. 

• Some data management novices underestimate the 
risks of insufficient data management and data 
management planning and think that their 
knowledge of computing in the home environment 
extrapolates to research data management in the lab. 

• It is hard for experts in specific aspects of data 
management to be found by the researchers that need 
them the most. Expertise lists do not work for users 
who are unaware that they will be running into a 
specific data management problem during the 
project. 

 
We try to solve those problems using our tool, the “Data 
Stewardship Wizard”. We use the term “Data Stewardship” to 
indicate that the activity is not only taking place during the 
project, but extends to the long term maintenance of the 
resulting research data. We use the term “Wizard” to refer to 
the tool as an “expert system” providing context dependent 
guidance to its users. 

Our wizard 
• alleviates the negative view of data management 

planning by focusing primarily on the benefits for 
the research project itself and the researcher, not on 
the obligations; 

• can help to show researchers all the different aspects 
of data management: IT, archival, sustainability and 
the entire FAIR data spectrum. The guidance tells 

stories of experts who have learned their lessons the 
hard way; 

• points to available experts and expertise exactly 
where the issue at hand is brought up in the 
questionnaire. 

 

 
 

Figure 1. A screenshot. 
 

3. Results and discussion 
The Data Stewardship Wizard (https://ds-wizard.org/) 

• presents questions in a hierarchical fashion, so that 
only relevant data management subjects are 
presented to the user; 

• can function as a checklist for data stewards 
operating in a project, just like pilots use a checklist 
to fly a plane: it ascertains that the experts do not 
forget any aspects of the planning; 

• consists mostly of closed questions, encouraging 
thinking through all aspects and avoiding the 
problem that the researcher does not know where to 
start writing, thereby preventing the urge to copy an 
existing data management plan from another project. 

Technically, the wizard consists of  
• an open source web tool (with containerized 

installation) to present hierarchical data management 
questionnaires, storing intermediate results in a 
database; 

• a knowledge model that contains a few hundred 
questions and is easy to extend; 

• a system to maintain knowledge models and to adapt 
them to your own institute or infrastructure. 

 



Deep learning for optical chemical structure recognition. 

Daniel-Tobias Rademaker, Valère Lounnas, Gert Vriend

Scientific literature, patents and technical reports are perfect places to hide structure information 

about small molecules. While retrieval of textual chemical information has almost been perfected, 
the extraction of  molecule coordinates from drawn images remains a challenge. There have been 
many attempts to automate this process, often relying on very strict assumptions about the 
structures that limit the range of problems they can solve. They consist of many independent 
algorithms for feature extraction and manually optimized logic rules. 

We use deep learning for its ability to generalize to unseen cases and automatic feature creation. 
Deep learning has proven to be best in image handling. In contrast to traditional algorithms is 
requires a significant amount of labeled data. To solve this problem we constructed a program that 
could draw thousands of molecules and their labels to train a network. Here we show that the 
trained network indeed creates its own features for recognition and can generalize even to 

previously unseen drawing styles including even hand drawn images. 



Deep learning for faster and better detection of malaria infected cells
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Microfluidic devices have been replacing the more labor and time consuming techniques such as 
optical tweezers to study single cells under stress. These devices provide more control while also 
providing easy optical access. The deformability of red blood cells has become a biomarker for 

many diseases including diabetes, sickle cell anemia and malaria infection. This makes them ideal 
for low cost testing on those microfluidic devices. 
Cells are recorded under different levels of stress by a high speed camera. The results have to be 
interpreted by experts who manually inspect hundreds to thousands of cells. Automation of this 
process would help to make it faster and probably even more reliable as experts get tired and 

computers not. Images are often recorded at low resolution and contain multiple artifacts such as 
image noise, motion blur and trapped air bubbles which makes traditional machine vision 
algorithms fail too often. Deep learning has become the best algorithm to handle noisy and complex
image data, but in contrast to the traditional techniques requires a significant amount of labeled 
data. In this research we show that with a few easy algorithms synthetic data can be generated to 

train a network that can detect and analyze erythrocytes without ever seen a single “real” image and
without providing manually segmented examples. 
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1. Introduction 
 

Multi-omics approaches are on the rise, and therefore, 
the quality of the data is also increasingly important. 
Different quantification tools tend to present their own 
inherent biases depending on their algorithms, and 
accordingly those should be taken into account before their 
use. 

