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CHAPTER 1. INTRODUCTION

Translational medical genetics is a cross-disciplinaryd ef research
that strives to advance genomic medicine using state-ad-trt nd-
ings from life sciences. In this thesis, | contribute biomfiatic models,
methods and systems to improve the rate and precision of guatidi-
agnoses by harnessing untapped molecular information.

| start this introduction by discussing the origins of the lce of
genetics and how it evolved to its current state_(11.1). | thenam
in on medical genetics and explain how our growing underditagn of
genetic disorders bene ts patient§ (1.2). Recent revolusoin DNA
sequencing now allow us to complement genetics with gensymidich
is the physical characterization of the genome itself. | lakp how this
shift presents medical practice with many exciting opparities but
also with equally big challenge§_(1.3) for successful im@etation.
These challenges that feed into the research questionsesigd in this
thesis [1.4). The introduction ends with an overview of theagiters of
this thesis [1.5). Each chapter presents research that aims$ranslate
these opportunities into better understanding, diagngsiad ultimately
treatment of genetic disorders.

1.1 The origin of genetics: solving the ge-
netic riddle piece by \peas"

Just over 150 years ago, Gregor Mendel was the rst to deseribe
basic rules of genetic inheritanCel[230]. He discovereikisiy patterns
in how the traits of pea plants such as color and shape werednaitted
from one generation to the next. His work established geretas a
science, even though he could not know the molecular basifisf
observations.

It was only decades later that Mendel's theories were nallgag-
nized, and the termgenewas coined[170] as an innate unit of inher-
itance. Genes were de ned as the e ect observed on the trdits.
phenotype these and other terms are clari ed in Tablés 1.1 andl1.2),
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1.1. THE ORIGIN OF GENETICS

and were not yet measured on a molecular level.

Traits may be passed on to the next generation independefntyn
each other, but some traits seemed to be passed on togeth#r wi
certain frequency. The relative distance of the underlygenes could
be estimated by analyzing this e ect, calldihkagg236], although it

was only realized much later that this is related to physidatance on 2
a DNA molecule. Further studies showed that genes seemedricd
enzyme synthesis[24] and that nucleic acid was the carrfegenetic 3
material[19,/150], not proteins, as was the popular bdief

How the information of genes was stored in nucleic acid was un 4
clear until the physical structure of DNA was elucidatedI}6 This
was followed by the cracking of the genetic cade[193], spatly how 5
DNA codon triplets are translated via temporary RNA-bas&gpies into
amino acid sequences that fold into functional proteins. €Be proteins 6
are the workhorses of the cell. They communicate with othelix (e.qg.
via excretions and receptors), process metabolic subesake.g. via 7
glycolysis) and regulate cell homeostasis (e.g. via sigraigduction).

The rst completely sequenced genome was that of a virus, ac 8

riophage MS2, which has just 3,569 DNA bases|101]. When thaé

genome sequence was completed in the year 2000[189], iethout to

have over 3,000,000,000 base p[girsWith this milestone, the eld of
human molecular genetics gained huge momentum. Now, traitd dis-
eases could be associated to the actual sequence of DNA&ddsdé an
abstract linkage map or approximate cytogenetic locatiorbéervable
chromosomal aberrations leading to a disease phenotype).

INevertheless, there are known mechanisms for protein-bastinheritance[276,[52]

and cell memory[51].
2The largest reliably measured genome currently known belogs to the Japanese
Canopy plant P. japonica, which has 150,000,000,000 base pairs[258].
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CHAPTER 1. INTRODUCTION

Term De nition

Allele A variant form of a gene or genetic locus

Amino acid Small organic building block of proteins

Base Building block of nucleic acid

Base pair Two bases bound by hydrogen in the DNA
double helix

Chromosome Organizational unit of DNA, humans have 22

Codon triplet
Complex disease
Conserved loci

Diagnostic yield
DNA

Dominant disease
Enzyme synthesis
Exon

Genetic code
Genetic

inheritance

Genome
seguencing

pairs plus XX or XY

Sequence of three bases that codes for a
speci ¢ amino acid

A disease caused by the joined e ect of
multiple environmental and genetic factors

Genomic locations that have changed litile i
evolution

The percentage of solved patient cases

Deoxyribonucleic acid, encodes the genetic
information of an organism

A disease caused by a single pathogenie all
on one chromosome of a pair

Production of proteins that act in, or extec
chemical reactions

Short for ‘expressed region’, coding sections
of a DNA sequence

Rules by which nucleic acid is translated into
messenger RNA
Transmission of inborn traits from parent to
0 spring
Determining the order of bases in a genome

Table 1.1: Glossary of key terms used in this introduction, pt. 1/2.
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1.1. THE ORIGIN OF GENETICS

Term De nition

Homeostasis Active regulation to maintain a stable
equilibrium of variables in an organism

Mendelian Set of rules for the basic modes of

inheritance inheritance for single-gene diseases

Mutation A change of the nucleotide sequence of the 2
genome 3

Non-Mendelian More complex inheritance patterns such as

inheritance additive, co-dominance, polygenic, 4
imprinting or heterosis

Nucleic acid Biopolymer consisting of sugars, phosphates 5
and nitrogenous bases

Oligogenic A few genes controlling a trait 6

Penetrance The proportion of individuals adversely
a ected by a pathogenic mutation 7

Phenotype Collection of observable characteristics of an 8

organism resulting from the interaction of its
genotype with the environment

Polymorphism A neutral and commonly present mutation

Proteins Large biomolecules with a variety of
functions

Recessive disease A disease caused by pathogenic alleles on
both chromosomes of a pair

RNA Ribonucleic acid, predominantly acts as a

messenger carrying instructions from DNA
for controlling protein synthesis

Splicing The process by which exons are joined to
form messenger RNA
Variant General term for all mutations and

polymorphisms

Table 1.2: Glossary of key terms used in this introduction, pt. 2/2.
17



CHAPTER 1. INTRODUCTION

1.2 The genome in the clinic

Inheritance patterns of inborn disorders in humans have bstr-
ied since the rediscovery of Mendel's work, with study foogsimnainly
on genes. The rst inborn disorder to be described was alkeyot-
ria]117], a recessive disease with a prevalence of 1:100,000250,-
000[382] caused by mutations (i.ecariants small genetic di erences)
in the HGD gene on chromosome 3. There are now around 8,000 such
gene-related disorders catalogued in the OMIM[142], Orpdifhl] and
DECIPHERI102] databases. For about 4,300 of these disorderasa
sociated gene has been discovered, of which 3,300 are clesizet as
clinically actionable to some degree[319].

The majority of clinical genes currently known usually éofla Men-
delian inheritance pattern, because those are more stifigvard to
discover and characterize. These Mendelian disease gemetrai-
tionally discovered by investigating the transmissiontpat of specic
mutations through a family pedigree. The top candidates floese con-
rmation studies are usually rare mutations at conservechgmic loci
that strongly coincide with being a ected by the disease. té{f more
independent families or patients have been found with theneasymp-
toms and the same mutation or a ected gene[317], a causaatieh is
established[61].

Finding causal genes is not a trivial e ort and additional dilty
may be introduced by oligogenic inheritanice[119], incoat@lpenetran-
ce[306,/240], or variants that have an unexpected e eci[93Jausal
mutations and genes are catalogued in databases such asélliGe-
nomics Databasg|319] and ClinVar[190].

Knowing which genes are responsible for disorders providasy
opportunities to improve patient care through applicat®isuch as im-
proved disease diagnosis, carrier screening, persodatimsicine and
life course advice.

Firstly, we can use genomic knowledge for more accuiis=ase
diagnosis. For example, there are ve subtypes of cardiomyopathies,

18



1.2. THE GENOME IN THE CLINIC

with over 60 genes involved[173]. Gene sets speci ¢ for amyidisease
type are calledpanels Gene screening panels have been created for
conditions including dystonia, dermatology, autoin amneay diseases,
epilepsy, familial cancer, intellectual disability and teieolic disorders.
Finding a pathogenic mutation in one of these genes may leadt
diagnosis on the molecular level, which is more precise taiagnosis
based only on symptoms.

The second opportunity to improve healthcare is throughrrier
screening, which assesses whether a person is carrying a speci ¢ patho
genic mutation present in their family. A special case ofr@arscreening
is preconception screening where it is determined whetlwh lparents
carry alleles in the same gene known to cause severe reeadiswase.
In this case the parents are not at risk, but a potential chiléish-
following Mendelian laws - a 25% chance of inheriting botlelss, and
thus being a ected.

Lastly, personalized medicine refers to better tailoring of medica-
tion and treatment based on the genotype of the patient. A lalgiown
example is the adjustment of the starting dose of warfarirpdading
the patient'sCYP2C9and VKORC1 genes[207, 349], which a ect their
ability to metabolize this drug.

While DNA analysis was very costly until recently, which itexa
analysis to one or a few genes, clinical geneticists can nevwiopm
DNA-sequencing on their patient using a panel of many geoneshoose
to look at all 26,000 genes at once using whole-exome seqognci
(WES), or even consider whole-genome sequencing (WGShkbkdo
next-generation DNA-sequencinggchniques (NGS), which has largely
replaced more traditional techniques such as Sanger setjuog[800].
The cost of sequencing a genome with NGS has dropped drawétic
from $10 million in 2007 to only $1,000 in 2d15paving the way for a
genomic revolution.

WES allows us to investigate thousands of genes at once igares
or diagnostic$[378]. This technique is useful for making engme-

Shttps://www.genome.gov/sequencingcostsdata/

19



https://www.genome.gov/sequencingcostsdata/

CHAPTER 1. INTRODUCTION

driven diagnosis when symptoms are hard to assess, for eleamp
newborng[348] and other isolated cases|365]. WES allovadyais of
exons and corresponding splice-site regions.

Using WGS we can look at 'non-coding’ DNA, which is not tran-
scribed to protein but is still involved in the regulation génes. From
application of WGS we now know that non-coding variants alsoa
implicated in disease[168] and that the genome is organirebpolog-
ical domains[8l1], structural changes in which are linkedptthogenic
e ects[107]. This relatively new area of genomic researshalready
becoming of diagnostic relevancel[313].

Regardless which technique is used, a molecular diagnosisdes
an unprecedented ability to help patients. Most notably, &agho-
sis can be established long before symptoms have devel@ledying
recognition and sometimes intervention that may preventripanent
damage[302]. In all cases, a more informed diagnosis will keaa
clearer prognosis and more appropriate treatment plan blase the
molecular etiology of the disease. However, when using genwide
screening approaches, incidental ndings have to be deathji34], as
they can cause serious issues including a high patient optate[146].

1.3 Data interpretation challenges

Although genetic screening is successfully employed in ymamics
around the world, we now e ectively use only a minute amourft
the genetic knowledge contained within the data generatéar most
of the genes, and for almost all of the non-coding genome, wendt
know the clinical relevance. A genetic cause has been dstadu for
only about half of the known Mendelian disorders, and we anty gust
starting to understand complex diseases|224]. Even withi& known
genes, it is not always clear if a mutation is harmful[67] 54s a re-
sult, the interpretation and subsequent classi cation ofNA variants is
a major challenge.

20



1.3. DATA INTERPRETATION CHALLENGES

The di culty of this challenge is shown by the diagnostic yiks
currently achieved, which vary from 15 to 80%[356, 221] 780B
depending on factors such as disease type, patient inclusidteria
and sequencing technique used. This challenge is furth@wshby
the discordant results given by direct-to-consumer genoranalysis

companies[69] and by the re-classi cation of pathogeniaiaats as 2
harmless when more data becomes available[49].

Furthermore, the production of genomic data is far outpagithe 3
rate at which geneticists can interpret it, a circumstanceferred to as
the 'NGS data deluge'[303]. Big data analytics is thus a majbalienge 4
in healthcare[280, 26], as are related e orts to translatesearch data
and research ndings into healthcare improvements[9, 1This is espe- 5
cially true for the area of medical genetics[124, 359] 34Hdkg more
layers of molecular information, such as transcriptomicepigenetics, 6
only makes sense when combined with infrastructure andysisimeth-
ods that use these data to make clinical decisions easig¢eausof more 7
complicated.

Computers can help us integrate and analyze large and coxmple 8

data, provided appropriate software is available to do scheTeld of
bioinformatics develops these tools, but it takes more thrafew lines of
code to improve patient care. This barriers for setting ufrastructure
can be broken down into e ective data integration, methodwd#opment
and implementation into practice. In this thesis we ident#pd address
the following challenges:

1. We need datamodels to integrate life science data for genetic
disease research. By systematically integrating and Vizing
large amounts of data sets, we allow researchers to discoeer
disease genes. These genes can then be tested in patieatine
to higher diagnostic yield.

2. We need computationaiethods to translate research ndings
to medical genetics. Many research ndings are of potentiah-
et to patient care, but they require tailoring, calibratio and
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CHAPTER 1. INTRODUCTION

validation into a clinical genomics context before they che
used. Using more advanced analysis methods will result iremo
accurate and e cient characterization of patient mutatian

3. We need softwaresystems to implement methods into medical
genetics practice. These systems are needed to test, validad
utilize new methods and must be exible enough to allow quick
adoption of future developments, including new methods diath
modalities.

1.4 Bioinformatic opportunities

Empowering clinical geneticists with the tremendous ambamd variety
of new life science data is the huge challenge that forms tbgctive
of this thesis. Basic science in biology and genetics ingtudtudies
on model organisms, human populations, creation of comgiotaal al-
gorithms and the molecular characterization of cells ansisties, and
all these types of research present possibilities to imerpatient di-
agnoses. At the same time, medical practice o ers inval#abisights
about disease etiology, patient cases, and data gatherealdfinical set-
ting that can be used to develop and validate new methods fedinal
application. All these new data o er major opportunitiesrfonding,
understanding and treating human disease. Figlre 1.1 itatsks the
e orts and collaborations in the translational researcheted to real-
ize this potential. In the paragraphs below and more detaibedtions
devoted to them that follow, we introduce the key researclpitts that
are the focus of this thesis:

Reference genomes - Population studies can tell us what peekin
the average individual. Through phenotypic and moleculsamacteriza-
tion of large groups of healthy individuals, we can estdbbsreference
population. Strong deviation from this reference may pototvards
causal mechanisms of molecular disease for more severaldisahat
are highly damaging or otherwise debilitating at a younggea
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1.4. BIOINFORMATIC OPPORTUNITIES

Collaborative
efforts 5

(O] :c:) (0] (0]
§ Models to g % Methods to Systems to % 6
S integrate life g S translate implement g
© |science data 3w |research methods into =
& |for genetic £ § |findings to medical Q 7
@  |disease 28 |medical genetics 3
research § = enetics = 8
=]
== = E=IRE=
(=]

‘00 © ‘00 ©

Figure 1.1: Overview of bioinformatic infrastructure for translatioal science.
Fundamental knowledge originates in basic research (redjranslational re-
search (yellow) bridges the gap between basic research anddical practice
(blue) by collaborative e orts from all parties involved.
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CHAPTER 1. INTRODUCTION

Association studies - Patient studies can tell us how disosdorigi-
nate. While studying small numbers of individuals can stiltover new
Mendelian disease genes|[371], larger number of patiemseguired for
statistical association of new disease candidate geneb leis obvious
e ects[197]. By using extremely large sample sizes, we dap detect
genetic associations for complex but more common a ictiosach as
celiac disease or obesity.

Additional molecular data - The genome is the prime informaeat
carrier within a living cell, but many more molecular levetand between
the DNA sequence and the eventual expression of a phenotypg.
measuring these di erent levels we can attempt to reconstrboth the
lateral interactions (protein-protein interactions or ge co-expression
networks) and perpendicular interactions (protein bindito the genome
to silence expression or metabolite accumulation causiegradegener-
ation), which can help to understand the workings of diseaséletail.

Computational and 'big data' approaches - The rich collectiof
current life science data provides great opportunities floe develop-
ment of smart software programs, computational algorithraed sta-
tistical tools that can extract knowledge from these grogidata re-
sources. These must perform a multitude of roles and fungioin-
cluding cleaning and quality control of raw data, imputingsaing data
points, nding statistical associations, modeling and ming predic-
tors, or constructing and pruning networks of detected t&as. In the
following paragraphs | will explore these opportunitiedetail.

1.4.1 Population reference genomes

Genomes are relatively similar between individuals, tfoeeg instead of
assembling the complete sequence for each person, we otdyndi@e
points of DNA variation compared to a reference genome. Sgjoently,
we can aggregate the results by counting how often each pofntaria-
tion was observed. This allows us to store the informationttudusands
of genomes in les that are still quite computationally mageable and
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1.4. BIOINFORMATIC OPPORTUNITIES

require smaller amounts of data storage capacity. There aneumber
of initiatives that have collected the DNA variation of hélay individ-
uals, such as the Thousand Genomes project[63] (2,504 gespntiee
Genome of the Netherlands[244] (750 genomes), the Exomerdgm
tion Consortium|[195] (60,706 exomes), the NHLBI Exome Sewieg

Project[95] (6,503 exomes) and the upcoming gnomAD from theAE 2
authors[196] (126,216 exomes and 15,137 genomes). Here, ¢he t
\healthy" refers to individuals who do not su er from a sewefinborn 3
disorder. They may still develop common late-onset dissasith ge-
netic components such as type 2 diabetes, cardiovasculablpms, 4
obesity or common forms of cancer.

These large reference sets nd eager uptake in all areas oéties 5
including research and genome diagnostics. Variants oleseto have
a high allele frequency in a population of individuals ardlezhpoly- 6
morphisms. Such polymorphisms are very unlikely to disectuse a
disease, although they might still act as modi ers (or marggfor dis- 7
ease risk|82]. We may apply a Iter based on Minor Allele Rrency
(MAF): the alternative allele fraction compared to the mo#tequent 8

reference allele. A typical setting may be to exclude anyiararfrom
further analysis of a patient's genome when it occurs morentH#o

in the general population. Depending on the rarity and séyeof a
disease, we may want to use thresholds as low as 0.01% (see- chap
ter[@) and as high as 5%[326]. We can also use the genotypedigo
counts, which is the number of individuals heterozygous @mbzygous

for an allele. If only heterozygous genotypes are observédemeneral
healthy population, we may be dealing with a recessiverartlisease
variant, which quickly becomes a candidate for being patioig when
detected homozygously in a patient.

As other types of population reference data becomes avhiladg.
from RNA-sequencing[78], we have the opportunity to alstablsh a
baseline for healthy individuals for data other than DNA iadion. We
can use these references to investigate and manually preditential
pathogenic e ects in patients and capture the outcomes. FBeeresults
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CHAPTER 1. INTRODUCTION

are then used to develop tools to speed up the interpretataimew
patient data and initiate a synergistic process leading tpenential
tool development.

Furthermore, big population data provide insight into ouempmic
architecture. The mention of Mendelian disease genes mag gihe
impression that our genomes are fragile, but there is alsdexwe that
shows they are surprising resilient. Each healthy humandtasut 100
Loss of Function (LoF) variants with 20 genes completelyciiea-
ted|215]. We now have enough reference data to calculate @oueate
LoF rate for every gene[196], and this rate may be compared taull
distribution to determine which genes are LoF-tolerant awtiich are
not. Any LoF-intolerant genes found in patients with sevenaitations
can then be prioritized as potentially disease-causing.aBglyzing the
selection pressure on truncating variants we can then cbi@aze genes,
and estimate whether one or two dysfunctional alleles akelyi to be
disease causative[b0].

Lastly, these large reference sets have put things in neveypes-
tive. Some variants that were previously thought to be syrdisease-
causing were found to have lopenetrance meaning that not every
individual with that mutation actually becomes [ll[234]. tRer vari-
ants once thought to have pathogenic e ects have turned ouwt lhe
far too common with respect to disease prevalence, revgatliem as
false positives[354]. Finally, on a more critical note, ®itity biases in
these reference sets may result in misclassi cations[2&@icating a
need for more diverse and representative data sets to be irsgdnome
diagnostic interpretation.

1.4.2 Genomic association studies

In Mendelian ormonogenicgenetic disorders, a single dysfunctional
gene can cause severe problems. There are, however, nusdisease-
related phenotypes that are not attributable to just one offew genes.
Instead, many locations (doci) on the genome seem to each contribute
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a small amount to the risk of the disease[224, 219 35]. Rigdihese
weak associations requires large Genome-Wide Associ&tadies or
GWAS which may include more than 250,000 participahts[374]. Tees
large samples sizes can be achieved by genotyping arrayshvdain
cheaply ascertain alleles of a predetermined set of vasiant

In human, we have currently discovered about 30,000 traitayee
associations[363]. While these include general traite kkord read-
ing ability, alcohol consumption, hair color, height, ang¢kling, most
traits are of medical relevance and include susceptibildtycommon
diseases such as hypertension, arthritis, celiac diseas®&er subtypes,
diabetes, cardiovascular disease, ulcerative colitigsity, allergies, pso-
riasis and asthma.

