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Scientific Integrity and Reproducible Research
Bio-informatics research is based on empirical data
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of health data obtained over time from participants and analyzed in 
combination with genomic data. Second, develop and use analytic 
tools for integrating these diverse data sets and deriving actionable 
information from their observed interrelationships. Third, identify 
patterns within the health data that correlate with wellness, or tran-
sitions between wellness and disease. And fourth, learn how to best 
work with and present longitudinal health information to individuals 
by studying the reactions and feedback from participants as they are 
presented with actionable information.

Data collection
108 individuals (ages 21–89+ years; 59% males, 41% females; 89% of 
European descent; not recruited based on any specific phenotype) 
(Supplementary Table 1) participated in this study. In month 4, one 
participant reported to her coach that she had become pregnant and 
was withdrawn per protocol and informed consent. Health history and 

behavioral assessments were performed at the beginning of the study to 
establish a baseline for health coaching, including tobacco (4 reported 
users) and alcohol consumption (91 reported users). Each individual 
had their genome sequenced in full. Blood was collected in clinics every 
3 months. Additionally, participants completed at-home collections of 
saliva, stool, and first morning void urine every 3 months. Stool and 
saliva samples were shipped directly to the vendor by the participant, 
while urine was given back to the study coordinators for distribution to 
the proper sample vendor (Fig. 1). We called each of these three collec-
tion periods ‘rounds’. For each participant in each round we carried out 
218 clinical laboratory tests, measured up to 643 metabolites and 262 
proteins, and measured the abundance of 4,616 operational taxonomic 
units in the gut microbiome using 16S rRNA sequencing. We used the 
whole genome sequence to calculate 127 polygenic scores for disease 
risks and quantitative traits based on previous studies selected from the 
National Human Genome Research Institute (NHGRI) GWAS catalog9. 
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Figure 1 Types of longitudinal data collected. (a) Timeline of important events in the P100. (b) Schematic of the data collected every 3 months 
throughout the study.
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Genomics

The genome is entire hereditary information of an organism

Contains all info needed for each function of an organism

Most of the functions are carried out by proteins

Gene is genomic region that directs synthesis of a protein

Genomics studies all genetic information of an organism
together: specific code, effects, functions and interactions
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Genome - DNA

Is stored in DNA (DeoxyriboNucleic
Acid)(for many types of viruses in RNA)

A code of 4 nucleotides

purines: adenine (A) and guanine (G)
pyrimidines: thymine (T) and cytosine
(C)
a phosphate group;
a deoxyribose sugar;

Double helix structure (2-3 hydrogen
bounds)

Organized in chromosomes

Most of it is in the nucleus, also a part in
mitochondrion (energy organelle of the
cell)
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DNA structure

Polynucleotide chains are directional
molecules with slightly different ends: 3’
end and 5’ end.

3’ and 5’ refers to carbon atom
numbering in the sugar ring. (3’ hydroxyl
group, 5’ phosphate group)

Complementary DNA strands are
antiparallel (i.e, 5’ to 3’ ends for each
strand are opposite)

Most of it is coiled and condensed: very
stable
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Transcription-Translation

Genome/DNA all genetic info in
each cell: “Hard Drive”. Four
letter code: A, C, T, G

Transcriptome/RNA: genetic info
actively used by cell: “RAM”

Transcription

Unwinding of DNA
RNA polymerase
DNA template: antisense strand
Single complementary RNA
strand
Splicing
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Transcription-Translation

Genome/DNA: “Hard Drive”

Transcriptome/RNA: active genetic
info in cell: “RAM”

Proteome

Translation RNA→Protein

At ribosomes: factories of the cell
24 amino acids (aa)
3 consecutive bases codon
tRNA: with antisense codon,
caries one type of aa
several codons exist for same aa
start codon AUG (methionine,
often removed)
stop codon UAG, UAA, UGA

Post-translational
modification+protein folding
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Proteins

science daily
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The human genome

Humans: 2 × 3 billion base pairs

2 meters of DNA

± 20.000 protein coding genes
(500-4000/ chromosome)

99.9% in common with each-other

Only 2% is protein coding

96% in common with chimp

50% in common with banana

Organized in 23 pairs of
chromosomes

22 autosomal pairs
One sex chromosome pair: XX
for females and XY for males
In each pair, one paternally other
maternally inherited (cf. meiosis)
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All cells of organism have same genome: still huge differences
between different cells and over time?