 
2. Approach 

 
In order to assess the differences between tools, we 

performed quantification of 3 sublayers of transcriptomics: 
mRNA, miRNA, and circRNA. 
For mRNA quantification, RSEM1 and Salmon2 were 
compared. RSEM is one of the most popular pieces of 
software used for transcript identification and quantification, 
while Salmon is a fast-quantification tool that takes into 
account several quantification biases. For miRNA, mirge2 
and miRian3 were assessed. Mirge2 is a popular tool for 
miRNA identification, while miRian, is a set of scripts 
developed internally. Finally, for circRNA prediction and 
quantification, 4 tools were assessed: find_circ, CIRI2, 
circExplorer2, and circRNA_finder.  
3. Results 

 
For mRNA quantification, RSEM and Salmon present 

similar distributions of transcript types, in decreasing order 
of quantity: protein coding, retained introns, processed 
transcripts, etc. The correlation between the quantification of 
the transcripts identified in both predictors is higher than 
0.99. One of the main differences present in Salmon is the 
higher number of exclusive protein-coding transcripts 
compared to RSEM. In addition, Salmon is faster, and takes 
into account several biases in the read assignment process; 
consequently, it was the one selected. 

At first sight for miRNA, miRian appears to have a 
higher number of predicted miRNAs, but that is due partly to 
the collapse of miRNAs with similar or identical targets, 
including isomirs. Taking into account the merged results 
and its use in preceding studies, we selected miRge2 as the 
preferred miRNA quantification tool. 

For circRNA, the four are presented in as seen in Fig. 1. 
 

 
 

Figure 1. circRNA predictors results 
 

Due to the inherent bias in all circRNA predictors, at 
least 2 predictors were needed, as the overlay of their results 
is considered a more accurate description4. The values that 
do not overlap are interpreted as false positives. 
circRNA_finder shows the highest amount of overlap, but 
also presents a proportion of false positives higher than 80%. 
The other 3 have similar proportions of false positives, 
which is why the 2 with a higher number of outputs were 
selected: CIRI2 and CE2. It is also worth mentioning that 
even if all software is biased, CIRI2 tends to have one of the 
best performances overall, which also justifies with our 
decision. 

 
4. Discussion 

 
It is necessary to optimize the quantification step due to 

possible biases inherent in the software, which might be 
reflected in further analysis. In our case, reliable information 
is required to assess the accuracy of different predictive 
models (from biologically sound formulas, through machine 
learning, to possibly deep learning). 
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1. Introduction 
 

Cell free DNA contains fragments from cells 
throughout the whole body, including possible tumour cells. 
Determination of DNA fragments that originate from the 
tumour enables a non-invasive diagnostic assay for 
(recurrent) cancer. Theoretically this is possible by 
identification of fragments with a somatic single nucleotide 
variant (SNV) that is unique for the tumour cells. To 
achieve the highest sensitivity possible one would prefer to 
reliably call variants per fragment. Problematically, 
variants are impossible to distinguish from sequencing 
errors. Methods that alleviate sequencing errors (by e.g. 
barcoding strategies and deep sequencing) exist but are 
based on Illumina sequencing, for which the sample 
preparation and machines come with high investment costs. 
This limits their implementations to specialized laboratories 
and increases the turnover time per sample. 

In Cyclomics-seq, 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 long DNA concatemers containing many copies 
of the insert and backbone sequences. These long 
molecules are sequenced using nanopore sequencing, 
allowing us to read them from start to finish. As the insert 
sequence is repeated multiple times we can combine their 
measurements and very accurately discern sequencing 
errors from actual base changes. By relying on nanopore 
sequencing, our approach significantly reduces investment 
costs that come with the implementation of methods that 
provide similar results. 

 
2. Approach 

 
We aim to identify base pair changes based on raw data 

directly, instead of base calling the reads first. Our main 
motivation for this approach is that base calling introduces 
systematic errors, such as false positive deletions in regions 
with little measurement variation per k-mer. 

First, we generate the expected raw sequence for the 
backbone and insert sequence in raw nanopore data using 
the DNA model from Tombo1. Cyclomics-seq is a targeted 
approach, meaning that the insert base pair sequence is 
known. Therefore, the expected sequences in the raw read 
data can be detected by mapping the expected backbone 
and insert sequences using dynamic programming (DP), 
similar to dynamic time warping (DTW). Local maxima in 
the final row of the DP scoring table provide endpoints of 
mappings. Using a trace back function on each of these 
endpoints we obtain a mapping between the actual 
measurements and the expected signals. 