Establishing these associations is important for severatons. Most
notably, the locations where they are found implicate ngagenes that
may be involved, making these genes the best candidatesuither
study. However, genes must be carefully considered bectheselos-
est gene is often not relevant and statistical approachevehdéeen
developed[389] to identify the strongest candidate in thegjion.

Another application of GWAS associations is modeling of efen
risk scores. The e ect size of the risk-associated allelest tan individ-
ual is harboring can be summed to a genetic risk scole[84]s Tisk, by
de nition, correlates to either the chance of developingertain disease
or the occurrence of a clinical event[217], but genetic ristores can
also predict the gquantitative severity of a clinical pheppée[27].

Based on a higher risk score, individuals may choose to galer
a speci ¢ medical check regularly, or adjust their lifegtylto improve
their odds of not developing a certain disease. Conversetiiyiduals
with strong protective alleles might need fewer periodi@aesnations
than usual, allowing physicians to spend more time on peapith a
higher risk.
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CHAPTER 1. INTRODUCTION

1.4.3 Additional molecular data

Beyond the DNA sequence, much additional molecular data waw be
gathered that can be used to identify which DNA variationg aelevant
for health and disease, and which are not. Regulation of geaescrip-
tion, translation, protein activity and degradation coresttly takes place
at between di erent molecular levels. For instance, the gsron the
genome itself can be made harder to transcribe through miettign of
the cytosine and adenine nucleotides[31]. In addition, theotnosomal
structure of DNA can be decondensated by histone acetylaffmans-
fer of acetyl groups to DNA organizational elements), makiiht more
accessible for transcriptidn[87]. The transcriptionalpegssion of genes
is further regulated by genetic variants themselves[7nafly, proteins
form a complex network of interactions[Z65] that, in turn|sa regulate
gene expressian[331].

We study the complex patterns of this regulation to understishow
genes act in concert, and how a disease phenotype preseills tis-
sues and organisms. Large initiatives that pursue this godude stud-
ies into expression quantitative trait loci (eQTL)[364] drallele-speci c
expression[78], characterization of functional genomiengents includ-
ing methylation and acetylation patterns[85], comprehamsexpression
studies across di erent tissues[213] and cell types[105].

These same kinds of studies can also be performed on model or-

ganisms, which can be bred and measured in highly contraledron-
ments for pin-point phenotypic and molecular charactetiaa. Studies
on mice have been an essential tool for biological reseachmbre than
a century and continue their important role today[264]. Miare evolu-
tionarily relatively close to humans, and their size and rslgzneration
time allows experiments to be set up and run with large enouagim-
bers for statistical signi cance. However, other types obdel organ-
isms such as zebra sh[Z06] and wofm[176] can o er uniqueatages
over using rodents. While these organisms have a largerugeobry
distance to humans, they are cheaper, faster and easier &edrand
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have transparent bodies that are easy to dissect. The thyelegans
worm has by far the fastest life cycle, simplest anatomy ahd tinique
property of strains that can be frozen and revived.

In addition to transcriptomics and epigenetics, we can alsgasure
the levels of metabolites and proteins present in cells. Sheechnolo-
gies, known as metabolomics and proteomics, can be integfatith
genomics data|132] to obtain a more complete understandaigthe
complex processes in the cell that interplay with all thesgeks. Finally,
we can also investigate the genomic variation that prevedisease or
even increase our health instead of looking for genes thakenaeople
ill. The search for so-called 'protective alleles' is an upglasoming area
of study that will also result in healthcare advancemenZ]L

1.4.4 Computational and 'big data' approaches

Measuring and interpreting the large, complex and diveigsdcience
datasets has driven the development of a plethora of new aatiaiional
methods and tools to analyze these data. These include mashim
clean and prepare data for analysis, advanced statisticathods, re-
lational databases, web applications, data integratiordansualization
tools.

A few notable examples include the Variant Quality Score &ibca-
tion (VQSR), a module of the Genome Analysis Toolkit (GATR3#4].
This tool performs comparative machine learning on ideetl (called)
NGS variants versus a reference truth set to nd the optimaliables
for determining which variants are true positives and whare false.

Variants can also be determined using genotyping platfqriogt
when multiple platforms are used, data are not comparablewdver,
they can be harmonized by inferring missing variants usiegaype
imputation[77], which also uses reference knowledge.

After variants are determined, there are many tools thatigsite
variant pathogenicity to assist genome diagnostics or sk into ge-
netic diseases[90]. A powerful method to prioritize vatgfor further
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interpretation are CADD scores[185]. These scores are asmeaof
evolutionary pressure on genetic variants that builds u@®+ existing
tools and sources. Variants with a higher score are mordylike be
deleterious and are therefore the best candidates in diseasearch.

Using CADD scores, variants are discovered in genes of wihieh
function is not yet known. Knowledge networks such as GeneMA
NIA[360] may help to infer a putative function by linking unéwn
genes to genes known from previous studies to show a sinwpres-
sion pattern. We can also characterize unknown genes byr teedlu-
tionary, loss-of-function and network interaction propies to prioritize
candidate variant§][184] and even predict disease inheckamode to a
certain degre€[153].

Taking this approach a step further, GeneNetwark[99] is stoacted
from co-regulation patterns found within tens of thousandssamples
for which gene expression was measured. GeneNetwork geowvid-
precedented resolution and predictive power across migltqell types
and tissues. Analogous to discovering patterns in expoesdiata, the
network of protein-protein interactions can also be comativnally pre-
dicted using various methods[381].

The combined current knowledge of how cells control funoto
such as growth, movement, di erentiation, metabolism, camnica-
tion, and response to stress or pathogens is captured in-égkl path-
way databases such as WikiPathways|188], Reactome[97HiB&[180].

Taken together, these tools provide important clues for viath stud-
ies, which then in turn provide better and more meaningfublbgical
measurements that can help to develop new and improved nasho

1.5 Thesis outline
In this thesis | show how, by addressing data challenges anuhfior-

matics opportunities in translational infrastructure, vean advance our
genetic knowledge and its application in medical genetidhe focus
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of the rst two chapters is on models that integrate life sciee data
as a basis for nding new gene-disease associations. | theveldp
methods to discover leads for human disease and utilize qgehicity
estimates for clinical application. Finally, | implemerdfsvare systems
that translate what we have learned to medical genetics e An

overview of the chapter progression in this thesis is shawRigure[L.2.

1.5.1 New models to integrate life science data for
genetic disease research (chapters[2 and[3)

There are many approaches for gathering, structuring, greing and
analyzing life science data, each best suited to test a spdgipothe-

sis[290]. To help domain experts test new ideas and quiakigrpret

interesting ndings, they should be able run the necessaigrigs, tools
and visualizations themselves. To achieve this, the undlegl data has
to be both properly modeled (‘computer-readable’) and foed with

enough metadata to describe what the data me&ns|366] so ihaan

be automatically addressed by applicable tools.

As data volumes grow ever larger, these tools have to be drdcu
on external high-throughput computational environmentsch as multi-
node computer clusters. To facilitate storage of these hutgasets
and parallelized computation, we investigated how to staemplex
data using the exible XGAP model in chaptéi 2, and used this &
basis to develop xQTL workbench in chapfér 3. xQTL workbeigla
exible database system designed to store any genotype amehptype
information with basic visualization and computationalpgabilities.

1.5.2 New methods to translate research ndings to
medical genetics (chapters 4] and B)

Translational medicine investigates how relevant new mgé can be
used to improve patient diagnosis and care. To demonstrabde mew
ndings can be generated, we loaded almost 100 data set€.oélegans
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Chapter 1
Introduction
<  Chapter 2 o
T XGAP: [..] extensible data model [...] for &
= genotype and phenotype experiments 7
<
Chapter 3 D
XQTL workbench: a scalable web %
environment for multi-level QTL analysis S
z
Chapter 4
WormQTL"P—a web database for linking
§ human disease to [...] C. elegans
£
2 Chapter 5

Evaluation of CADD Scores in Curated
Mismatch Repair Gene Variants [...]

Chapter 6
GAVIN: Gene-Aware Variant
INterpretation for medical sequencing

Chapter 7
A bioinformatics framework for [...]
downstream genome analysis

Medical practice

Systems

Chapter 8
Discussion and Perspectives

Figure 1.2: Overview of thesis chapter progression in terms of type oftput
and area of application. We can de ne an overall gradient fno fundamental
science to medical practice, as well as transitions from meld to integrate life
science data towards methods to translate discovered knedte and systems
to implement new methods into patient care.
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into an xQTL database, containing around 300 million measuents.
To show value for human health applications, we connectedmvphe-
notypes to human disease at a molecular level using proteinotogy.
Chapter4 shows how these data can now be used to nd models and
leads for human disease research. Furthermore, a bioldgestdly on-

line environment enables the research community to join imd aig 2
through the data.

Interesting ndings need to be explored further and placetbinlin- 3
ical context before medical genetics can bene t from themhd pre-
viously mentioned CADD scoré&s[185] are an example of anviation 4
with great potential. Doctors and clinical geneticists f@an interest
in such developments, but cannot use it in practice withoutidelines 5
about how to interpret these scores in patient cases. To erplhow
such a guideline is created and used, we translated CADDesctar the 6
clinical classi cation of variants in mismatch repair gen@n chapter
B. These genes may harbor variants that cause hereditargreotal 7
cancer. By characterizing these scores in this context, @gred both
their pitfalls and how they can be used to prioritize new mtinas or 8

double-check existing classi cations.

1.5.3 New systems to implement methods into med-
ical genetics practice (chapters 6land )

Large reference datasets and computational resourcesnvgheded by
translational research, should allow us to transform pati€are. To
facilitate this, we need to design, build and maintain rélie software
systemsg[Z274] running on a stable server and database infretsire[329].
These systems must handle rapidly increasing quantitiesvbble-ge-
nome data as sequencing costs dropped from a billion dottajsist a
thousand dollars per patient. The data produced needs to betasted
against large population reference sets and other patieamames for re-
search, interpretation or diagnosis using computationatthods. The
storage, processing and lItering solutions for these massdatasets
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need the capabilities to be scaled up, ne-tuned and clitlicaalidated
accordingly.

Encouraged by results of chaptier 5, we generalized the CAB®es
calibration approach and applied it t& 3,000 disease genes. We em-
phasize practical use by excluding variants that would agoluded by
existing methods. On the variants that remain that are hard inter-
pret, we nd out if CADD scores can be of further help. The rdtsng
predictor tool, GAVIN, is described in chapter 6 and works agkably
well for clinically characterized genes. It serves as a lestd causal
variant screening tool with broad application in clinicagrgpmics.

This work then feeds into chaptér 7, where we de ne a framekor
to automate the interpretation of genomic data, and to fastck in-
novations in this process. We implement the GAVIN+ inter@gon
tool, which combines GAVIN with additional knowledge andtemnia
from clinical genetics to quickly identify variants and geypes that
are potentially disease-causing. This tool outputs itsulesn the new
rVCF (Report VCF) format, which captures any relevant arsdyre-
sults along with detailed provenance information and thesen why a
variant is of interest.

Using this format, we can run fast validation on known pattesgc
variants and estimation of false discovery rate on healtbytcol sam-
ples. The nal result can be visualized in a customizable tdodriendly
report, analyzed further as the format is fully complianttiviexisting
tools, and shared with peers. The modular framework desgpasates
the enrichment, interpretation and visualization of the tda

Our proposed solution is exible and maintainable and itarstlard-
ized formats allows the community to develop focused sofevtools
that produce and utilize these les. As a result, newly deptd meth-
ods can be quickly adapted and validated within local inlstiédn of the
framework. This high-throughput infrastructure will speéeip molecu-
lar diagnostic practice, and prepare it for seamless futintegration of
new analysis methods and powerful new omics techniques.
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* Corresponding author.

Abstract 1

We present an extensible software model for the genotype jineno-
type community, XGAP. Readers can download a standard XGA#® (
p:/lwww.xgap.org ) or auto-generate a custom version using MOL-

GENIS with programming interfaces to R-software and webrses or 8
user interfaces for biologists. XGAP has simple load forsnfr any 4
type of genotype, epigenotype, transcript, protein, metdibe or other
phenotype data. Current functionality includes tools rang from eQTL 5
analysis in mouse to genome-wide association studies inamsm

6
2.1 Background ,

Modern genetic and genomic technologies provide reseaschvéh un-
precedented amounts of raw and processed data. For examebésnt 8
genetical genomids[204, 167, 200] studies have mapped gepess-
sion (eQTL), protein abundance (pQTL) and metabolite abwamte
(mQTL) to genetic variation using genome-wide linkage anehgme-
wide association experiments on various microarray, maetsome-
try and proton nuclear magnetic resonance (NMR) platformsdain
a wide range of organisms, including human[88, 1141, (80, 3P4x],
yeast[37,106], mousel45], rat[156{;aenorhabditis elegaf&05] and
Arabidopsis thalianf82,[183,110].

Understanding these and other high-tech genotype-to-phtgpe
data is challenging and depends on suitable “cyber infrasime' to
integrate and analyze dafa[322, 198]: data infrastructurtesstore and
guery the data from di erent organisms, biomolecular prong tech-
nologies, analysis protocols and experimental designaplgcal user
interfaces (GUIs) to submit, trace and retrieve these partar data;
communicating infrastructure in, for example, [R[158], daand web
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services to connect to di erent processing infrastructartor statistical
analysis[48, 8, 111, 30, 38] and/or integration of backgnalinforma-
tion from public databases|[311]; and a simple le format toald and
exchange data within and between projects.

Many elements of the required cyber infrastructure are &alae:
The Generic Model Organism Database (GMOD) community depet
the Chado schema for sequence, expression and phenotyp 233t
and delivered reusable software components like gbrov2dg[3he Bio-
Conductor community has produced many analysis packages it
clude data structures for particular pro ling technologieand experi-
mental protocol$[121]; and numerous bespoke databasets, oedels,
schemas and formats have been produced, such as the publigan
vate microarray expression databases and exchange fofB&t299,
115]. Some integrated cyber infrastructures are also add: the Na-
tional Center for Biotechnology Information (NCBI) has laured db-
GaP (database of genotypes and phenotyges)[216], a puldialthse
to archive genotype and clinical phenotype data from humamndges;
and the Complex Trait Consortium has launched GeneNet&ik[ a
database for mouse genotype, classical phenotype and gepression
phenotype data with tools for “per-trait' quantitative trailoci (QTL)
analysis.

However, a suitable and customizable integration of theksments
to support high throughput genotype-to-phenotype expeents is still
needed[340]: dbGaP, GeneNetwork and the model organisralietes
are designed as international repositories and not to sexsegeneral
data infrastructure for individual projects; many of theisting bespoke
data models are too complicated and specialized, hard tegnate be-
tween pro ling technologies, or lack software support tos#lg connect
to new analysis tools; and customization of the existingastructures
dbGaP, GeneNetwork or other international repositofi€g[3154] or
assembly of Bioconductor and generic model organism datebzom-
ponents to suit particular experimental designs, orgargsand biotech-
nologies still requires many minor and sometimes major naehanges
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in the software code that go beyond what individual lab bfoimati-
cians can or should do, and result in duplicated e orts beemelabs if
attempted.

To |l this gap we here report development of an extensibletala
infrastructure for genotype and phenotype experiments £ that is
designed as a platform to exchange data and tools and to bdyeass-
tomized into variants to suit local experimental models. Weerefore
adopted an alternative software engineering strategy, atlioed in our
recent review[329], that enables generation of such safénaciently
using three components: a compact and extensible “standarddel
of data and software; a high-level domain-speci c langug@sL) to
simply describe biology-speci ¢ customizations to thidte@re; and a
software code generator to automatically translate modatsd exten-
sions into all low-level program les of the complete wor§gisoftware,
building on reusable elements such as listed above as weaiensral
informatics elements and some new/optimized elements thvate miss-
ing.

Below we detail XGAPs extensible “standard' software mod&AP-
OM) and evaluate the auto-generated text le exchange fortng§GAP-
TAB) and customizable database software (XGAP-DB) that shd help
researchers to quickly use and adapt XGAP as a platform fairtige-
netics and/or *omics experiments (Table2.1). Harmonizedtaaepre-
sentations and programmatic interfaces aim to reduce thedé&r mul-
tiple format convertors and easy sharing of downstream gsial tools
via a hub-and-spoke architecture. Use of software autoagation, im-
plemented using MOLGENIS, aims to ease and speed up custemiza
tion/variation into new XGAP versions for new biotechnoleg and al-
ternative experimental designs while ensuring consisfgngramming
interfaces for the integration and sharing of existing are$ tools. Stan-
dardized extension mechanisms should balance betweenaféinter-
face stability for existing data types and tools, and exibi to adopt
new ones.

39




CHAPTER 2. XGAP MODEL FOR GENOTYPE AND PHENOTYPE

Store Store genotype and phenotype experimental data using only dur
‘core' data types: Trait, Subject, Data, and DataElement. For
example: a single-channel microarray reports raw gene expssion
Data for each microarray probe Trait and each individual Subject.
Add information on data provenance by giving details inInvestiga-
tion, Protocols and ProtocolApplications

Customize  Customize ‘'my' XGAP database with extended variants of Trait
and Subject. In the online XGAP demonstrator, Probe traits have
a sequence and genome location andtrain subjects have parent
strains and (in)breeding method. Describe extensions usig MOL-
GENIS language and the generator automatically changes XGR
database software to your research

Upload Upload data from measurement devices, public databases, d¢labo-
rating XGAP databases, or a public XGAP repository with commnu-
nity data. Simply download trait information as tab-delimi ted les
from one XGAP and upload it into another; this works because &
the uniformity of the core data types (and extensions thered)

Search Search genetical genomics data using the graphical user ietface
with advanced query tools. The uniformity of the “code geneated'
interfaces make it easy to learn and use interfaces for bothcore'
data types as well as customized extensions

Analyze Analyze data by connecting tools using simple methods in Jag, R,
Web Services or Internet hyperlinks. For example, map and it
quantitative trait loci in R using XGAP data retrieved via the R
interface

Plug-in Plug-in the best analysis tools into the user interface so logists
can use them. Bioinformaticians are provided with simple meh-
anisms to seamlessly add such tools to XGAP, building on the
automatically generated GUI and API building blocks

Share Share data, customizations, connected analysis tools and ser in-
terface plug-ins with the genetical genomics community, usng
XGAP as exchange platform. For example, the MetaNetwork R
package can talk to data in XGAP. This makes it easy for other
XGAP owners to also use it
API: application programming interface; GUI: graphical user interface; MOL-
GENIS: biosoftware generator for MOLecular GENetics Infomation Systems.

Table 2.1: Features of XGAP database for genotype and phenotype experi
ments.
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2.2 Minimal and extensible object model

We developed the XGAP object model to uniformly capture thidewa-
riety of (future) genotype and phenotype data, building oargeric stan- 1
dard model FUGE (Functional Genomics Experiment)[171]describ-
ing the experimental ‘metadata’ on samples, protocols angesinental
variables of functional genomics experiments, the OBO mddé the

Open Biological and Biomedical Ontologies foundry for u§standard 3
and controlled vocabularies and ontologies that ease iraégn[314],
and lessons learned from previous, pro ling technologga® model- 4
ing e orts[36].

Figure[Z.1b shows the core components of a genotype-to-ptygreo 5
investigation: the biological subjects studied (for exadmphuman indi-
viduals, mouse strains, plant tissue samples), the biomaler protocols 6
used (for example, A ymetrix, lllumina, Qiagen, liquid chratography-
mass spectrometry (LC/MS), Orbitrap, NMR), the trait dataenerated 7
(usually data matrices with, for example, phenotype or tsanipt abun-
dance data), the additional information on these traits (fexample, 8

genome location of a transcript, masses of LC/MS peaks), thet-lab
or computational protocols used (for example, MetaNetwfdrkl] in the
case of QTL and network analysis) and the derived data (foaraple,
QTL likelihood curves).

We describe these biological components using FUGE datasyp
and XGAP extensions thereolnvestigationbinds all details of an in-
vestigation. Each investigation may apply a series of bitenolar[41]
and computational|48, 8, 111, 3(Protocols The applications of such
Protocols are termedProtocolApplications which in the case of com-
putational Protocols may require inputData and will deliver output
Data. TheseData have the form of matrices, théataElementsof
which have a row and a column index. Each row and column refers
a DimensionElementbeing a particularSubject or a particular Trait.
Table[Z2.2 illustrates the usage of these core data types.