Brain vs liver cell

Development of butterfly
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Differential Gene Expression

Different genes are expressed in different cells and at different
times

Genes are expressed at different levels in different cells and
over time

Human Arabidopsis Clock Gene
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Figure 6: Example plot for gene AT2G46830, better known as CIRCADIAN CLOCK ASSOCIATED1,
showing a clear circadian rhythm effect of the mean log2 intensity level over the 48h time course. The
dotted black lines represent the observed log2 expression for the probes at the different time points. The
dotted grey line is the mean observed log2 expression over all the probes in the region. The orange lines are
the probe-wise fitted log2 expression values, while the purple line gives the corresponding mean fitted log2

expression values at the different time points over all the probes in the region.

28

Ramsköld D et al. (2009) PLoS Comput Biol De Beuf et al. (2012) BMC bioinformatics
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Differential gene expression Pomeroy et al. (2002) Nature 415

letters to nature
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MD  Mglio Rhab    Ncer PNET
M93119 INSM1 insulinoma-associated 1
M30448 Casein kinase II beta subunit 
S82240 RhoE
D80004 KIAA0182 gene
D76435 ZIC protein
X83543 APXL apical protein
X62534 HMG2 high-mobility group
M96739 NSCL1 
U26726 11 beta-hydroxysteroid dehydrogenase type II
HG311-HT311 Ribosomal protein L30
X86693 High endothelial venule
M93426 PTPRZ protein tyrosine phosphatase
U48705 DDR gene
X86809 Major astrocytic phosphoprotein PEA15
U45955 Neuronal membrane glycoprotein M6b
U53204 Plectin (PLEC1) 
X13916 LDL-receptor related protein
D87258 Serin protease with IGF-binding motif
Z31560 SOX2 SRY (sex-determining region Y)-box 2
M3288 6SRI sorcin
J04164 RPS3 ribosomal protein S3
M12125 Skeletal beta-tropomyosin
D29958 KIAA0116 gene
D17400 PTS 6-pyruvoyltetrahydropterin synthase
D83174 CBP1 collagen-binding protein 1
D83735 Adult heart mRNA for neutral calponin
D84454 UDP-galactose translocator
L38969 Thrombospondin 3 (THBS3) 
U12465 RPS11 ribosomal protein S11 
D80005 KIAA0183 gene
D87463 KIAA0273 gene
U90902 Clone 23612 mRNA sequence
D26070 Type 1 inositol 1,4,5-trisphosphate receptor
X63578 Parvalbumin
Z15108 PRKCZ protein kinase C, zeta
L35592 Germline mRNA sequence
L10338 SCN1B sodium channel
L33243 PKD1 polycystic kidney disease protein 1
L77864 Stat-like protein (Fe65) 
J04469 Mitochondrial creatine kinase (CKMT)
M80397 POLD1 polymerase (DNA directed), delta 1
X14830 CHRNB1 cholinergic receptor, nicotinic, beta polypeptide 1
U97018 Echinoderm microtubule-associated protein homologue HuEMAP
HG4178-HT4448 Af-17
K02882 IGHD gene 
X52228 MUC1 mucin 1, transmembrane
U22314 Neural-restrictive silencer factor
D29675 Inducible nitric oxide synthase gene
S82471 SSX3
M54951 Human atrial natriuretic factor gene
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Figure 1 Classi®cation of embryonal brain tumours by gene expression. A, Representative

photomicrographs of embryonal and non-embryonal tumours. a, Classic medulloblas-

toma; b, desmoplastic medulloblastoma; c, supratentorial primitive neuroectodermal

tumour (PNET); d, atypical teratoid/rhabdoid tumour (AT/RT; arrow indicates rhabdoid cell

morphology); and e, glioblastoma with pseudopalisading necrosis (n). Magni®cation at