To enable machine learned mutation calling on these 
data, we extract features from this mapping that describe 
the raw data around every base pair position while 
maintaining a set amount of dimensions, such as upper and  

 
Figure 1. A heatmap like depiction of the various features obtained for 

a single fragment. Bright yellow marks high values, dark purple to black 
marks low or negative values. The blue vertical lines mark a region where a 

base pair change was introduced. 
 

lower quartile, median, etc. for values such as the raw base 
pair values, the amount of data points mapped, and various 
statistics on the difference between the reference values and 
actual mapped values.  

Using mcfly2 we train multiple deep learning models 
with various hyper parameters on these features. Input data 
are small windows around varying base pair positions from 
each fragment.  

 
3. Results 
 

We obtained a set of 10,000 Cyclomics-seq reads 
without any SNVs. A random base pair change was 
introduced in every read by altering the reference sequence 
prior to mapping. A window with a small random offset 
position compared to this altered base pair and a window 
from a region without the base pair change were extracted 
to train the deep learners. 

Early results show mcfly is able to generate deep 
learners that reach an accuracy of >0.9 using relatively few 
training samples (250-1000).  

 
4. Discussion 

 
The general approach of Cyclomics-seq is promising 

and, even using a base call first approach, already shows 
results that are clearly applicable for diagnostic screening 
of specific SNVs. However, it comes with several blind 
spots, rendering 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 base 
called k-mers. We expect that by combining raw nanopore 
sequencing data before base calling we can reliably tell 
variations from sequencing errors. While we currently limit 
our approach to a specific target locus, the method can be 
extended to a genome wide situation if fragments are base 
called and mapped to the genome first, then extracting the 
mapped regions reference sequence. 
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1. Introduction 
 

The past decades have seen rapid advances in        
sequencing techniques (Trujillano, D., 2017). However,      
given the thousands to millions of DNA variations typically         
revealed in a typical individual (Eilbeck, K., 2017), current         
interpretation methods determining whether a variant is       
benign or pathogenic are often too time-consuming and of         
limited accuracy, even with the assistance of computation        
pathogenicity estimation tools. However, the existing tools       
often have limited applications, for example, a lot of tools          
only applies for missense variants, while variants can be         
disease-causing through other molecular mechanisms, such      
as alternative splicing. Moreover, false positive outcomes       
may be introduced by the current computational tools,        
leading to an excessive amount of time in manual filtering          
by the clinicians. However, there is a lack of study focusing           
on the specificity as a measurement of the existing tools.          
Additionally, few tools are built for variants in the         
non-coding region. One reason is the limited understanding        
and information for the non-coding part of the human         
genome. Last but not least, there is a lack of study on how             
the developed tools perform in real clinical cases. Thus, the          
challenge is to extract relevant information from different        
biological databases and develop robust classification      
algorithms for benign and pathogenic variants to assist the         
existing clinical protocols in interpreting patients’ genetic       
profiles. 

 
2. Approach 

 
We train a gradient boosted tree model on variants         

reported by different researchers with consistent      
interpretations on their clinical significance, together with       
variants found in healthy populations. The variants we        
collect for training and validating our model are from         
ClinVar (Landrum, M. J. et al., 2017) databases dated         
2019/01, VKGL data consortium (http://molgenis.org/vkgl),     
and the population database, gnomAD (Karczewski, K. J. et         
al., 2017). For evaluating the model, we use the AUROC          
(Area Under the Receiver Operating Characteristics) for       
overall model performance comparison. The test dataset for        
comparing the AUROC values is a random split of dataset          
we collected from ClinVar, VKGL, and population dataset.        
Furthermore, we investigate the noise level (false positive        

predictions, labeling benign variants as pathogenic ones)       
introduced by the model when different thresholds for        
pathogenicity determination are chosen. For this purpose, we        
obtain the false positive rate using the VariSNP (Schaafsma,         
G. C., et. al. 2015) dataset, which is a curated dataset for            
benign variants. Additionally, we test the model on        
population sequencing dataset as a proxy for real clinical         
cases. To do that, we use variants reported in GoNL (Sohail,           
M, et al., 2017) dataset, which contains 498 individuals’         
whole genome sequencing variations data, with an allele        
frequency lower than 1%.  
 
3. Results 

 
In the poster, we present our efforts and results in          

reducing the false positive outcomes using a machine        
learning model, which applies to variants of different        
molecular function and short indels. We compared the        
results with other state-of-the-art variant classification tools.       
Additionally, we demonstrate our plans and ideas in finding         
new information for variants in the non-coding part of the          
genome, for example, incorporating epigenetic information      
from public databases. 