Figure[21a, ¢ shows how the XGAP model can be extended to ac-

41



CHAPTER 2. XGAP MODEL FOR GENOTYPE AND PHENOTYPE

(a) SUBJECT VARIANTS ( Extensions )
PairedSample
Individual2: xref \ »
Label:OntologyTerm mvidua
Label2:OntologyTerm Ol er .
Individual
Sample e T strain Strain L ounderstrains
Tissue : string Mother :xref Type:Natural,RLRCC,CSS,..]
Individual: xref | *7 Father : xref %1 FounderStrains:mref
Sex: [male,female, unknown, malefemale]
I
(b) DATA (Core) INVESTIGATION (Core)
| Subject Investigation * Protocol *
Species:OntologyTerm ID: autoid ID: autoid
Name: string Name: string
Start DateTime ProtocolText: text
~>End: DateTime
Providers: mref
Investigation Investigation
Investigation | .
. inpu caiion®
DimensionElement * | Data* < ProtecolAppfication
1D autoid 1D autoid T :E\;é"s‘ﬂi"mn el
Investigation: xref Investigation : xref * Name_gsmng Protocol
Ly:nf:e'_‘es'l"r'i:ype N Nambe:string U | activityDate:DateTime
N 9 \ b InputData : mref
ataSef
OutputData : mref
\ DataElement Protocol : xref
Row\ |
ID: autoid
DataSet: xref
Comp. Column: xref
Row: xref
Value: object
[ Tt |
(c) T 1 1
Gene Protein Phenotyp st
Control:bool|  Gene: xref Mass: decimal | |Unit:OntologyTerm| | Protocol: xref
T} Sequencetext  Formulasstring 0.1
Mass:decimal | Structure: string ‘
Marker Probe ProbeSet MassPeak
Alleles:string MisMatch:bool |Gene:xref RetentionTime:decimal

Locus

Species:OntologyTerm|
| n[Chromosome:varchar (5)
> BPstart: decimal
BPend: decimal
cMPosition:decimal
Sequence: text

<f--————— L

Gene:xref ProbeSet:xref
] Gene: xref

X:int
GridX:int
GridY: int

mz: decimal

TRAIT VARIANTS ( Extensions )

Figure 2.1: Extensible genotype and phenotype object model Experimental genotype and
(molecular) phenotype data can be described usindSubject, Trait, Data and DataElement; the
experimental procedures can be described usingnhvestigation, Protocol and ProtocolApplica-
tion (b). Specic attributes and relationships can be added by exteming core data types, for
example, Sample and Gene (a, c). See Table[2:2[2.3 and 24 for uses of this model. The model
is visualized in the Uni ed Modeling Language (UML): arrows denote relationships (Data has a
eld Investigation that refers to Investigation ID); triangle terminated lines denote inheritance
(Metabolite inherits all properties ID, Name, Type from Trait, next to its own attributes Mass,
Formula and Structure); triangle terminated dotted lines denote use of interfaces Probe 'im-
plements' properties of Locus); relationships are shown both as arrows and as properties (vef'
for one-to-many, ‘mref' for many-to-many relationships). Asterisks mark FUGE-derived types

(for example, Protocol *).
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A growth measurementjata) reports the time QataElemen) it
took to ower (Trait) for an Arabidopsisplant (Subjecf

A two-color microarray resultData) describes raw intensities 3
measured DataElemen) for gene transcript probe hybrdization
(Trait) for each pair ofArabidopsisindividuals Subjecf 4
A marker measurementRrotocolApplicatior) resulted in a genetic 5
pro le (Data) with genotype values@ataElemen) for each
SNP/microsatellite marker {rait) for each human individual 6
(Subjec)

7

A genetical genomics stem cefivestigationwas carried out on 30

recombinant mouse inbred strainS(bjec). It involved a 8
ProtocolApplicationof the "A ymetrix MG-U74Av2' Protocol to

produce expression pro leData) for 12,422*16 microarray probes

(Traits). These pro les consisted of a matrix of signals

(DataElemen) for each Probe {raits) and each InbredStrain

(Subjec). Subsequently, thes®ata were taken asnputData in a

normalization procedureRrotocolApplicatior) using RMA

normalizationProtocol, which resulted inoutputData of normalized

pro les (Data) of Probe*InbredStrain (Trait*Subject)

RMA: robust multi-array average.

Table 2.2: Use cases of core data types.
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commodate details on particular types of subjects and tait a uniform
way. A Trait can be a classical phenotype (for example, owering - the
owering time is stored in theDataElemen) or a biomolecular pheno-
type (for example,GeneX - its transcript abundance is stored in the
DataElemen). A Trait can also be a genotype (for examplglarker
Y is a genomic feature observation that is stored in thataElemen).
Genomic traits such assene Marker and Probe all need additional
information about their genomé.ocus to be provided. Similarly, a
Subject can be a singl&sample(for example, a labeled biomaterial as
put on a microarray) and such a sample may originate from ogngip-
ular Individual It may also be d&airedSamplevhen biomaterials come
from two individuals - for example, if biomaterial has beeooped as
in two-color microarrays. An individual belongs to a paciar Strain.
When new experiments are added new variantsTrdit and Subject
can be added in a similar way. Talle P.3 illustrates the genesage
of these extended data types.

Several standard data types were also inherited from FuGé&nable
researchers to provide "Minimum Information' for QTLs and Asis-
tion Studies such as de ned in the MIQAS checklisi[104] - a niem
of the Minimum Information for Biological and Biomedical Irst@a-
tions (MIBBI) guideline e ort[335]. Data typesAction(Application),
Software(Application) Equipment (Application)and Parameter(Value)
can be used to describBrotocol(Application)sin more detail. For
example, a normalizatioRrotocol may involve a ‘robust multiarray av-
erage (RMA) normalizationAction that uses Bioconductor “a y'Soft-
wareg[161] with certainParameterValuesData typesDescription Bib-
liographicReference®atabaseEntry URI, and FileAttachment enable
researchers to freely add additional annotations to certdata types
- DimensionElementinvestigation Protocol, ProtocolApplication and
Data. For example, researchers can annotat&anewith one or more
DatabaseEntriesreferring to unique database accession numbers for
automated data integration.

A unique feature of XGAP is the uniform treatment of the vau®
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Sampleis a Subjectwith the additional property that "Tissue' can
be speci ed

Individual is a Subject with the additional property that 3
relationships with Mother and Father individuals, as wedlStrain,

can be speci ed 4
PairedSamplds a Samplewith the additional property that "Dye' 5
has to be speci ed and which two Subjects (or subclasses |gh

Individual) are labeled with "Cy3' and "Cy5' 6
An InbredStrainis a Strain with the additional property that the 7
“Parents' (mother Individual and father Individual) are spediand

the “type' of inbreeding used 8

An ampli ed fragment length polymorphism, microsatellitge SNP
Marker (is a Trait) may refer to genetic and possible genomics
location (Marker also is aLocug

A correlation computation Data) reports associations
(DataElemen) betweenMetabolite (is a Trait); becauseTrait and
Subject are both extensions dDimensionElementthey can be
connected to a row and column d@ataElementinterchangeably

Table 2.3: Use cases of extended data types.
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trait and subject annotations. The drawback of allowing usé¢o freely
add additional annotations such as described above is thsdrsi and
tools using metabolite and gene traits, for example, woull/é to in-
spect eachTrait instance to see whether it is actually a metabolite or
gene, and how it is annotated. That is why we instead use thgob
oriented method of “inheritance' to explicitly add essehpeoperties to
Trait and Subject variants to make sure that they are described in a
uniform way. For exampleMetabolite extendsTrait, which explicitly
adds properties ID, Name and Type (inherited frabimensionElemerjt

to metabolite speci c properties Mass, Formula and Strumgu See
Joneset al[171] for the complete FUGE speci cations and Jones and
Paton[172] for a discussion on the bene ts and drawbacks kéraa-
tive mechanisms for supporting extension in object moddlable[Z.4
illustrates the usage of these annotation data types.

Another feature of XGAP is the uniform treatment of all datano
these subjects and traits. To understand basic data in XGA&yvcom-
ers just have to learn that all data are stored Bata matrices with each
DataElementdescribing an observation ddubjectsand/or Traits (rows

columns). Unlike the proven matrix structures used in MAGEB
(tabular format for microarray gene expression experinsg[@82], in
XGAP these data can be on ariyait and/or Subjectcombination, that
is, we did not create many variants dataElementto accommodate
each combination offrait and Subject such as MAGE-TAB's Expres-
sionDataElement (Probe Sample), MassSpecDataElement (Mass-
Peak Sample), eQtlIMappingDataElement (Marker Probe), and
so on. Instead, we store all these data using the generic Pp&aEle-
ment and limit extension toTrait and Subject only. This avoids the
(combinatorial) explosion obataElementextensions so researchers can
provide basic data as common data matrices HtaElement3 and can
still add particular annotations exibly to the matrix rowrad columns
to allow for (new) biotechnologies as demonstrated in theivas Trait
extensions in Figurie2.1. Keeping this simple and uniformadstucture
greatly enhances data and software (re)usability and heposductiv-
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A Genein an Arabidopsis Investigatiogan be connected to a
DatabaseEntrydescribing a reference to related information in the
TAIR database[286] and anothddatabaseEntrydescribing a 3
reference to the MIPS database[252]

EachIndividual in a C. elegans Investigatiors annotated with an
OntologyTermto indicate that it was grown in an environment of 5
either 16 C or 24 C

The Arabidopsis Investigatiomas annotated with the
BibliographicReferencegointing to the paper describing the 7
investigation and expected results

A Protocol describes the "MapTwoPart' method for QTL mapping
and was annotated with th&JRI linking to the "MetaNetwork
R-package’, which contains this method, and a
BibliographicReferenceointing to the papef[111], 250] that
describes the MapTwoPart protocol

A le with a Venn diagram describing the number of masses
detected in each population was added RigeAttachementto the
Arabidopsismetabolite Investigation

Table 2.4: Use cases of annotation data types.
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ity, in line with the ndings by Brazmaet al.[36] and Rayneket al.[282]
that the simple tabular structures underlying biologicadtd should be
exploited instead of making it overly complicated.

After structural homogenization, such as provided by FuGHda
XGAP, semantic queries are the remaining major barrier faegra-
tion of experimental metadata. This requires ontologiesthdescribe
the properties of the materials and also descriptions of exkpental
processes, data and instruments. The former are providedgcies-
speci ¢ ontologies that are available from various sourceghe On-
tology for BioMedical investigation[275] may provide awwibn for the
experimental descriptors and is being used in this contextfbr ex-
ample, the Immune Epitope Database[260]. To enable reseascho
use these well understood descriptors, XGAP inherits fronGE the
mechanism of “annotations', a special eld to link any data ebj to
one or more ontology terms. For example, researchers camtata a
Genewith one or moreOntologyTermsif required, referring to standard
ontology terms from OBQI[314] or ontology terms de ned lokal

2.3 Simple text- le format for data exchange

To enable data exchange using the XGAP model, we producecdhalsi
text- le format (XGAP-TAB) based on the experience that fodata
formats to be used, data les should be easily created usingpte Excel
and text editor tools and closely resemble existing praegticThis format
is automatically derived from the model by requiring thatahnotations
on Investigations Protocols Traits, Subjects and extensions thereof,
are described as delimited text les (one le per data typejtwvcolumns
matching the properties described in the object model andheaow
describing one data instance. Optionally, sets DataElementscan
also be formatted as separate text matrices with row and cafunames
matching these in thélrait and Subjectannotation les, and with each
matrix value matching on®ataElement The dimensions of each data
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matrix are then listed by a row in the annotations data.

Figure[2Z.2 shows one investigation in the XGAP tabular datarfat
with one delimited text le per data type - that is, there areles named
“probe.txt' and “individual.txt', with each row describing a miarray
probe or individual, respectively - and one text matrix leepset of
DataElements- that is, there are les named “data/expressions.txt'
and “data/genotypes.txt'. The properties of each data matrix then
described in “data.txt’; that is, for the “data/expressions.tthere is
a row in “data.txt' that says that its columns refer to “individltxt',
that its rows refer to “probe.txt' and that its values are “decth Raw
data sets and data sets in other formats can be retained inreaory
labeled original'.

After proving its value in several proprietary projects, @ging array
of public data sets are now available [af[75] demonstratimg tuse of
XGAP-TAB[148,[45] 205 182, 324, 238].

2.4 Easy to customize software infrastruc-
ture

A pilot software infrastructure is available &i[96] to he{penotype-to-
phenotype researchers to adopt XGAP as a backbone for theim dnd
tool integration. We chose to use the MOLGENIS toolkit (bidseare
generator for MOLecular GENetics Information Systems; seatevi-
als and methods) to auto-generate from the XGAP model: 1, €QLS
(Structured Query Language for relational databases) lélwall nec-
essary statements for setting up your own, customized vdriaf the
XGAP database; 2, application programming interfaces (AFils R,
Java and Web Services that allow bioinformaticians to piagheir R
processing scripts, Taverna work ows[311, 375, 157] anthesttools;
3, a bespoke web-based graphical user interface (GUI) by twhée
searchers can submit and retrieve data and run plugged-wisoand
4, import/export wizards to (un)load and validate data seéxchanged
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\

name gene chr
1415670_at Copg
1415671 _at Atp6v0d1
1415672 _at Golga7
1415673_at Psph
1415674_a_at Trappc4

] strain.txt
Elspecies.txt
] protocol.txt
Elprobe.txt
Elmarker.txt
Elinvestigation.txt
Elindividual.txt

£l gene.txt

£l data.txt
4]constant.properties
)data

© 01 © 0o o

_/
\

Raw & processed data
Elgenotypes.txt
Elexpressions.txt
Elnormexpressions.txt

=l gtiprofiles.txt
/

Figure 2.2: Simple text le format. A whole investigation can be stored ¥
using easy-to-create tabular text les for annotations or @trix-shaped text
les for raw and processed data. Each "annotation' le rel&s to one data
type in the object model shown in Figur&2l1 - for example, th@ws in the
le “probe.txt' will have the columns named in data type "Prbe'. Each “data’
le contains data elements and has row names and column namegerring
to annotation les - for example, ‘genotypes.txt' may refeto “marker.txt'

names as row names and ‘individual.txt' names as column naméf conve-
nient, constant values can be described in the constant.prerties le such as
‘speciesname’.

50



2.4, EASY TO CUSTOMIZE SOFTWARE INFRASTRUCTURE

in XGAP-TAB format. The auto-generation process can be rafel
to quickly customize XGAP from an extended model, for exaenpb
accommodate a particular new type of measurement techngplogex-
perimental design.

2.4.1 Graphical user interface

Figure[2Z.3 shows the GUI to upload, manage, nd and downloadaze
type and phenotype data to the database. The GUI is generatith
a uniform “look-and-feel', thereby lowering the barrier fayvice users.
Investigations can be described with all subjects, traitatadand proto-
col applications involved (1). (The numbers refer to stepghe gure.)
Data can be entered using either the edit boxes or using meptien
“lejupload' (2). This option enables upload of whole lists of itsa
and subjects from a simple tab-delimited format (3), whichrceasily
be produced with Excel or R; MOLGENIS automatically genesate-
line documentation describing the expected format (4). Sahuently,
the protocol applications involved can be added with theuléag raw
data (for example, genetic ngerprints, expression presheand pro-
cessed data (for example, normalized pro les, QTL pro lesetabolic
networks). These data can be uploaded, again using the commat-
delimited format or custom parsers (5) that bioinformatisis can “plug-
in' for speci ¢ le formats (for example, A ymetrix CEL le9. The soft-
ware behind the GUI checks the relationships between stdyjdaits,
and data elements so no “orphaned' data are loaded into theabase
- for example, genetic ngerprint data cannot be added befall in-
formation is uploaded on the markers and subjects involv8tandard
paths through the data upload process are employed to entwakonly
complete and valid data are uploaded and to provide a cosesistiser
experience.

Biologists can use the graphical user interface to naviganbel re-
trieve available data for analysis. They can use the advdneearch
options (6) to nd certain traits, subjects, or data. Using emu option
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XGAP - my eXtensible Phenotype And Genotype database

Q About | R-project API | HTTP AP | Weh Setvices AP|

Investigations

Filew Edite Views |44 44 1072 pp Pb|
# search:| Type ¥- (@Y
Type Investigation @
molgenisid 1
name Arabidopsis Thaliana Ler % Cvi RILpanel g
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Filew Edite Views |44 €4 1-1007139 pp pp|
4 Dowrload visible @ ]Z’ Search: Type
= [l name i i
:anrmdpdacwe R i - e ST
nats 1 i
4 Download all @ WR-1 166 4} (G et e i o) [
-

#H.335C-Col 166 -Benzoyioxypropyt

‘;' Upload tabjcsv data @

OF.162L{164C-Col 166

AHYArOXYBUY, nyisufinytouty!

:C.480C
2 4-Methy"“Butybeny!
5 (»,5 O Trat 172 EC.66C B markers.txt - WordPad
: flo Edt Vew Dot Fomat teb
2@ O e 173 GD.86L 09 Pwvs 900 Arabidopeis Meramolive Project Al| O
310 AXR-1 308 Arapidopsis Mecapolite Projeet i 7-Methyithiohep
~ o 311 HH.335C-Col 308 Arabidopsis Metabolite P 7-Me!
wlCh O ek i 5235 L
O Trait 175 cC.98L-Colfing§ 314 Ec.s6C 308  Arabidopsis Metabolite P
9. «oi 0J 4 315 GD.86L 308 Arabidopsis Metabolite P:  [iOpropyl

316 92395 308  Arabidopsis Metabolite Project

10. ‘:'h‘ [ mrait 176 AD.121C 317 CC.8BL-C01/101C 308  Arabidopsis Mecabo  lialiEma@LerREYIRILpENE]
318 AD.121C 308  Arabidopsis Metabolite P ©
@ D 319 AD.106L-Col 308 Arabidopsis Metabolite P:
320 GB.112L 308  Arabidopsis Metabolite P
321 GD.97L 308 Arebidopsis Metsbolite PV
- <

>

For Help, press F1 NOM
x Help, press

MOLGENIS is created by Inventory.nl and supported by Groningen Bioinformatics Centre

Figure 2.3: Graphical User Interfaces. A user interface enables biokig
to add and retrieve data and run integrated tools. Genotypend pheno-
type information can be explored by investigation, subjest traits or data.
Hyperlinks following cross-references of the object modmbint to related in-
formation. Items indicated by 1-9 are described in the mairext. See Table
[Z3 for uses of this GUI. See also our online demonstrator@l.
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" le|download' (7) they can download visible/selected (8) dta as tab-
delimited les to analyze them in third party software. Bigfiormati-
cians can ‘plug-in' a custom-built screen (see “customizatsection)
that allows processing of selected data inside the GUI, foaneple,
visualizing a correlation matrix as a graph (9) without thelditional
steps of downloading data and uploading it into another toBlologists
can create link-outs to related information, for exampley probes in
GeneNetwork.org (not shown). Table2.5 summarizes use casélseo
graphical user interface.

2.4.2 Application programming interfaces

De facto standard analysis tools are emerging, for example, toots fo
transcript data[48[ 8| 38] or metabolite abundance datal] 1o mention
just a few. These tools are typically implemented using tipen source
software for statistical analysis and graphics named R][158ioin-
formaticians can connect their particular R or Java progmno the
XGAP database using an API with similar functionality to th@aUl,
that is, using simple commands like " nd', "add' and “update' (&P,
Java/APl). Scripts in other programming languages and wookv tools
like Taverngl[15/7] can use web services (SOAP/API) or a sinmyleerlink-
based interface (HTTP/API), for examplehttp://my-xgap/api
/ffind/Data?investigation=1 returns all data in investigation
"1'. On top of this, conversion tools have been added to the Riifiéice
to read and write XGAP data to the widely used R/qtl packag8]3
Figure[2.4 demonstrates how researchers can use the R/API to
download (or upload) all trait/subject/data involved in thir investiga-
tion from (or to) their XGAP database for (after) analysis iR. When
XGAP is customized with additional data type variants, thé®is are
automatically extended in the XGAP database instances byurening
the MOLGENIS generator, thus also allowing interaction witbw data
types in a uniform way. These new types can then be used aglstan
parameters for new analysis software written in R and Javable[2Z.6
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Navigate alllnvestigationsand for eachinvestigation see the
Assaysand availableData

Select aGeneand nd all Investigationsin which thisGeneis
regulated as suggested by signi cant eQMData (P-value< 0.001)

For a givenLocus select allGenesthat have QTL Data mapping
‘in trans'’; and this may be regulated by thisocus for example,
absolute(QTL locus - gene locu$) 10 Mb and QTLP-value<
0.001

Download a selection of raw gene expressidata as a
tab-delimited le (to import into other software)

Upload Investigationinformation from tab-delimited les
Upload A ymetrix Assaysusing custom *.CEL/*.CDF le readers

Plot highly correlated metabolic networRata in a network
visualization graph

De ne security levels foAssays/Investigationgo ensure that
appropriate data can be viewed only by collaborators, ant mo
other people

A MassPeakhas been identi ed to be “proline' and we can follow
the link-out URI to Pubchem[275], because it was annotated to

have “cid' 614, to nd information on structure, activity, iicology,
and more

Table 2.5: Use cases of the graphical user interface for biologists.
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In R, parse a set of tab-delimiteMarker, Genotypeand Trait les
and load them into the database (R/API)

In R, retrieve allTrait, Markers expressiorData, and genotype 1
Data from an investigation as data matrices, before QTL mapping
with MetaNetwork (R/API)

In Java, retrieve a list of QTL pro le correlatioata to show 3
them as a regulatory network graph (J/API)

4
In Java, customize generated le readers to load specic le
formats (J/API) 5
In Taverna, retrieveGenesfrom XGAP to nd pathway information 6
in KEGG (WS/API)

7

In Python, retrieve a list of QTL mappin@ata using a hyperlink
to XGAP (HTTP/API) 8

KEGG: Kyoto Encyclopedia of Genes and Genomes.