400´. B, Principal component analysis (PCA) of tumour samples using all genes

exhibiting variation across the data set. The axes represent the three linear combinations

of genes that account for most of the variance in the original data set (see Supplementary

Information I and III). MD, medulloblastoma; Mglio, malignant glioma; Ncer, normal

cerebella. C, PCA using 50 genes selected by signal-to-noise metric to be most highly

associated with each tumour type (the top 10 for each tumour are listed in E).

D, Clustering of tumour samples by hierarchical clustering using all genes exhibiting

variation across the data set. E, Signal-to-noise rankings of genes comparing each

tumour type to all other types combined (see Supplementary Information I). For each gene,

red indicates a high level of expression relative to the mean; blue indicates a low level of

expression relative to the mean. Rhab, rhabdoid. The standard deviation (s) from the

mean is indicated.

© 2002 Macmillan Magazines Ltd

Pomeroy et al. (2002) Nature 415
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’omics profiling

Study all of the genome simultaneously by high throughput
’omics profiling
Huge number of variables/features for every sample (p
features)
Number of observations n <<< p
Statistics is key to distinguish real patterns from random
patterns that are observed because of we look in high
dimensional data
We can now profile gene expression at the level of individual
cells!! scRNA-seq
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Topics

Module I: Quantitative Proteomics

1 Identification and quantification of peptides and proteins

2 Data exploration and quality control using plots

3 Preprocessing: log-transformation, Filtering, Normalization,
Summarization

4 Dealing with batch effects and other confounders
5 Statistical Concepts

1 Linear models/Linear mixed models
2 Trade-off between biological relevance/effect size vs statistical

significance
3 Empirical Bayes Methods
4 Multiple testing
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Module II: Next generation sequencing (NGS, Transcriptomics)

1 NGS Data exploration

2 Preprocessing/normalization
3 Additional Statistical Concepts

1 Generalized linear models (GLM) for binary data
2 GLM for count data
3 Overdispersion
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Organisation

1 Theory and Tutorials are blended

Module I: week 1-5
Module II: week 6-10
Project: week 1-10 via small assignments + week 11-12

2 Communication and submission of projects via Ufora
3 All tutorials from week 2 onwards are based on

R/Bioconductor

via R-studio
Scripts are made in R/markdown: a file format to combine
text, R code and R output.

→ This makes it very easy to document your analysis and to
distribute them in a way which is reproducible.
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Organisation

4 Project

Projects: 10/20
Written Exam: 10/20.

Open book
Deep insight expected
Critical assessment of R-output,
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Projects + Master thesis
Project 201415, Master thesis 201516: Genome biology
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-
018-1406-4
Project 201516: Frontiers in Neuroscience
https://www.frontiersin.org/articles/10.3389/fnins.2018.00136/full?report=reader
Project 201516: Analytical Chemistry
https://pubs.acs.org/doi/10.1021/acs.analchem.9b04375
Master thesis 201516: Nature Methods
https://www.nature.com/articles/nmeth.4338
Design Project 201718: Pitfalls in re-analysis of observational omics
studies: a post-mortem of the human pathology atlas. submitted to
Science.
https://www.biorxiv.org/content/10.1101/2020.03.16.994038v1
Master thesis 201617:
https://bmcbioinformatics.biomedcentral.com/articles/10.1186/s12859-
017-1951-y
Master thesis 201819: Scalable differential transcript usage analysis
for single-cell applications (paper in preparation, talk and poster at
euroBioC meeting)
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Projects + Master thesis

Project 201920: Fast analysis of scRNA-seq data using
quasi-likelihood regression. paper in preparation

Continuing on statistical genomics project for thesis is possible.
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