 
4. Discussion 

 
Firstly, the model performance in real clinical cases        

needs more investigation. In this study, GoNL datasets serve         
as a proxy for clinical cases. However, it is not clear to what             
extent it is representative of patients’ data. Therefore, it is          
necessary to test the model in real clinical practices.         
Secondly, the model does not show good performance in         
identifying pathogenic variants in the non-coding region.       
Possible solutions include adding more data, such as        
epigenetic information. Moreover, the current model mainly       
focuses on Mendelian disease. However, it is also of great          
interest to investigate how we might benefit from a large          
amount of data generated for complex diseases. For        
example, GWAS studies on the complex disease can be a          
potential resource for extracting information of non-coding       
variants. 
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Abstract 
 

Ordinary differential equation (ODE) models are 
frequently used to mathematically represent the dynamic 
behavior of cellular components, e.g. for biochemical 
reaction networks. The models comprise dynamical 
parameters which can be estimated using experimental data, 
by minimizing the discrepancy between data and the model 
output. Because the solutions of these models are nonlinear 
with respect to the parameters and in realistic applications, 
only relative, sparse and noisy data is available, model 
fitting typically results in complex optimization problems. 
For this, local deterministic optimizers starting from 
multiple initial guesses within the parameter search space 
are used, and reveal the existence of several local optima of 
the objective function (c.f. Figure 1). 
 
 

X Y Z

Multistart optimization results

optimum

suboptimal
minima?

connected
minima?

ne
ga

tiv
e 

lo
g-

lik
el

ih
oo

d 
va

lu
e

run index (sorted by likelihood value)
 

 
Figure 1. Typical multistart optimization results plot. 

 
 

First, for statistically valid conclusions it is of general 
interest, whether local optima are correctly identified and 
originate from the non-convexity of the objective function as 
expected or, if they are only a result of a not completely 
converged local optimization and could be merged by a 
connecting path to a single optimum by e.g. fine-tuning of 
the numeric algorithms. 
 
 
 

In order to clarify this question in application settings, 
we present a method for finding an optimal path on the 
objective function between two optima. The stepwise 
procedure consists of re-optimizations on spherical 
constraints with decreasing radii around the target-optimum, 
providing an optimal path from a starting point through the 
high-dimensional parameter space (cf. black dashed lines in 
top panel of Figure 2).  

 
Secondly, by analyzing the path's profile, i.e., the value 

of the objective function along the path and its dependency 
on the parameters, it can be investigated if two different 
optimization results belong to the same or to distinct local 
optima (cf. bottom panels of Figure 2).  
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Figure 2. Optimal paths between minima. 
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1. Introduction 

Changes in a few key transcriptional regulators can alter 
different biological states, including disease, cellular 
activation, and differentiation. Extracting the key gene 
regulators governing a biological state can allow us to gain 
mechanistic insights and can further help in translational 
research. Most current tools perform pathway/GO 
enrichment analysis to identify key genes and regulators but 
tend to overlook the regulatory interactions between 
genes/proteins. Recently, an R package called viper took 
advantage of data-driven gene networks and used t-statistics 
by comparing gene expression of different conditions to 
predict key regulators [1], which we found is not robust 
especially for datasets of small sample size. Here we present 
RegEnrich, an open source robust R package, which 
generates data-driven gene regulatory networks and performs 
enrichment analysis to extract a network of key regulators. 

 
2. Approach 

The RegEnrich is a modular pipeline and consists of 
four major steps:  

a) Performing differential expression analysis 
RegEnrich performs differential expression analysis 

using DESeq2 and limma package, therefore it can be 
applied to RNAseq, micro-array and proteomic expression 
data. The goal of this step is to obtain differentially 
expressed genes or proteins (DEs), and corresponding p-
values and fold changes between different conditions. 

b) Constructing regulator-target networks 
Two types of data-driven regulator-target network 

inference methods are implemented, i.e. WGCNA and 
Random Forest (RF). Both network inference methods are 
multithreading and allow users to define their own gene 
regulators. Users can also provide a network which is 
literature-based or constructed by other datasets. 

c) Performing enrichment analysis 
Based on the network from step (b) and the differential 

genes from step (a), either Fisher’s Exact Test (FET) or 
Gene Set Enrichment Analysis (GSEA) methods are applied 
to perform the enrichment analysis and to obtain the enriched 
p-values for each gene regulator. 

d) Regulator ranking and visualization 
The regulators are considered key regulators if they are 

differentially expressed along with their own targets in a 
given condition. The regulators are evaluated by an overall 
score:  

 
where, PD is the p-value of a regulator obtained from 
differential expression analysis, PE is the p-value of a 
regulator obtained from the enrichment analysis, and 

.  
Three functions are implemented to visualize enriched 

regulators, final key regulator-regulator network, and 
expression pattern of regulator and its targets. 