Table 2.6: Use cases of the application programming interface for hidor-
maticians

summarizes use of the application programming interface.

2.4.3 Import/export wizards

A generated import tool takes care of checking the consistenf all
traits, subjects and data that are provided in XGAP-TAB texies
and loads them into the database. The entries in all les slbbe
correctly linked, the data must be imported in the right ordand the
names and IDs need to be resolved between all the annotaties |
to check and link genes, microarray probes and gene exjressithe
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ct to my XG. ase
source ("http://aserver/xgap/gpi/R")¥

#use 'metd

#upload my ’metanetwor?‘
use.investiga

ladd.investigation (name >

#list availabld
find.datasets ().

#use 'metanetwork' i
luse.investigation (n

#download genot;
geno <-find
mpheno <-find
markers <-fing

#upload subjects an
add.marker (name=rownames
chr =markers$ch

add.metabolite (name=rowname

add.subject (name=colnames (ge #calculate & pif Protocols)
mqgtls <-qtlMapTWQ

qt1Plot (markers7i§

#upload genotype and
ladd.datamatrix (geno,
name="geno" rowtypg
coltype="subject",
add.datamatrix (mphend
name="mexpr" rowt
coltype="subject"

#upload gtl result
add.datamatrix (mgtls?
name="qgtlprofiles™
rowtype="metabolite"
valuetype="double")

Scientist A uploads raw data Scientist B uploads analysis results

Figure 2.4: Application programming interfaces. APIs enable bioinfiorati-

cians to integrate data and tools with XGAP using web servige R-project
language, Java, or simple HTTP hyperlinks. The gure showsolw scientists
can use the R/API to upload raw investigation data (ScientisA) so another
researcher can download these data and immediately use it tioe calculation
of QTL pro les and upload the results thereof back to the XGARlatabase for
use by another collaborator (Scientist B). Note how “add.damatrix' enables
exible upload of matrices for anySubject or Trait combination; this function
adds one row toData for each matrix, and as many rows t@ataElement as
the matrix has cells. See Table216 for uses of these APIs.
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data. The import program takes care of all these issues (@aion,
relationship checks, dependency ordering, and so on). lkhee the
import program supports “transactions', which ensures thdilt data
inserts are rolled back if an import fails halfway, prevegtincomplete
or incorrect investigation data to be stored in the database a similar
way, an export wizard is provided to download investigatieia as a
zZipped directory of XGAP-TAB les.

When XGAP is customized with additional data type variantse
import/export program is automatically extended by the M@GENIS
generator, “future-proo ng' the data format for new biotedological
pro ling platforms. Moreover, the auto-generated importrggram can
also be used as a template for parsers of proprietary datméds, such
as implemented in parsers for the PED/MAP, HapMap, and Gepé&N
work data. Collaborations are underway within EBI and GENREN to
also enable import/export of MAGE-TAB[282] les, the staladd format
for microarray experiments, of PAGE-OM[263] les, a spéiziad for-
mat for genome-variation oriented genotype-to-phenotypeeriments,
and of ISA-TAB[65] les, a generalized evolution of MAGE-TAB rep-
resent all experimental metadata on any investigation,dstiand assay
designed to be FUGE compatible. Also, convertors to easeena! and
submission to public repositories like dbGaP are under kbgweent. It
is envisaged that integration of all these formats will efaintegrated
analysis of experimental data from, for example, mouse anchéin ex-
periments using various biotechnology platforms, whictsvgaeviously
near impossible for biological labs to implement.

2.4.4 Customizing XGAP

Customizations and extensions of the XGAP object model cende-
scribed in a single text le using MOLGENIS[329, 327] DSL. Qret
push of a button, the MOLGENIS generator instantly producesex-
tended version of the XGAP database software from this DS&. |1A
regression test procedure assists XGAP developers to ertbeir ex-
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tensions do not break the XGAP exchange format. Figlre 2.5awnsh
how the addition of aMetabolite data entity as a new variant ofrait
takes only a few lines in this DSL. Figure .5b shows how the Gl
be customized to suit a particular experimental processguie[Z.5c
shows how programmers can add a “plug-in' program that is remey-
ated by MOLGENIS but written by hand in Java (for example, awée
that plots QTL pro les interactively). Moreover, use of Ceading Style
Sheets (CSS) enables research projects to completely onigethe look
and feel of their XGAP.

All XGAP and MOLGENIS software can be downloaded for free
under the terms of the open source license LGPL. Extendedinhan-
tation on XGAP and MOLGENIS customization is available oeliat
the XGAP and MOLGENIS wikis[96, 103].

2.5 Conclusions

In this paper we report a minimal and extensible data infrasture for
the management and exchange of genotype-to-phenotype ex@ats,
including an object model for genotype and phenotype datdG@e-
OM), a simple le format to exchange data using this model (X8-
TAB) and easy-to-customize database software (XGAP-DBathwill
help groups to directly use and adapt XGAP as a platform foeith
particular experimental data and analysis protocols.

We successfully evaluated the XGAP model and software inoadbr
range of experiments: array data (gene expression, inoyitiing arrays
for detection of alternative splicing, ChIP-on-chip for nmgtation, and
genotyping arrays for SNP detection); proteomics and maeibdmics
data (liquid chromatography time of ight mass spectromgtr(LC-
QTOF MS), NMR); classical phenotype assays[l148, [45,1205, 324,
238,[21,[25]; other assays for detection of genetic markensg an-
notation information for panel, gene, sample and clone. kamhnical
partners successfully evaluated the practical utility ydépendently
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(@) Create new data types using ‘extends’ (Figure 1)

entity name="Metabolite" extends="Trait">
<field name="Formula" nillable="true"
description="The chemical formula." />
<field name="Mass" type="decimal"
nillable="true"
description="The mass." />
<field name="Structure" type="text"
nillable="true"
description="The chemical structure." />
/entity>

(b) Customize the GUI using ‘form’ and ‘menu’

<form name="Investigations"
entity="Investigation">
<menu name="InvestigationMenu">
<form name="Subjects"
entity="Subject" />
<form name="Traits"
entity="Trait" />

</menu>
/form>

(C) Plug-in hand-written components

form ...

<plugin name="myplugin"
type="plugins.NetworkViewer" />

/form>

Figure 2.5: Customizing XGAP. A le in MOLGENIS domain-speci c lan-
guage is used to describe and customize the XGAP databaseasfructure
in a few lines. (a) Shows how the addition of aMetabolite data entity as
a new variant of Trait takes only a few lines in this DSL(b) Shows how
the GUI can be customized to suit a particular experimentalrgress. (c)
Shows how programmers can add a “plug-in' program that is ngenerated
by MOLGENIS but written by hand in Java.
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formatting and loading parts of their consortium data: EUASIMIR
(for mouse; Tabld_2]7), EU-GEN2PHEN (for human; Taljle12.7), €U
PANACEA (for C. elegany and 10P-Brassica (for plants). A public
subset of these data sets is available for download at[96hewneeded
we could quickly add customizations to the model, buildingthe gen-
eral schema, and then use MOLGENIS to generate a new version of
the software at the push of a button, for example, to supp®MR
methods as an extended type dfait[110]. Furthermore we success-
fully integrated processing tools, such as a two-way comioation
with R/QTL[38] enabling QTL mapping on XGAP stored genotype
and phenotypes with QTL results stored back into XGAP.

Based on these experiences, we expect use of XGAP to help the
community of genome-to-phenome researchers to share dathtaols,
notwithstanding large variations in their research aimshelrXGAP data
format can be used to represent and exchange all raw, inteliate and
result data associated with an investigation, and an XGARadtmase,
for instance, can be used as a platform to share both data aochjgu-
tational protocols (for example, written in the R statistit language)
associated with a research publication in an open format. gwision
a directory service to which XGAP users can publish metadataheir
investigations either manually or automatically by con gng this op-
tion in the XGAP administration user interface. This direcy service
can then be used as an entry point for federated querying leetwthe
community of XGAPs to share data and tools.

Groups that already have an infrastructure can assimila@A® to
ease evolution of their existing software. Next to their sitig user
tools, they can ‘rewire' algorithms and visual tools to alsseuthe
MOLGENIS APIs as data backend. Thus, researchers still haee th
same features as before, plus the features provided by theegeed
infrastructure (for example, data management GUIs, R/API)canon-
nected tools (for example, R packages developed elsewhbtedeover,
much less software code needs to be maintained by hand wi@adiag
hand-written parts by MOLGENIS-generated parts, allowingftaare
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Consortium

Remit

CASIMIR

GEN2PHEN

The collection and distribution of large volumes ofom-
plex data typical of functional genomics is carried out by
an increasing number of disseminated databases of hugely
variable scale and scope. Combined analysis of highly dis-
tributed datasets provides much of the power of the ap-
proach of functional genomics, but depends on databases'
ability to exchange data with each other and on analytical
tools with semantic and structural integrity. Agreement
on the standards adopted by databases will inevitably be a
matter of community consensus and to that end a recent
coordination action funded by the European Commission,
CASIMIR[64], is engaged in a community consultation on
the nature of the technical and semantic standards needed.
What has already become clear in use-case studies con-
ducted so far is that whatever standards are adopted, they
will inevitably remain dynamic and continue to develop,
particularly as new data types are collected. Crucially, ey
should allow the open-ended development of analytical and
datamining software, while integration of e orts to agree
such standards and develop new software is essential.

Currently available  genotype-to-phenotype  (G2P
databases are few and far between, have great di-
versity of design, and limited or no interoperability
between them. This arrangement provides no convenient
way to populate the databases, no easy way to exchange,
compare or integrate their content, and absolutely no way
to search the totality of gathered information. In this
context, the European Commission has recently funded
the GEN2PHEN projeci[65], which intends to signi cantly
improve the database infrastructure available within
Europe for the collation, storage, and analysis of human
and model-organism G2P data. This will be achieved by
rst developing various cutting-edge solutions, and then
deploying these in conjunction with proven concepts, so
as to transform the current elementary G2P database
reality into a powerful networked hierarchy of interlinked
databases, tools and standards.

Table 2.7: XGAP participating consortia. 61




CHAPTER 2. XGAP MODEL FOR GENOTYPE AND PHENOTYPE

engineers to add new features for researchers much morelyapi

We invite the broader community to join our e orts at the pub-
lic XGAP.org wiki, mailing list and source code versioningtsyn to
evolve and share the best XGAP customizations and GUI/APIgphi
enhancements, to support the growing range of pro ling texitogies,
create data pipelines between repositories, and to pushelbgpments
in the directions that will most bene t research.

2.6 Materials and methods

Software modeling, auto-generation/con guration and cgranent tool-
boxes are increasingly used in bioinformatics to speed @gsgloke) bi-
ological software development; see our recent review[3ZeF XGAP
we required a software toolbox providing query interfacdata man-
agement interfaces, programming interfaces to R and welises, sim-
ple data exchange formats and a minimal requirement of pangming
knowledge. The MOLGENIS modeling language and software igdoe
toolbox[329,108] was chosen as it combines all these femstur
Several alternative toolboxes were evaluated: BioMarg,[812] and
InterMine[214] generate powerful query interfaces for gmgs data but
are not suited for data management; Omixed[246] generatexypam-
matic interfaces onto databases, including a security taymut lacks
user interfaces; PEDRO/Pierte[166] generates data entng aetrieval
user interfaces but lacks programmatic interfaces; andeyahgenera-
tors such as AndroMDA[12] and Ruby-on-Rails[247] requirgchhmore
programming/con guration e orts compared to tools spect to the bi-
ological domain. Turnkey[250] seemed to be closest to ouedse it
emerged from the GMOD community having GUI and SOAP integfac
but lacks auto-generation of R interfaces and a le excharigenat.

Figure[2Z6 summarizes how MOLGENIS generates the XGAP data-

base software in three layers: database, APl and GUI. MOLGEMI&r
generates a high-performance “server' edition, which nexguinstalla-
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tion on server software, or a limited “standalone' editiorathruns on a
desktop computer without any additional con guration. Theatabase
layer is generated as SQL les with “database CREATE stateisien
that are loaded into either MySQL (server), PostgreSQL (s&) or 1
HSQLDB (standalone). Each data type in the XGAP object model
(Figure[Z.1) is mapped to its own table - for example, there iSTaait'
table. Each inheritance adds another table, for exampleche&ene

has an entry in the "Gene' table and also in the "Trait' table. &to- 3
many crossreferences between data types are mapped agridkeys -

for example,Data has a numeric eld called “Investigation' that must 4
refer to the foreign key ‘molgenisid' ofinvestigation Many-to-many
cross-references are mapped via a ‘link-table' - for examate ad- 5
ditional table “'mrefimport_data’ is generated for two foreign keys to

Data and ProtocolApplication respectively, to model thémportData 6
relationship between them. The API layer is generated asaldes

either served via Tomcat (server) or Jetty (standalone). Ava class 7
is generated for each data type - for example, there is a classe

All data can be queried programmatically via a centBtabaseclass, 8

that is, commanddb. nd(Gene.class)returns all Gene objects in the
database. To enhance performance, the API uses the “batched'
date methods of Java's DataBase Connectivity (JDBC) packaye
the “multi-row-syntax' of MySQL to allow inserts of 10,000sdxta en-
tries in a single command, an optimization that is 5 to 15 tinquicker
than standard one-by-one updates. The Java/API is exposeth \a
SOAP/API, HTTP/API and R/API, so XGAP can also be accessed via
web service tools like Taverna, HTTP or R, respectively @ssible via
hyperlinks in the GUI). The GUI layer is also generated as Jéas
The GUI includes classes for each Menu and Form - for exantpée,
InvestigationFormclass generates a view- and editform for investiga-
tions in the GUI. The generation is steered from one XML le tien

in MOLGENIS DSL (partially shown in Figufe 2.5). To enable FUGE
extension, the FUGE model was automatically translatediMOLGE-
NIS DSL. We therefore rst downloaded the FUGE v1 MagicDrave |
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from[235], exported from MagicDraw to XMl 2.1, parsed the XMging
the EMF parser from Eclipse[267] and then automaticallyrtstated it
into MOLGENIS DSL using a newly built XmiToMolgenis tool. Com
patibility with the FUGE standard is ensured via inheritanchat is,
Investigation Protocol, ProtocolApplication Data and DimensionEle-
ment in XGAP all extend FUGE data types of the same name. Further
implementation details can be found at |96, 103].
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Figure 2.6: Auto-generation of XGAP software. Open source generator
tools are used to produce a customized XGAP software infrastture. 1,
The XGAP object model is described using the MOLGENIS' liglmodeling
language (Figure[LZ}). 2, Central software termed Molge@enerate runs
several generators, building on the MOLGENIS catalogue @usable assets.
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Abstract

Summary: xQTL workbench is a scalable web platform for the map-
ping of quantitative trait loci (QTLs) at multiple levels: dr example
gene expression (eQTL), protein abundance (pQTL), metateohbun-
dance (mQTL) and phenotype (phQTL) data. Popular QTL mapgin
methods for model organism and human populations are adokessia
the web user interface. Large calculations scale easilycomutilti-core
computers, clusters and Cloud. All data involved can be agkd and

68



3.1. INTRODUCTION

gueried online: markers, genotypes, microarrays, NGSM&,-GC-MS,
NMR, etc. When new data types come available&TL workbench is
quickly customized using the Molgenis software generator.

Availability: xQTL workbench runs on all common platforms, including 1
Linux, Mac OS X and Windows. An online demo system, inst#diat
guide, tutorials, software and source code are availablgeurthe LGPL3 2

license fromhttp://www.molgenis.org/xqtl
Contact: m.a.swertz@rug.nl

3.1 Introduction

Modern high-throughput technologies generate large amsuof ge-

nomic, transcriptomic, proteomic and metabolomic data. Wever, ex- 6
isting open source web-based tools for QTL analysis, suctvetsQTL
[358] and QTLNetwork([37/7], are not easily extendable to elient set-
tings and computationally scalable for whole genome aredyxQTL
workbench makes it easy to analyse large and complex datasging 8
state-of-the-art QTL mapping tools and to apply these mettoto mil-

lions of phenotypes using parallelized "Big Data’' soluti¢®#2]. xQTL

workbench also supports storing of raw, intermediate andalresult

data, and analysis protocols and history for reprodudipifind data

provenance. Use of Molgenis [328] helps to customize thevsoé. All

is conveniently accessible via standard Internet browsers\tindows,

Linux or Mac (and using Java, R for the server).

3.2 Features

XQTL workbench provides visualization of QTL pro les, siagind mul-
tiple QTL mapping methods, easy addition of new QTL analysssal-
able data management and analysis tracking.

1The URL in the original paper is no longer active and was updagd here.
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3.2.1 Explore QTL pro les

Through the web interface, users can explore mapped QTLS, @amder-
lying information by viewing QTL plots in an interactive stiable and
zoomable windowxQTL workbench has support for other common im-
age formats, such as PNG, JPG, SVG and embedded postscisgtful
for publishing scienti ¢ results online, and on paper. Frdhe output,
main database identi ers, such as gene, protein and/or nisdéite iden-

ti ers are automatically linked-out to matching external e pages of
public database such as NCBI, KEGG and Wormbase.

3.2.2 Single and multiple QTL mapping

XQTL workbench wraps R/qtl[[15]_38] in a web-based analysanfe-
work o ering all important QTL mapping routines, such as theM algo-
rithm, imputation, Haley-Knott regression, the extendedaldy-Knott
method, marker regression and Multiple QTL mapping. In adutit
XQTL workbench includes R/qtlbim, a library that provides aafgesian
model selection approach for mapping multiple interacti@Qg L [37€]
and Plink, a library for association QTL mapping on singlectaotide
polymorphisms (SNP) in natural populations [277].

3.2.3 Add new analysis tools

XQTL workbench supports exible adding of more QTL analysidts
ware: any R-based, or command-line tool, can be plugged ihadal-
ysis results are uploaded, stored and tracked in #@TL workbench
database through an R-API. When new tools are added, they aatdb
on the high-level multi-core computer, cluster and Cloud magement
functions, based on TORQUE/OpenPBS and BioNode [273QTL
workbench can be made part of a larger analysis pipelinegusiter-
faces to R, Excel, REST and SOAP web services and Galaxy.[128]
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Figure 3.1: Screenshot ofxQTL workbench with all features enabled; (1)
import phenotype, genotype and genetic map data, exampleseagiven per
import type; (2) search through the whole database, explorand browse
your data using molgenis generated web-interfaces; (3) riiqtl QTL map-

ping, the general plugin allows users to perform not only QTinapping but
also other analyze; (4) use default (or custom) plugins to plore results
(e.g. Heatmaps, QTL proles); (5) add new tools to the workbach (for
Bio informaticians); (6) user management and access controf the system
(Only for admins); (7) expert settings can be altered in thedmin tab (Only
for admins); (8) connect/share data using generated API'sot R statistics,
REST/JSON, SOAP. 71
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3.2.4 Track analysis and monitor performance

When a new analysis protocol or R script is de ned, this prodbcan
easily be applied to new data. AlseQTL workbench keeps track of his-
tory. Re-use of analysis protocols can be done in an autoché&shion.
Previous analyses can be rerun without resetting paransetetQTL
workbench provides an online overview of past analyses e.fichw
analyses were performed, by who, when and display settipgéied.

3.2.5 Scalable data management

xQTL workbench has a consistency checking database basedG@hPX
speci cation [330], user interfaces to manage and query @gpe and
phenotype datasets and support for various database bawksenclud-
ing HSQL (standalone) and MySQL. Phenotype, genotype andejie
map data can be imported as text (TXT), comma separated (CSV)
and Excel les. xQTL workbench handles and stores large data in a
new and e cient binary edition of the XGAP format, named XGAifh
(extension .xbin), documented online. Such binary formats assential
when handling, storing and transporting multi-Gigabytetdsets.

3.2.6 Customizable to research needs

Additional modules for new data modalities can be added gdfol-
genis software generator [330]. The ‘look and feel' >@TL work-
bench is adaptable to institute or consortium style by charga simple
template, which is described in theQTL workbench documentation
enabling seamless integration into an existing websitentranet site,
such as recently for EU-PANACEA model organism project atife-L
Lines biobank.
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3.3 Implementation

We built xQTL workbench on top of Molgenid [327], a Java-based
software to generate tailored research infrastructure demand [[329].
From a single “blueprint' describing the whole system, Malgeauto-
generates a full application including user interface, atzse infras-
tructure, application programming interfaces in R, RESTASOAP
(APIs). Molgenis' exibility and robustness is proven by tiéde range
of research projects, e.g. the Nordic GWAS Control datab8$£], EB
mutation databasel[343] and the Animal observation datada328].

For data storage, the eXtensible Genotype and Phenotype ARy
data model was adopted [330] and extended for big data. Topzrp
the increased demand for computational resources for idetimapping
routines, we added high-level cluster and cloud managenfiemttions
for computation. The scalable QTL mapping routines x®TL work-
bench are written in R and C. The choice of R ties in with the geai
practice of using R for QTL mapping. The user interface irdgs di-
rect access to the R interpreter. BothkQTL workbench and Molgenis
are open-source software, and source code is transparetbed and
tracked in online source control repositories.

3.4 Conclusion

XQTL workbench provides a total solution for web-based asay ma-
jor QTL mapping routines are integrated for use by expereshand
inexperienced users. Researchers can upload raw data, matyses,
explore mapped QTL and underlying information, and linktaea im-
portant databases. New algorithms can be exibly added, iediately
available to all users. Large analyses can be easily ex¢auta cluster
or in the Cloud. Future work include visualizations and s#aoptions
to explore the results. We also had an EU-SYSGENET worksHnap t
envisioned further integration ofQTL with analysis tools like HAPPY,
databases like GeneNetwork, and the work ow manager TIQS.[86
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Abstract

Interactions between proteins are highly conserved acrpegiss. As
a result, the molecular basis of multiple diseases a ectmgmans can
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be studied in model organisms that o er many alternative exipnen-
tal opportunities. One such organism Caenorhabditis elegahhas
been used to produce much molecular quantitative genetiod ays-

tems biology data over the past decade. We present WormHL 1
(Human Disease), a database that quantitatively and syseically
links expression Quantitative Trait Loci (eQTL) ndings i€. elegans 2
to gene-disease associations in man. Worm®®PL available online
at http://www.wormgtl-hd.org , Is a user-friendly set of tools 3

to reveal functionally coherent, evolutionary conservezhg networks.
These can be used to predict novel gene-to-gene assocmtmal the
functions of genes underlying the disease of interest. Weatgd a

new database that link€. eleganseQTL data sets to human diseases 5
(34,337 gene-disease associations from OMIM, DGA, GWAS G@éntr

and NHGRI GWAS Catalogue) based on overlapping sets of @tho 6
gous genes associated to phenotypes in these two speciesutitzed

QTL results, high-throughput molecular phenotypes, ciaas pheno- 7
types and genotype data covering di erent developmentagsds and
environments from WormQTL database. All software is avbliéaas 8

open source, built on MOLGENIS and xQTL workbench.

4.1 Introduction

Many exciting data sets have been collected in recent year€aenor-
habditis elegansa free-living, non-parasitic soil-related nematode that
feeds on the bacteria of decaying organic matter. This woras lmany
useful features that have made it one of the most studied nmaxtgan-
isms: it is small and easy to house, has a short generatiore tand is
transparent. As a consequence, its genomic informatioroi& available
[91], and the developmental path and function of almost gveell in its
body has been described [122]. In addition, recent genetiemlomics
studies inC. eleganshave revealed thousands of genomic regions (loci)
that are associated to the quantitative variation in a digerrange of

77


http://www.wormqtl-hd.org

CHAPTER 4. LINKING HUMAN DISEASE TQ@. ELEGANS

phenotypes, such as gene expression [expression Quawditatait Loci
(eQTLs)] [114,[178) 254|203, 350, 351, 293], lifespan] [8&&velop-
ment [139,140] 177], stress resistance [295,]147], behaJ@27,[283],
dauer formation([1477, 133] and sensitivity to RNAI treatntsr{92].

Genes having eQTLs mapping to the same genomic region (i.e.
hotspot) are possibly involved in the same biological patkiprocess.
Palopoliet al. [254] have shown that biochemical processes and molec-
ular functions of genes are generally highly conserved. dtesd. [194]
have shown that using the OMIM database [142jttfp://omim.
org/ ) and orthologue mapping data from INPARANOID [248], it is
possible to infer new gene-gene interactions that are resgde for a
certain disease in man from model organism data. McGetral. [22€]
have shown that the conservation level betwe€n elegansand man
is su cient to infer gene-gene interactions in man from worghata.
Even though the global disease phenotypes may not be at aliga
rable, the molecular basis may be common (e.g. breast cancer a
high male incidence of progeny). For example, research oesstre-
sponse irC. eleganshas provided detailed insight into the genetic and
molecular mechanisms underlying complex human disea8d3.[h ad-
dition, Shaye and Greenwald [307] have generated a compemdif C.
elegansgenes with human orthologues using four orthology prediati
programmes for identifyingdC. elegansorthologues of human disease
genes for potential functional analysis. As a result, ImkiC. elegans
and human data could help to understand the mechanisms ugaer
many human diseases.

To facilitate the exploitation of the worm eQTL data for hunma
disease research we developed a new database, Worti®Tivhich
quantitatively and systematically links many eQTLs ndisgn C. el-
egansto gene-disease associations in human. The database isdbase
on the detection of the overlapping sets of orthologous gessoci-
ated with di erent phenotypes, or "phenologs’ [226] betwethrese two
species. The data, mainly eQTL results, were taken from deet plat-
forms (e.g. Agilent) and experiments (e.g. developmentalges). We
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provide a set of web-based analysis tools to search the detalkand
explore phenotypes based on gene orthologues between wadhman.
The result can be downloaded and visualized in a comprekenget
clear way. All data and tools can be accessed via a public vesv in-
terface, as well as basic programming interfaces, whichevirilt using
the MOLGENIS biosoftware toolkit [328].

To our knowledge, this is the rst online database for the w®m®-
atic investigation ofC. elegansphenotype equivalents of human dis-
eases by integrating known disease-gene associationg gehologue
data, molecular phenotypes and QTL results. WormQ*L allows re-
searchers to explore these complex data in a user-friendly, wvading
new genes, interactions and loci for human disease models.

WormQTLHD s freely accessible without registration and is hosted
at http://www.wormqtl-hd.org . All underlying software is open
source and can be downloaded and freely used, for example, las
cal mirror of the database and/or to host new studies, whichncbe
uploaded using XGAP format_[330]. Below we describe the ltesu
methods used to implement the system and future plans.

4.2 Implementation

WormQTLHP was compiled using data from six sources that are de-
scribed below: (I) WormQTL [31@] (1) WormBase Phenotypesl([379],
(111) Online Mendelian Inheritance in Man (OMIM)[142], (IV) ThBis-
ease and Gene Annotations (DGA) [259], (V) NHGRI GWAS Cala®
[152] (http://www.genome.gov/gwastudies ) and (VI) GWAS
Central [339,39] (Figuré_4]1). () WormQTL Http://www.worm

gtl.org ) contains many published “genetical genomics' experiments
and consists of 47 public data sets with eQTL data on 500 par{Re-
combinant Inbred Lines or natural strains), 68,452 microgr@obes,
1,630 samples and 1,579 markers. The tools that were presekiVaon-

1The original paper erroneously cited [294/352] here.
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Figure 4.1: Human and worm data integration. WormQTI'P was com-
piled using data derived from WormQTL, WormBase, OMIM, DGAGWAS
Catalogue and GWAS Central.
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mQTL, such as the QTL Finder and the Genome Browser, are also
available in WormQTHEP. (1) WormBase is “an international consor-
tium of biologists and computer scientists dedicated to yiding the

research community with accurate, current, accessiblerimfation con- 1
cerning the genetics, genomics and biology of C. elegans reftated

nematodes' (WormBase Mission statement, Todd Harris, 26viim- 2
ber 2012). From WormBase, we downloaded all the gene-phgret
associations (total 227,216) via WormMatrt. (1ll) OMIM is one tifie 3

most popular databases containing 14,164 human gene-désaasocia-
tions. (IV) The DGA database (2,961 associations) was starite@013
and claims to be more comprehensive than OMIM. (V) The NHGRI

GWAS Catalogue is a collection of 12,925 SNP-to-disease@atons 5
published in GWAS studies with at least 100,000 assayed SNitsaa
P-value of<1.0 x 10°. The SNPs were linked to human genes by 6
the authors of the original papers that have been includedhe cata-
logue. (VI) GWAS Central[339, 39, 108] is a database of sumnievel 7
ndings from genetic association studies. The authors of G8/Cen-
tral gathered and curated many datasets from public domaiojgcts, 8

and supplied us with a list of 4,487 gene-disease assocmtiaving

a P-value of<1.0 x 1010, Because of the non-overlapping informa-
tion in these four sources of human genes linked to diseasey tare
all provided and can be selected by the user. Human and worta da
are connected based on the detection of orthologous gendlsaégse two
species. We downloaded all INPARANOID orthologues betwEeel-
egansand Homo sapienswith a 100% bootstrap value. The bootstrap
value indicates how often the pair is found as reciprocagtmatched

in a sampling with a replacement procedure that was appliedthe
original Blast alignment.

To explore this database, WormQT1P features four major search-
ing tools for di erent purposes. The starting points are sumarized in
Figure[4.2 and described in detail below, followed by a sharhmary
of the software used.

81



CHAPTER 4. LINKING HUMAN DISEASE TQ@. ELEGANS

Figure 4.2: Cross-experiment search. WormQTIP provides four tools to ex-
plore the database: mapping human diseases to worm QTLs (Base2QTL);
mapping a worm genomic region to human diseases (Regiongdise); map-
ping worm QTLs to human diseases (QTL2disease); and linkirvgprm phe-
notypes to human diseases (ComparePheno).
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4.2.1 Tool 1: "Disease2QTL', mapping human dis-
eases to worm eQTLs

Exploring the genetic variation data for human gene orthgies in worm 1
can provide useful insight into the function and regulatiohhuman dis-

eases. WormQTEP provides a tool for human geneticists to explore 2
novel causal genes for a specic human disease by using wofilh Q

ndings. Using a selection of one or multiple human diseagiesm 3

OMIM, DGA, NHGRI GWAS Catalogue or GWAS Central), a “shop-
ping' page is presented with worm gene expression probes thait
human disease association. More information about the gertbol-

ogy mapping and association studies can be browsed. Usarguoa 5
individual probes, or all probes at once, into the “shoppiag'c Subse-

guently, they can explore the genetic variation of those geacross the 6
di erent experiments and studies that are stored in the WagmLHP

database. The shopping cart is a central place in WormPLwhere 7
users can see the various worm gene probes that they haveted|e

and create QTL/eQTL visualizations from the items in the giming 3

cart using "Plot QTLS'".

Using the "Plot QTLs' function, researchers can test if gemsso-
ciated with the selected diseases have any QTLs and if thep toaa
common genomic region. Shared QTLs suggest that those gemes
regulated by the same genetic variation and are possiblylved in
the same biological pathways. The genes wils-QTLs in that ge-
nomic region are used as candidate genes in several typetudies
[182, 336, 316]. The same approach can be used for causalsgehe
human diseases. Alternatively, users can also select wdrengtypes
(1,504 total) instead of human diseases as a starting poinheTshop-
ping window is presented in exactly the same way as beforesecs can
browse human diseases from a worm phenotype perspectiteaithsor
simply shop for probes of choice for a given worm phenotype plot
their QTLs, without considering any human disease relation
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4.2.2 Tool 2: "Region2disease’, mapping worm ge-
nomic regions to human diseases

Researchers can link worm genomic regions to human disedabes
approach starts by selecting a region in the worm genome, a.gnown
"eQTL hotspot’, where a number of eQTLs are located. The regi®n
selected by providing the chromosome name, start and ende baesr
positions. Users can quickly de ne a region of interest byngsthe
location of anyC. elegansgene. The database then returns all worm
gene expression probes that are annotated in this regiononfithe
probes, the corresponding worm genes are gathered, plus thanan
orthologues. The user is presented with a table containihg human-
worm orthology and disease/phenotype associations in mad aorm.
After shopping for some or all of the relevant probes, usexs choose
to visualize eQTL results for them (similar to Tool 1), or germ a
disease enrichment test.

The hypergeometric gene overlap test [291] to discover phegs
(phenotype orthologues) can be performed by clicking on éBge en-
richment'. All probes in the region are linked to their corpemding
genes in worm, and a test is performed whether this entireugrof
genes is signi cantly “enriched' for one or more human digsasy over-
lapping orthologous groups and worm and human genes. Thessizal
signi cance of phenologsR-value) is listed in an output table. A signif-
icant result means that the input genomic region shares anst@ntly
larger set of orthologous genes with a human disease thanldvbe
expected at random, even if the expressed phenotype in wgrpears
very di erent from the human disease phenotype (e.g. breaahaer
and fertility). This tool can provide novel interpretatioof genomic
regions of interest.
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4.2.3 Tool 3: 'QTL2disease’, mapping worm QTLs
to human diseases

Researchers can start by selecting a QTL/eQTL in worm to ndten- 1
tial relationships with human diseases. We can select QTLmi@rest
based on three criteria: a selected experiment, a certaireshold for 2
signi cance (LOD score) and a speci ¢ gene expression prebé a
suspected QTL. If there is a QTL with a LOD score above the thres 3

old, we automatically select the closest 50 probes on botiesi of
the highest peak marker. These probes are presented andadnaifor
browsing, shopping and plotting of QTLs, or can be the inpot the
disease enrichment test to nd phenologs. 5

4.2.4 Tool 4: "ComparePheno’, linking worm pheno- 6
types to human diseases

WormQTLHP also provides a tool that links human diseases to classical
worm phenotypes (andice versato discover phenologs in a system- 8
atic way. Users begin by selecting one or more human diseasds
clicking on "Compare'. The genes associated with the seledisdase
are tested for enrichment against all sets of known assatlajenes for
worm phenotypes. The result reveals functionally coher@volution-
arily conserved gene networks.

Alternatively, users can also start by selecting worm phgpes,
which are tested against human diseases. In addition to espexies
testing, results of within-species disease enrichmentas® available
(e.g. to nd the closest related human disease for anotherihpuman
disease).

425 Software used

All the software has been implemented using the open sourc@Lét-
ular GENetics Information Systems'| MOLGENIS|toolkit [328]. The
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MOLGENIS toolkit is Java-based software to generate taitbresearch
infrastructure on-demand [329]. In particular, we built om axist-
ing MOLGENIS application, the extensible xQTL workbench][a#d
the R/gtl QTL mapping and visualization package for the R tamage
[38, 15]. All software is available as open sourcehtip://githu
b.com/molgenis  for others to reuse locally. Related technical doc-

umentation is available alttp://www.molgenis.org/xqtl 2 h
ttp://www.rgtl.org and http://www.molgenis.org
4.3 Results

To demonstrate the added value of WormQ'E, we have reproduced
ndings from known studies and have shown that novel insgland
hypotheses can be achieved with little time and e ort. Sufsently,
we performed a broad-sweep disease-enrichment test to Hdnan-
evident phenologs and to explore which new putative cangidgenes
for human diseases could be elucidated for future research.

4.3.1 Case 1: Linking disease to worm phenotype
from McGary et al. [226]

McGary et al. performed a phenolog mapping between the high inci-
dence of maleC. elegangrogeny to human breast/ovarian cancers. Of
4,649 total orthologues, McGargt al. reported 3 overlapping genes of
12 human disease-associated genes and 16 worm phenotygoeiated
genes|which is a signi cant enrichment (hypergeometric & P-value

of 7.2 x 105). From the 13 worm phenotype-associated genes that
were not overlapping, 9 had orthologues that had alreadyrbkeked to
breast cancer in the primary literature. They implicatedetimiemaining
four genes as new breast cancer candidates. We replicatedethnd-
ings using the ComparePheno tool of WormQ1®, searching for the

2The URL in the original paper is no longer active and was updagd here.
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WormBase phenotype “high incidence male progeny'. The rstrfaun
disease among the results iBreast cancer, susceptibility tp 114480
(3)' from OMIM. Our tool reported 2 overlapping genes of 4 huma
disease-associated genes and 63 genes from the worm phmmothis
resulted in aP-value 1.4 x 10% (uncorrected). The second best
human hit in the results is "malignant neoplasm of ovary' franGA.
We found two overlapping genes of six ovarian cancer astatigenes,
resulting in aP-value 3.41 x 102 (uncorrected). ComparePheno
also indicated enrichment of these categories. TRevalues are ‘less
signi cant' than McGary et al. because (i) their de nitionfo high inci-
dence male progeny' included only 16 rather than 63 genes(anthey
used an older INPARANOID version, so the overlap test was perda
on a di erent orthologue mapping. Together, these result®rh our
database do indeed replicate their ndings. See Online UsseCl on
the Help page to repeat this case.

4.3.2 Case 2: Worm eQTL hotspot from two tem-
perature expression data from Li et al. [205]

Li et al. [205] found an eQTL hotspot (77.56Mb on chromosome V)
on the worm genome in which genetic variation is associatétth whe
expression of 66 genes, while these genes are located elsevam
the genome. This indicates that these genes are possiblglied in
the same biological process/pathway and potentially shareegula-
tory element. They may be physically located on the eQTL patls
which controls gene expression responding to di erent agmibitem-
peratures. First, we used the Region2disease tool and immgitions
ChrV:15430739-16430739 (a non-cumulative 1 Mb region arbtime
hotspot). We put all 931 probes located in this region in theopping
cart, and selected "Disease enrichment'. The best hit was "Besg to
antineoplastic agents' (agents used in chemotherapeutgatment of
cancer) from GWAS CatalogueP(value  4.92 x 103, uncorrected).
For this hit, the associated human genBPP2R5E is orthologous to
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WBGene00012348ptr-1) present in this region. The best WormBase
hit is “thermotolerance increasedP(value 1.5 x 102, uncorrected),
also via association withptr-1. Padmanabharet al. [251] showed that
pptr-1 is involved in regulating subcellular localization andrtsarip-
tional activity of the forkhead transcription factodaf-16 Rodriguezet
al. [294] reviewed the role of heat stress response experimienG.
elegansfor detecting human disease genes. They reported ttat-16
in worms controls lifespan and stress response. In humaresd#i-16
orthologueFOXO3A is associated with aging and prevalence of cancer
[369]. Using the Disease2QTL tool, a search for "Responsentmeo-
plastic agents' results in six probes for orthologuesP¢fP2R5E (WB-
Gene00012348) andCOX3 (WBGene00019060). We selected them
all and plotted the QTLs. This revealed a highly signi cant@D >
50) cis-eQTL for pptr-1 in the Rockmanet al. [293] dataset. Given
all the evidence, we believgptr-1 might be an interesting candidate
in the further development of a temperature-bas€d elegansmodel
for understanding human cancer and developing potentiarépeutic
drugs. Moreover, it shows that combining the "Region2distasd
"Disease2QTL' tools can lead to an interesting hypothesiadse for
experimental validation. See Online Use Case 2 on the Hefjepda
reproduce this case.

4.3.3 Case 3: Osmotic stress as a model for Bardet-
Biedl syndrome from Rodriguez et al. [294]

Rodriguezet al. proposed hypertonic or osmotic stress @ elegans
as a model to study human diseases related to protein agdiega
such as Alzheimer's and Parkinson's. Hypertonic stress dukss of
water causes an intracellular ionic imbalance, which letmdsapid ac-
cumulation of organic osmotic glycerol and accumulationdamaged
proteins. Shaye and Greenwald [307] showed tbain-12 (associated
with osmotic stress response) is orthologousBBS7 in man, which is
associated to Bardet-Biedl syndrome [20]. We used the D¥s@QTL
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tool to look for QTLs associated with Bardet-Biedl syndronby se-
lecting all "Bardet-Biedl syndrome' entries (seven in tytsbm OMIM.
When we plotted the QTLs in worm for these entries, three sicgnt

eQTLs (LOD> 5) were found forosm-12(in cis), bbs-5 (also incis) 1
and bbs-2 (in trans). The strongest QTL (LOD> 6) was found for
bbs-5 reported by probe AGIUSA3442 in the Rockmanal. dataset. 2
We used the QTL2disease tool to investigate this QTL furthet re-
vealed a nearby, very signi cant eQTL (LOB 10) for a gene named 3

TO7C4.1Q which can be investigated further as a potential candidate
for this disease model. See Online Use Case 3 on the Help page t
replicate this example.