 

 
Figure 1. Workflow of RegEnrich 

 
3. Results 

To figure out which network inference method is faster 
and accurate, we compared the runtime and top-ranked 
regulators using RF method and WGCNA on different 
datasets. Result showed that WGCNA is around 20 ~ 1000 
times faster than RF method with a similar prediction (40 out 
of top 50 key regulators are identical). 

Gene knockdown experiments have been widely used to 
validate gene’s function. In a gene regulator knockdown 
experiment, the successfully knocked down gene is typically 
the key regular. Here we compared the key regulators 
identified by viper package and RegEnrich in 9 gene 
knockdown datasets, we found that RegEnrich identified the 
knocked regulators as key regulators in 8 datasets while 
viper identified in only 2 datasets, suggesting that RegEnrich 
is robust in finding key regulators. RegEnrich package is 
available on: 
https://bitbucket.org/systemsimmunology/regenrich. 
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1. Introduction

Protein or DNA motifs are sequence regions which pos-
sess biological importance. These regions are often highly
conserved among homologous sequences. The generation
of multiple sequence alignments (MSAs) with a correct
alignment of 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 [2] in
order to address this shortcoming.

2. Approach

Our method takes prior knowledge about the presence of
sequence motifs—such as from a database or a de novo mo-
tif discovery program—and incorporates it in the dynamic
programming scoring by boosting the amino acid substitu-
tion matrix towards the motif. The strength of the boost is
controlled by an ↵ parameter, illustrated in Figure 1.

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.

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 ma-
trices [3] are determined. This estimate, ↵⇤, can be in-
terpreted as the sequence conservation signal encoded by
motifs.

3. Results

In order to test the effect of ↵, we ran MA-PRALINE [2]
over a range of ↵ values on alignments from BAliBASE
containing conserved sequence motifs. The results show
that as ↵ increases, the overall SP score remains relatively
stable, 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 [4] benchmark (5 < ↵ < 20) can also be
statistically verified. Our data derived estimate of ↵ (named
↵⇤) is calculated over the HOMSTRAD [5] data for motifs
from PROSITE [6] 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

One major class of genetic variation in plants is  copy
number variation (CNV), defined as genomic regions larger
than  50  bp  that  are  deleted,  inserted,  or  duplicated.  Such
variation can strongly affect gene expression and phenotype
if it involves exons or regulatory elements. A large number
of algorithms have been developed to detect CNV from short
read  data,  but  it  is  unknown  whether  they  can  handle
complex,  repetitive  plant  genomes.  First,  individual  plant
samples may strongly differ from their reference genome at
the nucleotide level, particularly when working with natural
or  out-bred  accessions.  Second,  reference  genome
assemblies of plants are generally more fragmented than the
human genome. 

2. Approach

We developed  Hecaton,  a  CNV  detection  framework
tailored to plant data.  It aims to strike an optimal balance
between sensitivity and precision by integrating four state-
of-the-art CNV detection algorithms. Key factors underlying
the performance of Hecaton are: 

• the  correction  of  erroneously  detected  dispersed
duplications  through  custom  post-processing
scripts,  which would otherwise introduce spurious
numbers  of  false  positive  deletions  and  tandem
duplications 

• the use of a random forest model trained using real
long read data as opposed to simulated short read
datasets

To  assess  its  performance,  we  applied  Hecaton  and
several  other  CNV detection  frameworks  to  low-coverage
(10x)  short  read  datasets  of  A.  thaliana [1]  and  rice  [2].
Detected  variants  were  validated  using  long  read  datasets
obtained from the same samples. 

3. Results

Hecaton  generally  outperforms  current  state-of-the-art
approaches  (Figure  1),  indicating  that  tools  developed for
human  genomes  cannot  be  directly  applied  to  plant  data
without extensive optimization. 

Figure 1. Hecaton outperforms state-of-the-art CNV

detection methods when applied to low coverage plant data. 

4. Discussion

Hecaton provides a solid foundation for linking CNV to
phenotype in plants. It can be used to query crop and wild
germplasm for loci related to traits of interest, after which
these  can  be  further  characterized  and  eventually
introgressed  into  elite  cultivars.  Moreover,  Hecaton  may
help to elucidate unresolved fundamental aspects of CNV in
plants,  such as how stress affects the rate at  which CNVs
accumulate. 
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1. Introduction 
 

Identification of cancer-associated DNA mutations by      
whole-genome sequencing (WGS) has become a routine       
procedure in clinical diagnostics. Determining the full       
mutational profile of a patient's cancer genome can improve         
our understanding of tumor development and enable the        
design of personalized cancer treatments. Structural variants       
(SVs) - chromosomal rearrangements such as deletions,       
insertion and inversions - are the class of mutations with the           
largest potential impact on gene structure and regulation1.        
SVs have remained elusive due to their complexity. Current         
SV detection tools (callers)2,3 rely on different sets of         
evidence and use statistical models with parameters       
fine-tuned by trial and error. These callers have poor         
consensus among their call sets. In addition, high demands         
for computational resources result in increasing costs for        
clinical use. To solve these problems, here we propose a          
Deep Learning-based approach that automatically learn      
relevant parameters for SV detection and reduces running        
time compared to other tools. 
 

2. Approach 
 

Cancer and normal (healthy cells) DNAs are compared using                 

sequencing and read mapping to the reference genome.               

Differences between read alignments are used to locate SVs.                 

The key idea of DeepSV is that relevant signals for SV                     

detection can be learned directly from the read alignment by                   

conversion into one-dimensional representations or         

‘channels’. Genomic intervals are selected at candidate             

positions where reads are clipped (truncated) by the               

alignment method. For instance, when they are mapped               

across a SV boundary (breakpoint). Signals contained in the                 

interval, such as read coverage and number of clipped reads,                   

are converted into channels and combined in the form of                   

two-dimensional arrays called windows. Windows are           

labelled based on a set of validated SVs. A Convolutional                   

Neural Network (CNN) is trained on this dataset to classify                   

locations based on whether or not they contain breakpoints.                 

Finally, breakpoints are joined into SVs using clipped read                 

and paired-end read information. 

 

3. Results 
 

Germline deletions were selected as a use case. DeepSV was                   

trained on a balanced dataset generated from the Genome in                   

a Bottle (GiaB) pilot genome NA12878 and labelled               

according to a validated call set4 intersected with an                 

orthogonal dataset where nanoSV5 was used to call SVs                 

from Oxford Nanopore long read sequencing data. Both               

precision and recall were above 95% for each class. 

 

 
 
Figure 1. DeepSV workflow. First, read alignments are converted         
into channels, combined into windows, which are then used to train           
a CNN model to classify genomic regions into SV breakpoints.          
Breakpoints are then joined into SVs using Breakpoint2SV. 
 
4. Discussion 
 
Our approach, DeepSV, represents the first application of a                 

Deep Learning-based methodology to detect germline and             

somatic SVs from WGS data. This has the potential to                   

accelerate the introduction of SV calling procedures in the                 

clinic. 
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1. Introduction 
 
The Princess Máxima Center (PMC) is a hospital 

gathering all patients diagnosed with pediatric cancer in the 
Netherlands. The DNA of all patients is routinely 
sequenced, both for diagnostic and research purposes. To 
identify somatic single nucleotide variants (SNVs), some of 
which may have a role in cancer development, tumor and 
normal tissue from the individual are sequenced and 
compared.  

However, the identification of somatic SNVs is 
challenging due to the heterogeneity of the tumor, the 
possible contamination of the tumor sample by normal 
cells, a varying and unknown ploidy, as well as a broad 
range of variant allele frequencies. Given the biological 
challenges of identifying somatic SNVs, it is desirable to 
reduce the impact of technical artefacts introduced either in 
the sample preparation or sequencing procedures [1]. 

The first aim of this study is to identify potential 
technical artefacts in somatic SNVs called in samples 
sequenced with the Illumina NovaSeq platform. 

 Secondly, if sequencing artefacts are discovered, the 
aim is to assess whether using a panel of normals can 
correct for these biases and improve somatic SNV calling.  

 
2. Approach 

 
Somatic variant calling in the PMC is done using 

Mutect2 within a single variant discovery pipeline.  
This pipeline is created using the Workflow Description 
Language and the Common Workflow Language [2]  and is 
based on the Broad best practices using Mutect2, hg38 and 
GATK (v4.0). Of note, these best practises recommend to 
use a panel of normals to remove sequencing artefacts [3]. 

 
First, to detect sequencing artefacts, we compared the 

variants called on a tumor/normal pair test sample 
sequenced on a HiSeq 4000 and NovaSeq 6000.  