5
4.3.4 Novel disease-gene associations by "broad-sweep' 6
disease-enrichment test
We performed hypergeometric gene overlap tests to nd pHege be- 7
tween all worm phenotypes versus all human diseases. Talldists
the 15 most signi cant hits for human diseases that have sigant 8

gene overlap with worm phenotypes (see Tables 4.2 and 4.3 feitdip
100). New candidate genes for human diseases can be diszb¥em
phenologs by investigating human orthologues of worm gethes did
not overlap with known human genes of the disease of interest
McGaryet al. [226] reported “Zellweger syndrome' in man to be a
phenolog with "Reduced number of peroxisomes' in ye&swélue <
1.0 x 10°). Our best hit was “Zellweger syndrome' with “peroxisome
physiology variant' in worm R-value< 3.6 x 1019). Encouragingly,
certain top hits such as “coenzyme Q depleted' in worm versgenc
zyme Q10 de ciency' in man, and “spontaneous mutation ratereaased'
in worm versus “Mismatch repair cancer syndrome' in man makess,
thereby validating this approach and adding credibility pmtentially
non-evident human disease models.
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Phenotype; (Ce) Phenotype; (Hs) ng nz k P-value

Peroxisome physiology variant Zellweger syndrome, 2141003) [OMIM] 3 4 3 3.58E-10

Coenzyme Q depleted Coenzyme Q10 de ciency, 607426 (3) [OMWU] 9 3 3 7.53E-09

Spontaneous mutation rate Mismatch repair cancer syndrome, 276300 (3) 42 4 4 9.88E-09

increased [OMIM]

Mitochondrial metabolism Coenzyme Q10 de ciency, 607426 (3) [OMIM] 17 3 3 6.09E-08

variant

AWA odorant chemotaxis Cardiofaciocutaneous syndrome, 115150 (3) 3 2 2 3.64E-07

defective [OMIM]

Peroxisome physiology variant Adrenoleukodystrophy, nepatal, 202370 (3) 3 3 2 1.09E-06
[OMIM]

AWC odorant chemotaxis Cardiofaciocutaneous syndrome, 115150 (3) 5 2 2 1.21E-06

defective [OMIM]

Germ nuclei rachis Cardiofaciocutaneous syndrome, 11515(B) 6 2 2 1.82E-06
[OMIM]

Excretory cell development Rheumatoid arthritis [GWAS Catalogue] 3 5 2 3.64E-06

variant

Bacterially unswollen Cardiofaciocutaneous syndrome, 13150 (3) 11 2 2 6.67E-06
[OMIM]

Organism starvation response Ovarian cancer, somatic, 604370 (3) [OMIM] 12 2 2 8.00E-06

variant

Neuron development variant Diastolic blood pressure [GWASCatalog] 17 11 3 9.85E-06

Ventral closure defective Wiskott-Aldrich syndrome [DGA] 8 3 2 1.02E-05

Egg laying imipramine resistant Bone mineral density [GWASCatalog] 26 23 4 1.08E-05

mRNA export variant disease by infectious agent [DGA] 4 6 2 109E-05

Table 4.1: Top 15 results for the “broad-sweep' disease enrichmemt; indicates the number of orthologues
in C. elegans(Ce) with phenotype, n, the number inH. sapiens(Hs) with phenotype and k the number in

both sets. The signi cance of each phenolog is assessed bg thypergeometric probability P-value). S
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RESULTS

Phenotype; (Ce) Phenotypey (Hs) nq np k P-value

constipated Cardiofaciocutaneous syndrome, 115150 (3) 14 2 2 1.10E-05
[oMIM]

neuron development variant Blood Pressure [GWAS Central] 4 12 3 1.31E-05

reproductive system development Palmitoleic acid (16:1n-7) plasma levels [GWAS 6 5 2 1.82E-05

variant Catalog]

germ cell morphology variant Wiskott-Aldrich syndrome [DGA] 112 3 3 2.04E-05

life span variant Coenzyme Q10 de ciency, 607426 (3) [OMIM] 114 3 3 2.15E-05

organism starvation response Colorectal cancer, somatic, 114500 (3) [OMIM] 12 3 2 2.40E-06

variant

gastrulation variant vaccinia [DGA] 21 2 2 2.55E-05

neuron development variant Blood pressure [GWAS Catalog] 1 15 3 2.69E-05

epithelial morphology variant Wiskott-Aldrich syndrome [DGA] 13 3 2 2.83E-05

osmotic stress response variant Chronic obstructive pulmoary disease [GWAS 13 3 2 2.83E-05
Catalog]

radiation induced reproductive cell Mismatch repair cancer syndrome, 276300 (3) 10 4 2 3.26E-05

death variant [OMIM]

distal tip cell development variant Pulmonary function (in teraction) [GWAS 6 7 2 3.81E-05
Catalog]

dauer arrest variant Ovarian cancer, somatic, 604370 (3) [QVIM] 26 2 2 3.94E-05

bag of worms Heart Rate [GWAS Central] 29 2 2 4.92E-05

halothane hypersensitive Leigh syndrome, 256000 (3) [OMIN 6 8 2 5.07E-05

vulvaless Cardiofaciocutaneous syndrome, 115150 (3) 30 2 2 5.27E-05
[oMIM]

transgene expression variant Pulmonary function (interation) [GWAS 147 7 4 5.30E-05
Catalog]

sodium chloride chemotaxis Cardiofaciocutaneous syndrome, 115150 (3) 31 2 2 5.64E-05

defective [OMIM]

synaptogenesis variant Hippocampal atrophy [GWAS Catalog 13 4 2 5.65E-05

body size variant In ammatory bowel disease [GWAS Catalog] 11 30 3 5.77E-05

gastrulation variant Wiskott-Aldrich syndrome [DGA] 21 3 2 7.61E-05

pathogen susceptibility increased Cardiofaciocutaneousyndrome, 115150 (3) 36 2 2 7.64E-05
[OMIM]

level of protein expression variant hepatitis B [DGA] 39 2 2 8.98E-05

male gonad morphology variant Bone mineral density [GWAS Calog] 3 23 2 9.17E-05

accid Electrocardiographic traits [GWAS Catalog] 13 5 2 9.41E-05

paraquat resistant Ovarian cancer, somatic, 604370 (3) [OMM] 41 2 2 9.94E-05

reproductive system development Metabolic traits [GWAS Catalog] 6 11 2 9.94E-05

variant

spontaneous mutation rate Muir-Torre syndrome, 158320 (3) [OMIM] 42 2 2 1.04E-04

increased

dauer formation variant Ovarian cancer, somatic, 604370 (3 [OMIM] 43 2 2 1.09E-04

dauer arrest variant Colorectal cancer, somatic, 114500 (3 [OMIM] 26 3 2 1.18E-04

loss of asymmetry ASE Cardiofaciocutaneous syndrome, 115D (3) 47 2 2 1.31E-04
[OMIM]

large cytoplasmic granules early Eye Color [GWAS Central] 28 3 2 1.37E-04

emb

gonad sheath contraction rate Systolic blood pressure [GWAS Catalog] 7 11 2 1.39E-04

reduced

osmotic stress response variant Sudden cardiac arrest [GW& Catalog] 13 6 2 1.41E-04

male tail morphology variant substance dependence [DGA] 29 3 2 1.47E-04

dauer constitutive Ovarian cancer, somatic, 604370 (3) [OMIM] 50 2 2 1.49E-04

excessive blebbing early emb Eye Color [GWAS Central] 30 3 2 87E-04

nucleus reforms cell division lymphoma [DGA] 14 6 2 1.64E-04

remnant early emb

egg laying variant Body mass index (interaction) [GWAS Catdog] 228 3 3 1.75E-04

cell polarity reversed Bone mineral density [GWAS Catalog] 4 23 2 1.83E-04

nuclear positioning variant hepatitis [DGA] 18 5 2 1.84E-04

alae variant Immune reponse to smallpox (secreted 11 8 2 1.85E-04
IFN-alpha) [GWAS Catalog]

habituation variant Asthma [GWAS Catalog] 15 6 2 1.89E-04

Table 4.2: Result hits 16-58 for the “broad-sweep' disease enrichment;
indicates the number of orthologues irC. elegans(Ce) with phenotype, ns
the number in H. sapiens(Hs) with phenotype, and k the number in both
sets. The signi cance of each phenolog is assessed by the dénggometric
probability (P-value).
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Phenotype; (Ce) Phenotypey (Hs) nq np k P-value

age associated uorescence narcolepsy [DGA] 57 2 2 1.94E-04

increased

pharyngeal development variant PR interval [GWAS Catalog] 24 4 2 1.99E-04

movement variant Acute lymphoblastic leukemia (childhood) [GWAS 19 5 2 2.06E-04
Catalog]

miRNA expression variant Type 2 diabetes [GWAS Catalog] 50 3 4 2.12E-04

hypoxia hypersensitive Mismatch repair cancer syndrome, 26300 (3) 25 4 2 2.17E-04
[OMIM]

PO spindle rotation failure early Colitis, Ulcerative [GWAS Central] 9 11 2 2.38E-04

emb

paralyzed body Dyssegmental dysplasia, Silverman-Handniar 1 1 1 2.46E-04
type, 224410 (3) [OMIM]

protein phosphorylation glioma [DGA] 21 5 2 2.52E-04

increased

transgene expression variant Red blood cell traits [GWAS Qalog] 147 17 5 2.52E-04

anaphase bridging lymphoma [DGA] 18 6 2 2.75E-04

body wall muscle morphology Response to antidepressant treatment [GWAS 22 5 2 2.77E-04

variant Catalog]

coelomocyte uptake defective Peters anomaly, 604229 (3) [MIM] 70 2 2 2.93E-04

paraquat resistant Colorectal cancer, somatic, 114500 (3)[OMIM] 41 3 2 2.96E-04

HSN migration variant Bone mineral density [GWAS Catalog] 24 23 3 2.97E-04

small Leukoencephalopathy with vanishing white matter, 174 4 3 2.99E-04
603896 (3) [OMIM]

embryo osmotic integrity Cardiofaciocutaneous syndrome, 115150 (3) 71 2 2 3.01E-04

defective early emb [OMIM]

endomitotic oocytes glioma [DGA] 23 5 2 3.04E-04

egg laying defective Bone mineral density [GWAS Catalog] 12 23 6 3.11E-04

dauer formation variant Colorectal cancer, somatic, 1145® (3) [OMIM] 43 3 2 3.26E-04

PO spindle rotation delayed Platelet counts [GWAS Catalog] 6 20 2 3.41E-04

early emb

drug induced gene expression Ventricular conduction [GWAS Catalog] 10 12 2 3.55E-04

variant

multiple nuclei oocyte Cholesterol [GWAS Central] 45 3 2 3.BE-04

extended life span Leigh syndrome, 256000 (3) [OMIM] 206 8 4 3B3E-04

short Palmitoleic acid (16:1n-7) plasma levels [GWAS 26 5 2 3.89E-04
Catalog]

lipid composition variant Urate levels [GWAS Catalog] 9 14 2 3.92E-04

fat content increased Ovarian cancer, somatic, 604370 (3) PMIM] 81 2 2 3.93E-04

fewer germ cells Mean corpuscular hemoglobin [GWAS Catalog 34 4 2 4.04E-04

oogenesis variant rheumatoid arthritis [DGA] 83 2 2 4.13E-04

oocyte number decreased Cholesterol, LDL [GWAS Central] 19 4 3 4.14E-04

germ cell compartment Cardiofaciocutaneous syndrome, 115150 (3) 84 2 2 4.23E-04

anucleate [OMIM]

early larval lethal kidney disease [DGA] 85 2 2 4.33E-04

dauer constitutive Colorectal cancer, somatic, 114500 (3)[OMIM] 50 3 2 4.42E-04

transgene expression variant Systolic blood pressure [GW& Catalog] 147 11 4 4.46E-04

sex determination variant Bone mineral density [GWAS Catabg] 6 23 2 4.54E-04

body wall muscle thick lament Atrial septal defect 3 (3) [OMIM] 2 1 1 4.92E-04

variant

response to injury variant Ulcerative colitis [GWAS Catalog] 6 24 2 4.95E-04

diplotene progression during Response to Vitamin E supplementation [GWAS 38 4 2 5.05E-04

oogenesis variant Catalog]

osmotic stress response variant Systolic blood pressure J@AS Catalog] 13 11 2 5.12E-04

male tail morphology variant Bone mineral density [GWAS Catalog] 29 23 3 5.27E-04

anchor cell invasion variant Attention de cit hyperactivi ty disorder [GWAS 57 12 3 5.27E-04
Catalog]

exploded through vulva Bone mineral density [GWAS Catalog] 277 23 7 6.03E-04

antimicrobial gene expression Ventricular conduction [GWAS Catalog] 13 12 2 6.13E-04

variant

Table 4.3: Result hits 59-100 for the “broad-sweep' disease enrichrhemy
indicates the number of orthologues iiC. elegans(Ce) with phenotype, n»
the number in H. sapiens(Hs) with phenotype, and k the number in both
sets. The signi cance of each phenolog is assessed by the drggometric
probability (P-value).
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4.4 Discussion

The current version of WormQTHP (August 2013) is a comprehensive
and compendious database that enables molecular modelnisgadata
to be studied in the context of human diseases. Just as withriV@TL
[315F, we believe that WormQTEP will be continuously curated by the
members of theC. elegansommunity. The results of the “broad-sweep'
disease-enrichment test in combination with the web toollvide of
special interest to researchers in the human or worm domglite. believe
these results could also be applied to prioritize the pathioig variants
increasingly being produced by next-generation sequenicirdiagnostic
labs. Genetic variants a ecting human genes of unknown fimt may
have worm orthologues that are part of human-worm phenolegsl
these may reveal or imply a role in a human disease. Thus,utino
functionally conserved networks, missing information da@ inferred
and candidate genes can be selected via model organisms.

The approach of WormQTEP is conceptually similar to that de-
scribed by Smedlegt al. [310]. They created an automated method
called PhenoDigm to provide evidence about gene-diseasec#sions
by analysing phenotypic information. In their case, phemay con-
sist of a collection of ontology terms, which are aligned asabred to
derive an overall phenotype-similarity score. Using thistimnod, known
gene-phenotype associations in model organisms (mougeazh) can
be transferred to other organisms such as man, and help usniget
stand the genetic cause of disease. This method works bestwthe
model organism is physiologically close to man and has coaipa
classical phenotypes. It would therefore be less usefulCfoelegans
However, combining the molecular (WormQTP) and phenotypical
(PhenoDigm) approaches may result in a very powerful tootltscover
novel gene-disease associations in man, especially whag physio-
logically close model organisms.

We plan to further develop the WormQTIP data and toolset.

3The original paper erroneously cited [294] here.
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There might be more ways in which researchers would like tarce
through the large amounts of data, for example, based on ouoslists
of gene identi ers, or by combining tools such as nding QTlsthin

speci ¢ regions. The QTL plots could be improved or replacsiih

interactive graphs that are more informative and would allthe users
to continue “drilling down' in the data instead of returning the home
page for a new analysis with a di erent tool. Furthermore, wavisage
close integration with other data sources and tools such asrviNet,

R/qtl and GO Enrichment to provide even more biological cext and
analytical tools for the user.

Our new database makes this data attractive and easy-to-fse
an even wider community of quantitative geneticists woidgion worms
and man. We are committed to maintaining the data and softedn
the future and invite the community to add and share their nelata
and ideas.

Supplementary Data

Supplementary Data are available at NAR Online.
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Figure 4.3: WormQTLHP poster. Special thanks to Roberto Robert for kind
permission to use his incredible artwork. This gure was ngpart of the

published article but has eye-catching properties (aneddbevidence only).
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5.1. INTRODUCTION

Abstract

Next-generation sequencing in clinical diagnostics isvigtimg valuable
genomic variant data, which can be used to support healtlecdeci- 1
sions. In silico tools to predict pathogenicity are crucial dssess such

variants and we have evaluated a new tool, Combined Annotafe- 2
pendent Depletion (CADD), and its classi cation of gene iamts in

Lynch syndrome by using a set of 2,210 DNA mismatch repair gene 3
variants. These had already been classi ed by experts froBiGiHT's

Variant Interpretation Committee. Overall, we found CADD®es do 4
predict pathogenicity (Spearmanis=0.595, P < 0.001). However, we
discovered 31 major discrepancies between the InSIGHT idasisn
and the CADD scores; these were explained in favor of the xqhassi-

cation using population allele frequencies, cosegregatanalyses, dis- 6
ease association studies, or a second-tier test. Of 75kwusithat could
not be clinically classi ed by InSIGHT, CADD indicated that7 4vari- 7
ants were worth further study to con rm their putative pathgenicity.
We demonstrate CADD is valuable in prioritizing variants dhinically 8

relevant genes for further assessment by expert classiocateams.
Key words: Lynch syndrome; variant classi cation; pathogenicity pre
diction; cumulative link model

5.1 Introduction

Reliable estimation of gene variant pathogenicity, espbgifor missense
variants and small in-frame insertions/deletions (indeis a major chal-
lenge in clinical genetics. This challenge is now being exzated by
the introduction of next-generation sequencing in clidichagnostics,
which is identifying large numbers of candidate diseasesetive vari-
ants, ranging from about 250 [212], to 400{700 [378], up to aean
of 1,083 [302] variants per exome, depending on which Itezpt and
stringency are applied. Since it is not feasible to perforamdtional
analysis of each variant, in silico tools have become an gt tool
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in assessing variant pathogenicity. Unfortunately, altigh there are
many potential methodologies and tools [68], they oftenKadinical
validation. As the adaptation of high-throughput sequengiin clinical
practice increases, the need for standardized, validated| easy-to-use
in silico classi cation tools is becoming even more pregg4302, 378].

The recently launched Combined Annotation Dependent Dgpte
(CADD) [185] method o ers a standardized, genome-wide, igait scor-
ing metric (C-score) that incorporates the weighted resubbf widely
used in silico pathogenicity prediction tools, such as SIEBY] and
PolyPhen [5], and of genomic annotation sources like ENCOBE].
The resulting CADD scores are expressed as a measure ofedelas-
ness (selection pressure bias) for single-nucleotideanssi(SNVs) and
small indels. A high score represents variants that are rtab#ized
by selection, which are more often disease-causing thareetgu by
random chance [185]. In contrast, a low score indicates thavaai-
ant resembles evolutionary stable, commonly occurringegienvaria-
tion that poses no apparent disadvantage for an organisme Htores
were shown to correlate strongly to known variant pathoggtyj such as
those causing a predisposition to autism spectrum disasdentellectual
disability, thalassemia, and more broadly to pathogeniciamats taken
from the NHGRI GWAS catalog [363] and ClinVar [190] dataha%e
make interpretation and comparison easier, C-scores agarlthmically
ranked to form scaled C-scores, similar to how PHRED scoresuaed
in the FASTQ format.

As an easy-to-use resource that brings out the predictivevg@ioof
many programs and data combined, CADD may replace the plethad
tools currently being used. However, before consideringiémentation
of CADD in clinical work, it is important to evaluate and vdéte its
utility by comparing its outcome with that of existing, coisdent, large-
scale expert assessments.

The Variant Interpretation Committee (VIC) is an expert panel
the International Society for Gastrointestinal Hereditafymours (In-
SiGHT). They conducted a thorough clinical classi catiorf @,360
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variants (as of February 2014) in the DNA mismatch repair (NRY
genesMLH1 (MIM #120436), MSH2 (MIM #609309), MSH6 (MIM
#600678), and PMS2 (MIM #600259) that had been identi ed in pa-

tients suspected of having Lynch syndrome [337]. This capcedispo- 1
sition syndrome, previously known as hereditary nonpaogypoolorectal
cancer, is caused by DNA MMR de ciency. 2
The InSIGHT variant classi cation method is based on a conabin
tion of clinical and experimental (molecular) evidenceclkas family 3
history and cosegregation with the disease, tumor ndingspulation
allele frequencies, and mRNA/protein functional assays gccordance 4
with established guidelines, available fattp://www.insight-gr
oup.org/criteria ).
The variants were classi ed following a ve-tier system g6 with
class descriptions as follows: 6
Class 1: not pathogenic/no clinical signi cance. 7
Class 2: likely not pathogenic/little clinical signi carec
8

Class 3: uncertain clinical signi cance.
Class 4: likely pathogenic.
Class 5: pathogenic.

Variants that cannot be placed in classes 1, 2, 4, or 5 based on
existing evidence are assigned to class 3 by default and @nsidered
variants of uncertain clinical signi cance. It is recogniz¢337] that
class 3 may include some cases with con icting evidence.