 
Secondly, we investigated the effect of using the panel 

of normals when calling somatic SNVs on samples 
sequenced on the NovaSeq 6000 platform. A panel of 
normals was generated by sequencing healthy tissues from 
18 patients of the PMC on the same sequencing platform at 
the same sequencing center as the tumor / normal pair test 
samples. Nucleotide substitutions detected in each case are 
counted and compared. Filtering is done based on the filter 
“pass” variants across all allele frequencies.  

 
3. Results 

 
Benchmarking the NovaSeq (Illumina) platform against 

the HiSeq (Illumina) for somatic SNV calling revealed an 
elevated number of T to G and A to C nucleotide 
substitutions in NovaSeq data compared to HiSeq data 
( Figure 1). 

 
 
Figure 1. Counts of nucleotides substitutions detected on 
chromosome 1 for the same sample sequenced by Hi-Seq 
and NovaSeq. “TA” refers to a substitution from T to A. 
 
 

Using the panel of normals decreased the number of 
variants across all substitutions by a mean of 30 percent, 
with a standard deviation of 12, of all types of nucleotide 
substitutions by 10 to 30 percent in this sample. Of note, on 
average 40 percent of the variants discarded were known 
Single Nucleotide Polymorphisms (SNPs).  

 
4. Discussion 
 

Germline variants identified in samples sequenced both 
on the HiSeq and NovaSeq show a high concordance. This 
concordance is much lower for somatic variants. 
Furthermore, the substitutions which are overrepresented in 
NovaSeq data are not the known Oxidative stress signatures 
previously described for the HiSeq platform [1]. 

 
Using a panel of normals did not correct for the 

nucleotide substitution bias observed. Indeed, the reduction 
in the amount of SNPs detected indicates that the panel of 
normals not only filters variants which are sequencing 
artefacts, but also variants in the general population.  

 
These initial results show that further steps are required 

to optimize somatic SNV calling on the NovaSeq platform. 
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1. Introduction 
The use of Electronic Medical Records (EMR) for 

research purposes has led to an increasing interest in Natural 
Language Processing (NLP) for text classification. Currently, 
classification is often accomplished with simple pattern 
string-matching. An alternative is the use of Machine 
Learning (ML) that learns patterns in text from samples with 
different outcomes. Therefore, no field-experts are required 
to build and refine the rules. We report on our developments 
of a reliable classifier that can identify Rheumatoid Arthritis 
(RA) cases in provided EMR entries. 

 
2. Approach 

The first visit entries were selected from the HiX-
database of the rheumatology outpatient clinic of the Leiden 
University Medical Centre, resulting in a total of 1,361 
EMR-entries. These entries were annotated and then 
randomly split into an equally sized training and test set.  

Both sets were then preprocessed with the following 
methods: Lowercase conversion (LC), lemmatization, 
tokenization and stop word removal. LC as well as 
lemmatization were utilized to reduce the number of 
features. Whereas LC achieves this by removing capitals so 
that the capitalized words aren’t treated separately, 
lemmatizing uses a vocabulary to return words to a root 
form. Sentences were segmented into single words and then 
tokenized according to the bag-of-words model, where a 
term frequency is assigned to every token. Next, a TF-IDF 
(Term Frequency times Inverse Document Frequency) 
transformation downscaled the weights of words not specific 
to any research domain [1]. 

After preprocessing, we classified the entries with the 
following methods: String-matching, Naive Bayes (NB), 
Decision Tree (DT), Gradient Boosting (GB), Neural 
Networks (NN), and Support Vector Machines (SVM). The 
classification of the String-matching model was based on the 
presence of the Dutch RA-defining strings ‘Reumatoïde 
Artritis’ and ‘RA’. Default Scikit-learn implementations [2] 

were used to train and evaluate the classifiers.  
The performance of the models was evaluated with a 

receiver operating characteristic (ROC) curve analysis via 
the pROC R-package [3]. The Delong test was used to assess 
the 95% confidence intervals (CI) and to determine the 

difference in performance between the string-matching 
method and the classifiers. 
 
3. Results 

The string-matching approach resulted in an area under 
the curve (AUC) of 0.76 (CI: 0.73-0.78), see figure 1. 
Likewise, the ML-models resulted in high AUC-scores (CI) 
that were significantly better than the string-matching 
approach: NB=0.83 (0.80-0.86, P=0.004), SVM=0.91 (0.89-
0.93, P=4.0e-16), Neural Networks=0.92 (0.90-0.94 P<2.2e-
16) and the GB-method with a 0.94 (0.92-0.96, P<2.2e-16). 
The Decision Tree performed significantly worse than the 
string-matching approach with an AUC-ROC of 0.51 (0.49-
0.56, P<2.2e-16). 