Here, we investigate whether CADD scores are concordartt wairi-
ant classi cations assigned by the InSiGHT VIC. We show thaterall,
CADD and InSiGHT vyield similar results, but that there are @lsome
important discordant cases. Our contributions in this pazee:

1. An extensive evaluation of agreement between the insiGADD
predictions and the InSIGHT expert classi cations of vartigra-
thogenicity.
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2. Detection and assessment of con icting classi cations.

3. A CADD-based prioritization of variants of uncertainrdkal sig-
ni cance.

4. Assessment of the reliability of CADD for use in a clinisatting.

These contributions shed light on an important question imal ge-
netic diagnostics: are bioinformatics tools powerful eghuto enable
genome-wide variant interpretation without loss of quslivhen com-
pared with classi cation by clinical expert panels that caiso take
into account a range of clinical and molecular data relevémtspeci c
genetic diseases?

5.2 Materials & Methods

5.2.1 Data processing

We downloaded 2,744 variants (as of February 2014) from thé &8
LOVD database (atttp://chromium.liacs.nl/LOVD2/colo
n_cancer/ ) for MLH1, MSH2, MSH6 and PMS2 RefSeq identi ers
NM_000249.3, NM000251.2, NM000179.2, NM000535.5 were added
to the cDNA position. This allowed the successful convensid 2,582
variants to genomic DNA notation in VCF format by running Emabl
VEP5[228]. CADD (version 1.0) was able to score 2,580 of thas#(
000249.3:¢.1254% R and NM 000535.5:¢.1875AY failed). Of these
2,580 variants, 370 were not assessed by InSiGHT, or in a fewscas
belonged to multiple classes. This means that 2,210 variamse clas-
si ed and belong to one of the ve classes of the Internatiodedency
for Research on Cancer (IARC) ve-tiered classi cation st 151
variants belong to class 1 (not pathogenic), 84 to class 2176 class
3, 181 to class 4, and 1,043 to class 5 (pathogenic).

In addition, we ran SnpE to obtain functional e ect predictins us-
ing canonical transcript references and an upstream dovazsh interval
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length of ve bases. The output was curated to reduce the nusnlof
e ects from two to one in the case of both INTRON and SPLICE SITE
\e ects," by removing the INTRON e ect. We used NM 000251.2 for

MSH2 (whereas the LOVD was based on NM 000251.1) to enable EN- 1
SEMBL VEP to process the data, without issues (out of 920 MSH2

variants, 855 were successfully converted to VCF/gDNA rimta). 2
5.2.2 Cumulative link model 3
To detect discrepancies between the CADD scores and the IHSIG 4

classi cation, we assumed that a partitioning of the scomesuld exist.
In other words, the continuous scaled C-scores can be binntdthe
ordinal IARC classes. Working on this assumption, we were abl

de ne a cumulative link model (ordinal regression) [6, 225 a cumu- 6
lative link model, an ordinal response variablecan fall inj = 1,...,J
ordered classes. This response varialflehen follows a distribution 7
with parameterp ; wherepj; denotes the probability that theth obser-
vation falls in thejth response class (such thﬁlepij = 1). Since 8

we are dealing with individual observations (instead of =) the cat-
egorical distribution is used, which can be viewed as a specise of
the multinomial distribution ofn observationsY;  Mult(n,p;) with
n=1

Y; Categoricalp;)

The cumulative probability is then de ned as:

gij = P(Yi )= pint ...+ pj
Here we considered a proportional odds model, using a lagkt flunc-

tion: logit(p) = log[p/ (1 p)]. The cumulative logits for all but the
last class,j = 1,...,J 1, are then de ned as:
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logit(gij) = logit(P(Y;  j))
PCYi )
= log —=—"=
TR )
This gives a regression for the cumulative logits:

logit(gijj) = ¢ Xi b
where g represents the logit-scaled cut-o for class x; being the
vector of explanatory variables for thgh observation andb is the
corresponding set of regression parameters. Note thf%\b does not
contain an intercept. The parameterg; act as a set of continuous
"cut-o points" suchthat ¥ < @< ...<qy 1< ¥. To assess the
probability that the ith observation falls within one of ordinal response
classeg, we can write:

8 .
< G, J_: 1
PV=iix'b)=. gj Gy 1=2....3 1
1 gy =13

We used the CADD score as an explanatory variable for the-ordi
nal response of INSIGHT. The parameters were estimated u#@sS, a
program for analysis of Bayesian graphical models usingp&#ampling
[269]. Convergence of the Markov Chain Monte Carlo infeeen@as as-
sessed using the potential scale reduction factor[270,]1Fgure 5.1
shows the probability that a given CADD score belongs to ataier
INSIGHT class by using the posterior distributions fprafter conver-
gence. Discrepancies were detected by analyzing the dewiarf the
observations. Deviance can be thought of as a measure ofpttag",
how likely a certain observation is under the tted paramegeof the
model. Formally:
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D(Y,,9) = 2log[P(Yij)]
with Y; being the observation and the parameters of the tted model.

; . . . . 1
Observations ofj corresponding to variants in the 95th percentile of the
mean deviance|those with the highest deviance|were re-exained. 5
o |
- 3
4
o |
o
o | 6
. © — Class 1
Q ---- Class 2
= 0y Class 3 7
= N Bttty Class 4
;r_ | — Class 5 8
N
N
o |
o
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CADD score

Figure 5.1: Probability that a CADD score will belong to a certain InSiGH
class. The inverse logit (logit 1) was applied to each of the response variables.
Classes 2 and 4 are dominated by class 3 under this model.
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5.2.3 Data availability

The data and scripts used in this paper can be downloaded frbttp
://[molgenis.org/downloads/vdVelde_Kuiper_etal_201
5/

5.3 Results

5.3.1 Exploratory data analysis

We calculated the CADD scores for 2,744 MMR gene variants that
were downloaded from the InSIGHT group LOVD (availablehtp
:/lchromium.liacs.nl/LOVD2/colon_cancer/ ). A total of
534 variants had to be omitted, either because converting tom-
plementary DNA HGVS nomenclature[79] based notation to geic
DNA VCF (Variant Call Format version 4.0 [73]) based notatitailed
(162 variants), or the CADD scores could not be unambiguguess-
signed (2 variants witif> R and A> Y substitutions), or because they
had not yet been classi ed by the InSiGHT VIC (i.e., they were rdce
submissions, or not reported as germline variants [370avds]). See
Figure 5.2 andMaterials & Methodsfor details. The 2,210 remaining
variants fell within one of the ve classes: classi£ 151), class 2 fi
= 84), class 3 f = 751), class 4 o = 181), or class 5 (1 = 1,043).
Overall, the CADD scaled C-score distributions for eachsslaor-
relate with the InSiGHT classi cation (Spearman’s = 0.595, p <
0.001). In Figure 5.3, the distribution of the scores per classdpre-
sented in a beanplot[179]. See also Figures 5.4, 5.5, 5.6 andd.7 f
CADD scores of the InSiGHT variants for each gene, using knean
ants identi ed in the Genome of the Netherlands[243, 244]dah000
Genomes[63] projects as population background reference.
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5.3.2 Discrepancy assessment

Using a Bayesian cumulative link model, we identied 108 @8
of 2,210) cases for which a dierent class would be assigneeke (s
Materials & Method3. Further analysis focused on the cases for which
the nonpathogenic (class 1) and pathogenic (class 5) cleaibns were
reversed, as these suggested major disagreements betwaBGnd
the InSIGHT VIC verdict (see Table 5.1). The explanations periasat

for this analysis can be found in Table 5.2 and Table 5.3.

INSiIGHT classi cation
CADD model Class1l Class2 Class3 Class4 Class5

Class 1 135 19
Class 2 71

Class 3 4 1 704 3 3
Class 4 171

Class 5 12 12 47 7 1021

Table 5.1: Number of InSIGHT variants reassigned to alternative class
according to the cumulative link model tted on CADD scores.

5.3.3 False positives

We identi ed 12 variants (0.54% of 2,210) that were classi ed aon-
pathogenic (class 1) by the InSIGHT VIC, but they were predicte
be pathogenic (class 5) according to the CADD-based cumuéatink
model (seeMaterials & Method3. Re-examination of the available
data for these variants strongly supports the original InHil5 classi-
cation based on the following evidence:

Segregation data is inconsistent with the variant being andeo
nant, high-risk, pathogenic sequence variant in pedigréié®li-
hood ratio 0.01).
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Gene Variant In-  CADD- Explanation
SIGHT based
class class
MLH1 ¢.394G>C 1 5 Attenuated protein function, but does not

cause Lynch syndrome. Multifactorial
likelihood analysis posterior probability

<0.001
MLH1 c.1852_ 1 5 Low risk, not associated with Lynch.
1853delinsGC Multifactorial likelihood analysis posterior
probability <0.001
MLH1 ¢.803A>G 1 5  Multiple microsatellite stable tumours and

does not segregate with disease.
Multifactorial likelihood analysis posterior
probability <0.001

MLH1 ¢c.977T>C 1 5  Multiple microsatellite stable tumours and
does not segregate with disease.
Multifactorial likelihood analysis posterior
probability <0.001

MLH1 c¢.1853A>C 1 5  Multiple microsatellite stable tumours and
does not segregate with disease.
Multifactorial likelihood analysis posterior
probability <0.001

MLH1 ¢.2146G> A 1 5  Multiple microsatellite stable tumours and
does not segregate with disease.
Multifactorial likelihood analysis posterior
probability <0.001

MLH1 c.1151T>A 1 5 Population minor allele frequency > 1%

MLH1 c.2152C>T 1 5  Population minor allele frequency > 1%

MSH2 ¢.1077- 1 5 Population minor allele frequency > 1%
10T>C

MLH1 c¢.1799A> G 1 5 Does not segregate with disease.

Multifactorial likelihood analysis posterior
probability <0.001

MLH1 ¢.790+10A>G 1 5 Does not cause splicing aberration and
does not segregate with disease.
Multifactorial likelihood analysis posterior
probability <0.001

MSH2 ¢.593A>G 1 5 May be low-moderate risk, but certainly
not high-risk associated with Lynch

MSH6 c¢.642C> A 5 1 Stop-gain variant causing protein
truncation

Table 5.2: Overview of explanations according to INSIGHT why the cumu-
lative link model based on CADD scores encountered certagise positives
and false negatives, pt. 1/2.
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Gene  Variant In-  CADD- Explanation
SiIGHT  based
class class
MSH6 c.642C>G 5 1 Stop-gain variant causing protein
truncation
MSH2 c.212- 5 1 Splicing aberration introduces
478T>G premature termination codon
(also missed by SnpE )
MSH2 ¢.646-3T>G 5 1 Splicing aberration introduces
premature termination codon
MSH2 ¢.367-480. 5 1 Deletion of Exon 3
645+644del
MLH1 ¢.307-1420_ 5 1 Deletion of Exon 4
380+624del
MLH1 ¢.307-820_ 5 1 Deletion of Exon 4
380+896del
MLH1 ¢.381-415_ 5 1 Deletion of Exon 5
453+733del
MLH1 c.454-665_ 5 1 Deletion of Exon 6 (raw score of
545+49del 527)
MLH1 ¢.1039-675_ 5 1 Deletion of Exon 12 (raw score
1409+26del of 361)
MLH1 ¢.1039-2329_ 5 1 Deletion of Exon 12 (raw score
1409+827del of 353)
MLH1 ¢.1732-2243. 5 1 Deletion of Exon 16
1896+404del
MSH2 ¢.1077-135. 5 1 Duplication of Exon 7 (also
1276+119dup missed by SnpE )
MSH2 ¢.1077-220. 5 1 Deletion of Exon 7
1276+6245del
MSH2 ¢.1277-572 5 1 Deletion of Exon 8 (raw score of
1386+2326del 464)
PMS2 ¢.804-7- 5 1 Deletion of Exon 8
903+7?del
PMS2 ¢.804-72- 5 1 Deletion of Exons 8-11
2006+?del
PMS2 ¢.989-296 5 1 Deletion of Exon 10 (raw score
1144+706del of 527)
PMS2 ¢.2276-113 5 1 Deletion of Exon 14
2445+1596del

Table 5.3: Overview of explanations according to InSiGHT why the cumu-
lative link model based on CADD scores encountered certaelse positives
and false negatives, pt. 2/2.
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Variant with reported frequency 1% in the general population
(1000 Genomes Project), and no evidence that variant is afiber
mutation.

These are not high-risk variants that are uniquely assaomikivith
Lynch syndrome (they have also been seen in individuals veho d
not meet the international criteria for Lynch syndrome).

Variant leads to a known attenuated protein function, butith
does not cause Lynch syndrome (it has also been seen in lyealth
individuals and there is a lack of evidence for MMR de cierasy
shown by MSI and immunohistochemical testing).

Although these explanations are speci ¢ to Lynch syndroreated vari-
ants, they indicate that CADD might overestimate the genkgpathogenic-
ity of some variants. Most overestimations could be easilyalved in a
clinical Standard Operating Procedure (SOP) by using p@tian allele
frequency as a Iter or incorporating the use of patient pgdee analysis
data; these are already common practices in many clinidabtatories.
The remainder could be resolved by incorporating more iptdendings
from validated protein functional assays or from risk esdbes based on
large, well-designed, case-control studies that consi#rort size, ge-
ography/ethnicity, and quality control measures[338]. Awaluation of
likely not pathogenic (class 2) variants predicted to be lpagienic (class
5) can be found in Table 5.4.

5.3.4 False negatives

We identi ed 19 cases (0.86% of 2,210) for which the cumulatiugk
model predicted the respective variants to be class 1, waetaSiGHT
scored them as class 5. This indicates that the model migbbalnder-
estimate e ects. Similar to the approach to the false-pasés, outlined
above, our re-examination of these variants supported thigioal In-
SiGHT classi cation.
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Gene Variant AA Prob-  VIC justi cation
change ability

MLH1 c.117-43 intronic 0.99 Intronic substitution with no associated spting aberration,
117-39del tested with NMD inhibitors

MLH1 c.845C G A282G 0.92 Posterior probability 0.001-0.049

MLH1 c.885- intronic 0.81 Intronic substitution with no e ect on splicing and MAF
24T> A 0.01-1%

MLH1 c.974G A R325Q 0.99 Posterior probability 0.001-0.049

MLH1 c.1742CT  P581L 0.55 Posterior probability 0.001-0.049. No CMMRD pénotype

with co-occurrence and MAF 0.01-1%

MLH1 c.1808CG  P603R 0.99 Posterior probability 0.001-0.049

MLH1 c.1820T>A L607H 0.99 Posterior probability 0.001-0.049

MSH2 c.991A> G N331D 0.69 Posterior probability 0.001-0.049

MSH2 c.1730T>C  I577T 0.86 Posterior probability 0.001-0.049

MSH2 c.2500G- A  A834T 0.99 Posterior probability 0.001-0.049

MSH6 ¢.3488A4 T E1163V 0.92 MAF > 1% in speci ¢ population

MSHS6 c.4068 Lys1358 0.99 MAF > 1% in speci c ethnic group
4071dup Aspfs*2

Table 5.4: Variants of class 2 (likely benign) for which class 5 (pathegic) is the predicted class according
to the CADD-based model. Posterior probabilities are degd from a multifactorial likelihood analysis.
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CADD scores are developed for scoring any possible humarsSKV
small indels[185]. It was therefore expected that large stanal variants
would be missed or inaccurately scored (for 5/15 structwatiants) by
CADD. To simplify the interpretation, the scaled C-score® dased on
the rank of the C-score relative to all the C-scores for 8.&dnil possible
SNVs. Typical variant C-scores in this study ranged frome4ld, while
the ve structural variants in question scored very highlyetween 350
and 550), whereas was expected considering the likely pghtity of
exon deletions relative to missense variants or codon @wlet for ex-
ample. However, the scaling algorithm seems to fail for sestreme
C-scores, and this results in reverting the score for theessive vari-
ant into a very low scaled C-score instead. We applied Snpg][as a
second-tier test. This tool has been developed to annotatd aredict
the e ects of variants in genes in a robust and qualitative ywéhereby
complementing the quantitative nature of CADD scores. UsfBnpE ,
we were able to correct 17 of the 19 false-negative casesESrgrog-
nized 14 of the 15 structural variants, most as "EXQDELETED", one
of two splice aberrations as "FRAMBHIFT", and two of two truncat-
ing mutations as "STOPGAINED". These e ect types are annotated
as HIGH impact in SnpE, in contrast to MODIFIER, LOW or MOD-
ERATE e ect types. By using SnpE information, we have showimat
CADD results should be complemented by this tool, or a corapée
tool, to compensate for sporadic underestimations. SeeuFegs.8 for
an overview of SnpE variant e ect predictions in relatiorot CADD
scores and InSiGHT classi cations.

5.3.5 Variants of unknown signi cance

Class 3 mainly contains variants for which insu cient clazil or molec-
ular data are available, but also a limited number of varsthat have
discordant ndings (i.e., are resistant to classi cation). b&t of these
variants can easily be assigned to another class as soon as data
become available. As expected, the distribution of the CABEbres
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for class 3 variants, as visualized in Figure 5.3, is much eatthan
the distributions for the other classes. Matching the CADDose of
each class 3 variant to the distributions of the other clas$and thus,

the likelihood of belonging to one of them) allows us to pregoan 1
endpoint classi cation that is, according to the model, nelikely than
belonging to class 3 for these variants. In other words, we sag- 2
gest prioritization of a variant for reclassi cation (usjnadditionally
obtained clinical and molecular evidence) when its CADDrecdevi- 3
ates far enough from this mean, reaching a score that falt® ithe
distributions of known nonpathogenic or pathogenic vatialasses (see 4

Materials & Methods.
We performed this analysis and 47 variants (2.13% of 2,210}t tha
the INSIGHT VIC classi ed as class 3 (uncertain signi cancadiCADD

scores 34, which fell in the>99% probability range for known class 6
5 (pathogenic) variants (see Figure 5.1). Of these 47 varam3 were
missense with a mean CADD score of 35.33<% 1.04, 27 in MLH1, 7
10 in MSH2, four in MSH6 and two in PMS2). The remaining four
were truncating mutations: two stop-gain variants (c.2258@ and 8

€.2250C G, both with a CADD score of 41), and two frameshift vari-
ants (c.22522253del and c.2262del) with CADD scores of 39 and 40.
These four variants are all located in thdLH1 gene; they were classi-
ed as class 3 by the InSIGHT VIC due to insu cient evidence, lagise
the stop codons are introduced in the last exon (19) and areated
outside any known functional domains.

We compared these ndings with the previous use of a predicti
model[337] on 481 substitutions[338] of uncertain e ect. this anal-
ysis, 173 InSIGHT missense variants of uncertain signi @rfclass
3) with a >80% probability in favor of pathogenicity, were prioritide
for further investigation using multifactorial likelih@banalysis. The
model calibrated a combination of in silico tools to predmbbabilities
of pathogenicity, which is conceptually somewhat similar the way
CADD scores are constructed, except here the model was gadyi
for MMR gene variants associated with Lynch syndrome.
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By comparing the two sets of results, that is, the 173 presbu
identi ed variants with our 43 prioritized variants, we fod an overlap
of 24 variants(see Table 5.5). Since they were called by botbdm
els, we consider these 24 missense variants to be the mostntirg
candidates for further research to determine their pathoipty. Of
the remaining 19 variants prioritized uniquely by CADD, 1@dbeen
evaluated before with prior probabilities of pathogenycianging from
7% (MSH2:c.1418C T) to 74-76% (MLH1: c¢.85G T, c.187G A,
€.299G A, €.794G A, c.955G A, ¢.1976G A, PMS2: 137G A).

We also compared a CADD-based binary classi er for misseasie
ants with the multifactorial likelihood model[337]. The rtifactorial
model's combination of customized MAPP + PolyPhen2 was found
to perform best with anR? (the coe cient of determination) of 0.62
and an area under curve receiver operating characterigROC-AUC)
of 93%, when distinguishing classes 1 + 2 collapsed as ‘ikabt
pathogenic" versus classes 4 + 5 collapsed as "likely patrog'. As a
comparison, and not related to the cumulative link model, performed
a binary classi cation using CADD scores and obtained a RAQIC of
85%, showing that while a CADD-based binary classi er for M\gene
missense variants performs reasonably well, it does ndioparas well
as a disease-speci ¢ model.