 
Figure 1. ROC-curve applied on all methods. 

4. Discussion 
The Gradient Boosting, Neural Networks, SVM and 

Naïve Bayes models all showcased a significantly better 
performance than the String-matching algorithm, which 
shows that machine learning can be effective in data 
extraction from EMR. 
References 

1. Uysal, A. K. and S. Gunal. Information Processing & Management 
50(1): 104-112, 2014 
2. Pedregosa, F. et al. JMLR 12: 2825-2830, 2011 
3. Robin, X. et al. BMC Bioinformatics 12: 77, 2011 

 

mailto:t.w.j.huizinga@lumc.nl
mailto:m.j.t.reinders@tudelft.nl
mailto:e.b.van_den_akker@lumc.nl


Workflow Manager, keeping track of daily operations with MOLGENIS1 and Cromwell2 

Verwiel E.T.P., Kerstens H.H.D., van Run C.P.A., de Jong E., Tops B.B.J., Kemmeren P. and Hehir-Kwa J.Y. 

Princess Máxima Center for Pediatric Oncology, Utrecht, The Netherlands 
E-mail: e.t.p.verwiel@prinsesmaximacentrum.nl  

 
 

1. Introduction 
 

Diagnostic laboratories and sequencing facilities face 
many challenges when processing NGS sequencing data. 
These include managing pipelines for multiple sequencing 
strategies (e.g. RNA-Seq, WES, WGS), that have different 
turnaround times. Tracking and tracing large amounts of 
samples as well as workflows and workflow results often in 
a time critical manner. As a result, monitoring workflows 
and debugging failed runs is a top priority. In parallel to the 
continuous operations tasks many DevOp teams are 
developing and releasing new pipelines, which requires test 
workflows to run simultaneously to production. Currently 
few applications are available for managing the daily 
operations that come with running all these different 
workflows. This results in institutes managing and 
documenting their important, and complex workflow data, 
in programs such as Excel. 

 
We have integrated MOLGENIS1 and Cromwell2 to 

manage analysis data, and workflows respectively. 
However, still missed a single dashboard for monitoring 
and performing daily operations. Here we present the 
"Workflow Manager", a web application built upon ngx-
admin3, an Angular74 admin template, to make the daily 
hassle of running many different workflows easier, faster, 
and less error prone. 

 
2. Approach 

 
Our NGS analysis setup incorporates Cromwell2, 

MOLGENIS1, and a High Performance Computing facility 
(HPC). Cromwell is a workflow engine aimed at the 
scientific community and is used to launch reproducible 
workflows that can run on multiple compute backends. 
MOLGENIS is a multifunctional genomics database and is 
used in our setup as a data and metadata management 
system.  

 
We used the ngx-admin3 project as start point for 

developing a JavaScript frontend application (App) using 
Angular74. The frontend interacts via a Node.js5 based 
REST API (Api) with the API's of Cromwell, and 
MOLGENIS (Figure 1). The Api is also used to expose 
additional utility functions to the frontend for features that 
are not (yet) implemented in MOLGENIS or Cromwell. 

 
3. Results 

 
The "Workflow Manager" web application integrates 

data from both Cromwell2 and MOLGENIS1 to provide a 
dashboard for keeping track of daily operations as well as 
perform basic operations tasks. Each user has access to its 
own Cromwell instance. Different MOLGENIS 
environments exist to enable fast, but secure development 
of the platform (Figure 1). To emphasize which instance is 

currently active, each environment has its own distinctive 
style and appearance. 

 

Figure 1. Architecture of the Workflow Manager.  
 

4. Discussion 
 
We have successfully created, and implemented the 

Workflow Manager application in our daily sequence 
analysis operations. The application aids monitoring 
workflow runs across all sequencing strategies by 
communicating with the underlying metadata storage 
(MOLGENIS1) and workflow compute engine (Cromwell2). 
The application has been built with the latest open source 
technology for building dynamic web applications 
(Angular74, Express.js6 and Node.js5), which should keep 
the application stable and compatible with other 
technologies for the coming years. 

 
Future planned developments to expand the 

functionality include; run and computation time statistics as 
well as trend analyses of data produced by analysis 
workflows. The possibility to easily share analysis results 
that are stored in MOLGENIS. As well as further 
automatization of pipeline steps, such as (re)launching 
workflows with a click of a button. Already the current 
functionality has eased the burden on bioinformaticians 
analysing large numbers of samples simultaneously. 
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