5.4 Discussion

We investigated the use of CADD scores for the prediction bihie
cal classi cations by comparing them with a high qualityrital data
set developed by the InSiGHT VIC, which is based on quantitatind
qualitative interpretation of both clinical and moleculdata. Generally,
the CADD model predictions tted the InSiGHT classi cationOut of
the 2,210 variants we tested and classi ed by INSIGHT, we idext
12 (0.54%) nonpathogenic (class 1) variants that the CADD nebd
predicted to be pathogenic (class 5), and 19 variants (0.868bxlass
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5 that CADD predicted to be class 1. The dierence could be ex-
plained by two considerations: the CADD model was not desijito
classify large structural or splice-site variants (55% btftae discordant

cases, 89% of the false-negatives), and the clinical olet@us, pop- 1
ulation allele frequencies, and experimental moleculaadsometimes
convincingly suggested an alternative interpretation ¥8%f all discor- 2
dant cases, 100% of the false-positives). CADD's main ungiémgation
of pathogenicity was due to its inability to accurately pietithe e ects 3
of whole exon deletions or duplications. In ve such caseg, @iscore
was in fact extremely high, but this was not translated intdegh scaled 4

C-score. The use of a second-tier test, in this case SnpE o$ted the
sensitivity of classifying via CADD by correcting 17 out & of these
underestimations.

We showed that estimating the deleteriousness of whole exele- 6
tions/duplications is a weakness of CADD and this needs to duk
dressed. The InSiGHT data shows that such structural vagatis 7
often pathogenic, but this is not always recognized by CADD.avoid
incorrect results, and in line with the design limitation§ GADD as 8

acknowledged by its authors, we recommend CADD should noti$ex
to judge the pathogenicity of large structural variation gert of an
automated variant processing pipeline.

We also investigated the 12 cases of pathogenicity ovemrestion
by CADD, which showed that these false-positives could belared
by data used for the InSiGHT classi cation that was not used fo
silico prediction (such as the presence of the variant in teneral
population or lack of cosegregation of the variant with thésease).
These results underscore the importance of using cliniathdn the
diagnostic interpretation of variants.

There are a few variants in the InSIGHT database with a known
negative e ect, such as attenuated protein function, thateaclassi ed
as nonpathogenic. The InSiGHT VIC require both concordantcfun
tional and clinical evidence to assign pathogenicity; thdgy not accept
that attenuated function would necessarily be associateithvi.ynch
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Syndrome { or any phenotype for that matter. In our analysisr f
example, CADD predicted a deleterious e ect for MLH1:c.394G,

which is indeed known to cause attenuated protein funct9f], but

is not considered to be pathogenic in the context of Lynch drgme

because it is not known to be associated with the causal plgre

Variant classi cations such as those currently providedtbg InSiIGHT
VIC for MMR genes are speci cally developed for a given phgpet
namely, Lynch syndrome. Therefore, as acknowledged by tit5338],

they may not capture modest disease penetrance or otheragdisghe-
notypes associated with a given variant. This highlight® tfact that

some apparent discrepancies may simply be explained by iteeedce

in application of "research tools" such as CADD and "clinidaols"

such as the InSiGHT database; the latter focuses on resulé #re of

practical value for a clinical geneticist instead of yielglia spectrum of
variants with possible intermediate penetrance that theguire further
interpretation and individualized risk management protds:

In general, there is limited added value in using CADD scores t
assess truncating variants since they are already known ftenobe
pathogenic for known disease genes. The eld of in silicodargon
bene ts most from the power of CADD scores when they are agypli
to predict the pathogenicity of nonsynonymous SNVs. Here, sthow
that CADD performs well on this type of variant for Lynch sywodne,
although a disease-speci ¢ model performs better.

We identi ed 47 variants that had been assigned by InSiGHT to
class 3 (uncertain signi cance), which, according to the BB model,
had a high probability of being pathogenic. Of these, 24 raisse
variants were already strongly suspected of being pathagby a pre-
vious in silico study on MMR gene variant classi cation[33hd we
consider them to be top candidates for further study to comrtheir
pathogenicity. This suggests that CADD, in a fashion simiia existing
disease-speci ¢ pathogenicity prediction models, carphalprioritizing
variants for the collection of missing clinical and moleudlata.

Taken together, we have shown that CADD scores are in higleagr
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ment with expert assessments of MMR gene variant pathoggntbat
is based on multiple data sources for quantitative-mulktifarial and
gualitative analysis. As expected, CADD scores are not yetiable to
interpret large structural variants such as deletions angplications of
exons. Other underestimation e ects are rare and often detédble with
a second-tier test. Any overestimated variants could beleded based
on population frequency, cosegregation analyses, or exieeshowing
no association or causality.

Calibrated in silico pathogenicity prediction models a@ mtended
to replace functional wet-laboratory studies, but are ieatl comple-
mentary methods to let clinics bene t from existing gold stdard clas-
si cations, by accessing their expert knowledge and makiingossible
to assess and prioritize novel variants with reasonable aemce, with-
out the need for often unfeasible amounts of laboratory workVe
believe CADD ts this translatory role very well, particulg because
of its generic and high-throughput nature. Although CADDru#ot re-
place clinical and molecular validation, it can, in a praecti sense, assist
in prioritizing variants for functional testing when an aoted patient
carries multiple poorly understood candidate variantgjueing waiting
time for results.

However, translating this knowledge into a clinical segiis not
trivial. We constructed a model based on ordinal regressidknown
classi cations to calibrate CADD scores as a predictor otlpagenicity
for gene variants in the Lynch syndrome-associated MMR get@milar
e orts are required to unlock the potential of CADD scores a®dictors
for other disorders, leading to gene- or disease-speci @glines that
can help clinicians translate CADD scores into clinicalgiiee. The
threshold for "what is pathogenic" is expected to be ratheredent
to de ne depending on whether the disease is caused by dontiya
or recessively acting mutations, whether the disease is dééian or
complex/multigenic in origin, and so on. Although the fadbat CADD
scores are largely based on conservation indicates thatay mot work
as well for every gene, we believe that its overall usef@igsurrently
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unmatched by other quantitative pathogenicity estimates.

As a preliminary proof of principle, we compared the digtitibns of
CADD scores of known pathogenic variants (from ClinVar[J)@ith the
distributions of variants found in the general populatioindm Genome
of the Netherlands[243, 244] and 1000 Genomes[63]), for agyrgenes
as data availability allowed. This approach can be used tineste the
predictive power of CADD scores and, thereby, provide valeéanforma-
tion to clinicians regarding how e ective CADD scores are fiwedicting
variant pathogenicity in the context of a speci c gene. Engagingly,
out of 373 genes with su cient data, we found 272 genes (73% f
which CADD has good predictive power (AUC 00%).

However, this approach is currently still in developmentr Feliable
automated calibration of CADD scores on many genes into aicdl
setting, we need to consider many factors and sources of ppidientially
in uencing the informativity of CADD scores, such as mutati spec-
trum, penetrance, disorder heterogeneity, variant clasgion quality,
classi cation semantics, and disorder inheritance patter

We conclude that in silico pathogenicity predictions arecbming
powerful enough to facilitate accurate variant prioritizan, at least for
dominantly inherited disorders such as Lynch syndrome.
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INSIGHT class vs CADD score
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Figure 5.3: Beanplot[179] showing the data points (green) and density
estimation (purple) of the scaled CADD C-score per InSiGHTlass. The
width of the green lines is relative to the number of data pdis at that score.
Black horizontal lines indicate the mean per InSiGHT clasthe dotted line
shows the overall mean. The mean scores of classes 1-5 showspective
stepwise increase of 8.41s(= 7.46), 11.44 (s = 7.72), 16.87 (s = 9.40),
21.41 (s = 6.13), and 29.04 (s = 10.28). The unclassi ed group (class 3)
shows a atter distribution than the other classes.
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Figure 5.4: CADD scaled C-scores vs. genomic coordinates for MLH1 geraiants. The green bands are

the exons. Red are InSIGHT variants, where triangles repeas class 5, circles class 1, and plusses class
2-4. The black circles are variants seen in 1000 Genomes[@3lie circles are seen in the Genome of the N
Netherlands[243, 244]. The gray dots represent all poteatiSNVs. -
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Figure 5.5: CADD scaled C-scores vs. genomic coordinates for MSH2 gereiants. The green bands are
the exons. Red are InSIGHT variants, where triangles repeas class 5, circles class 1, and plusses class
2-4. The black circles are variants seen in 1000 Genomes[@3}e circles are seen in the Genome of the
Netherlands[243, 244]. The gray dots represent all poteatiSNVs.
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Figure 5.6: CADD scaled C-scores vs. genomic coordinates for MSH6 gemeiants. The green bands are

the exons. Red are InSIGHT variants, where triangles repeas class 5, circles class 1, and plusses class
2-4. The black circles are variants seen in 1000 Genomes[@3lie circles are seen in the Genome of the N
Netherlands[243, 244]. The gray dots represent all poteatiSNVs. -
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Figure 5.7: CADD scaled C-scores vs. genomic coordinates for PMS2 gemeiants. The green bands are
the exons. Red are InSIGHT variants, where triangles repeas class 5, circles class 1, and plusses class
2-4. The black circles are variants seen in 1000 Genomes[@3}e circles are seen in the Genome of the
Netherlands[243, 244]. The gray dots represent all poteatiSNVs.
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Gene  Variant AA ch.  Previous[337] Here

MLH1 ¢.1037A4 G Q346R 0.95 0.99

MLH1 ¢.109G A E37K 0.87 0.99

MLH1 c.112A G N38D 0.94 0.99 1
MLH1 ¢c.125CG T A42V 0.96 0.99 2
MLH1 c.184CG A Q62K 0.88 0.99

MLH1 ¢.1918CT P640S 0.82 0.99 3
MLH1 ¢.1919CG T P640L 0.93 0.99

MLH1 ¢.304G A E102K 0.87 0.99 4
MLH1 ¢.307GC A103P 0.97 0.99

MLH1 ¢.331&GC Al1l11P 0.97 0.99

MLH1 ¢.347CA T116K 0.93 0.99 6
MLH1 c¢.65G C G22A 0.89 0.99

MLH1 c67G-A  E23K 0.86 0.99 !
MLH1 c.74T>C 125T 0.86 0.99 8
MLH1 ¢.80GC R27P 0.97 0.99

MLH1 ¢c.925CG T P309S 0.83 0.99

MSH2 ¢.1799CGT A600V 0.96 0.99

MSH2 ¢.1826CG T A609V 0.96 0.99

MSH2 c.2064G A M688I 0.89 0.99

MSH2 ¢.2141CGT A714V 0.87 0.99

MSH2 ¢.2168CG T S723F 0.88 0.99

MSH2 ¢.2187GT M729I 0.88 0.99

MSH2 ¢.529G A E177K 0.86 0.99

MSH6 ¢.3682G C A1228P 0.97 0.99

Table 5.5: The 24 variants that are still uncertain and predicted by bio-
formatic tools to be likely pathogenic, according to the phmabilities of the
MAPP + PolyPhen2 calibrated model[337] and the CADD model.
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Abstract

We present Gene-Aware Variant INterpretation (GAVIN), a newthod
that accurately classi es variants for clinical diagnaspurposes. Clas-
si cations are based on gene-speci ¢ calibrations of aléequencies
from the EXAC database, likely variant impact using SnpEndesti-
mated deleteriousness based on CADD scores>f8f000 genes. In a
benchmark on 18 clinical gene sets, we achieve a sensitifi§1.4%
and a speci city of 76.9%. This accuracy is unmatched by 12 eth
tools. We provide GAVIN as an online MOLGENIS service to anteota
VCF les and as an open source executable for use in bioinddicn
pipelines. It can be found atttp://molgenis.org/gavin

Keywords: Clinical next-generation sequencing, Variant classmm
Automated protocol, Gene-speci c calibration, Allele dpgency, Protein
impact, Pathogenicity prediction
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6.1 Background

Only a few years ago, the high costs and technological chghs of

whole exome and whole genome sequencing were limiting thyeti- 1
cation. Today, the practice of human genome sequencing hasoime
routine even within the healthcare sector. This is leadirgrtew and 2
daunting challenges for clinical and laboratory genet&]@9]. Inter-
preting the thousands of variations observed in DNA and det@ing 3
which are pathogenic and which are benign is still di cult drtime-
consuming, even when variants are prioritized by statdkef-art in sil- 4
ico prediction tools and heuristic Iters[68]. Using the want, largely
manual, variant classi cation protocols, it is not feastbto assess the 5

thousands of genomes per year now produced in a single st
is the challenge of variant assessment which now impede® thetive
uptake of next-generation sequencing into routine medig@ctice.

The recently introduced CADD[185] scores are a promisingral 7
native[347]. These are calculated on the output of multipte silico
tools in combination with other genomic features. They mad a com- 8

puter model on variants that have either been under longtteselective
evolutionary pressure or none at all. The result was an eatiom of
deleteriousness for variants in the human genome, whettrerady ob-
served or not. It has been shown to be a strong and versatildipter
for pathogenicity[185] with applications and popular uggin many
areas of genome research. Variant interpretation in a diagjic set-
ting may also benet from this method. However, succesfultaie
requires a translational e ort because CADD scores are fimated to
rank variants, whereas NGS diagnostics requires a disaktssi ca-
tion for each variant. For example, SIFT[187] probabilitiase used
to partition “tolerated' (probability >0.05) from ‘damaging' variants
(probability 0.05). CADD scores may be used to de ne such a binary
classi er, but using a single, arbitrary cut-o value is nesecommended
by the CADD authors[46]. Moreover, clinicians and labomds can-
not rely on a single threshold approach because it has beewsthat
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individual genes di er in their cut-o thresholds for what®uld be con-
sidered the optimal boundary between pathogenic or ber8di]. This
issue has been partly addressed by mutation signi cance c(MSC)
[164], which provides gene-based CADD cut-o values to remmadn-
consequential variants safely from sequencing data. WKIBC aims
to quickly and reliably reduce the number of benign variate#t to
interpret, it was not developed to detect/classify pathage variants.

The challenge is thus to nd robust algorithms that classifoth
pathogenic and benign variants accurately and that t intaisting best
practice, diagnostic ltering protocols[288]. Implement such tools is
not trivial because genes have di erent levels of toleraricevarious
classes of variants that may be considered harmful[196]. dditéon,
the pathogenicity estimates for benign variants are insically lower
because these are more common and of less severe conseqoence
protein transcription. Comparing the prediction score tdisutions of
pathogenic variants with those of typical benign variansstherefore
biased and questionable. Using such an approach meanslibwiln-
clear how well a predictor truly performs if a benign variasitares the
same allele frequency and consequence with known pathogeaui-
ants. Here, we present Gene-Aware Variant Interpretatiol{B\), a
new method that addresses these issues by gene-speciloraiins on
closely matched sets of variants. GAVIN delivers accuraté aatiable
automated classi cation of variants for clinical applidganh.

6.2 Results

6.2.1 Development of GAVIN

GAVIN classi es variants as benign, pathogenic or a variahuncer-
tain signi cance (VUS). It considers EXAC[196] minor alldfequency,
SnpE [60] impact and CADD score using gene-speci ¢ threklwo For
each gene, we ascertained ExXAC allele frequencies and erspact
distributions of variants described in ClinVar (Novembérl® release)
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[191] as pathogenic or likely pathogenic. From the same gene
selected EXAC variants that were not present in ClinVar asemign
reference set. We strati ed this benign set to match the patienic set

with respect to the e ect impact distribution and minor alle frequen- 1
cies (MAFs). Using these comparable variant sets we catedligene-

speci ¢ mean values for CADD scores (across all genes, thbqugenic 2
mean of means was 28.44 and that of benign 23.08) and MAFs, as

well as 95th percentile sensitivity/speci city CADD thrbslds for both 3
benign and pathogenic variants. Of 3,237 genes that undeiviba

calibration process, we found 2,525 informative gene catibns, i.e. 4
thresholds for CADD, e ect impact, pathogenic 95th percéet MAFs

or a combination thereof (see Additional le 1: Table S1). Wesed 5

xed genome-wide classi cation thresholds as a fall-battategy based
on CADD scoresc 15 for benign,> 15 for pathogenic and on a MAF
threshold of 0.00426, which was the mean of all gene-specathpgenic

95th percentile MAFs. This allowed classi cation when ingent vari- 7
ant training data were available to allow for gene-speci alibrations,
or when the gene-speci c rules failed to classify a variaftased on 8
the gene calibrations we then implemented GAVIN, which carubed
online or via commandline (sddtp://molgenis.org/gavin ) to

perform variant classi cation.

6.2.2 Performance benchmark

To test the robustness of GAVIN, we evaluated its performanising
six benchmark variant classi cation sets from VariBencB§2, Muta-
tionTaster2[304], ClinVar (only recently added variantsat were not
used for calibrating GAVIN), and a high-quality variant céagsation
list from the University Medical Center Groningen (UMCG)ngene
diagnostics laboratory. These sets and the origins of theriants
and classi cations are described in Table 6.1. The combinetil®m-
prises 25,765 variants (17,063 benign, 8,702 pathogenic). vatiants
were annotated by SnpE, EXAC and CADD prior to classicatio
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by GAVIN. To assess the clinical relevance of our method, watst
i ed the combined set into clinically relevant variant sudis based
on organ-system specic genes. We formed 18 subset paneth su
as Cardiovascular, Dermatologic, and Oncologic based om dene-
associated physical manifestation categories from CéihiGenomics
Database[319]. A total of 11,679 out of 25,765 variants were liked
to clinically characterized genes and formed a separatecbésee Table
6.2 for an overview, which includes the number of pathogemidants
in each panel). In addition, we assessed the performance ofIISA
in comparison to 12 common in silico tools for pathogenigisedic-
tion: MSC (using two di erent settings), CADD (using threei@r-
ent thresholds), SIFT[187], PolyPhen2[5], PROVEAN[59],rciel[129],
PON-P2[241], PredictSNP2[28], FATHMM-MKL[308], GWAVARD],
FunSeq[112] and DANNI[278].

Across all test sets, GAVIN achieved a median sensitivity h#%
and a median speci city of 76.9%. Other tools with 90% sensitivity
were CADD (93.6% at threshold 15, with speci city 57.1%, and.9%
at threshold 20, with speci city 68.8%) and MSC (97.1%, specity
25.7%). The only tool with a higher speci city was CADD at thshold
25 (85.3%, sensitivity 71.5%). See Table 6.3 for an overview adlt
performance or Figure 6.1 for more detail. In all the clinicaing sets
GAVIN scored> 89.7% sensitivity, including- 92% for Cardiovascular,
Biochemical, Obstetric, Neurologic, Hematologic, Endioer and Der-
matologic genes. The non-clinical genes scored 71.3%. Theeispty
in clinical subsets ranged from 70.3% for Endocrine to 84.2%0en-
tal. Non-clinical gene variants were predicted at 70.6% Sp#y. See
Additional le 2: Table S2 for detailed results.

6.2.3 Added value of gene-speci c calibration

We then investigated the added value of using gene-spediresholds
on classi cation performance relative to using genome-avitiresholds.
We bootstrapped the performance on 10,000 random samplesO6f 1
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Dataset Be- Patho- Origin
nign  genic
vari- vari- 1
ants ants >
() (n)
VariBench 11,347 6,143 PhenCode database, IDbases, 3
tolerance DS7, and 18 individual LSDBs
training set 4
VariBench 1,377 510 PhenCode database, IDbases,
tolerance DS7, and 18 individual LSDBs 5
test set
MutationTaster2 1,194 161 HGMD Professional and 1000
benchmark set Genomes
ClinVar (additions 1,668 1,688 Submissions by clinical 7
of Nov 2015 to molecular geneticists, expert
Feb 2016) panels, diagnostic laboratories 8

and companies
UMCG, variants 1,176 174 Clinical diagnostic

exported from classi cations of variants in
clinical diagnostic cardiology, dermatology,
interpretation epilepsy, dystonia and
software preconception screening
UMCG, germline 301 26 Hereditary cancer variant
variants for classi cations by an M.D.
familial cancer following ACMG guidelines
cases

Total 17,063 8,702 25,765

Table 6.1: Variant and classi cation origins of the benchmark data setused.
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CGD manifestation Genes  Vari- Likely
panel (n) ants pathogenic/pathogenic
(n) variants (n)
Allergy / 253 1,952 1,324
Immunology /
Infectious
Audiologic / 217 1,215 668
Otolaryngologic
Biochemical 354 2,538 1,933
Cardiovascular 446 4,360 2,408
Craniofacial 387 1,861 1,106
Dental 80 783 518
Dermatologic 345 2,749 1,662
Endocrine 240 1,801 1,340
Gastrointestinal 338 2,351 1,620
Genitourinary 149 1,026 753
Hematologic 267 2,571 1,914
Musculoskeletal 676 4,935 2,864
Neurologic 1,012 6,363 4,055
Obstetric 34 223 140
Oncologic 203 2,157 1,207
Ophthalmologic 479 3,649 2,406
Pulmonary 90 717 485
Renal 302 2,143 1,459
NotInCGD 5,806 11,679 122

Table 6.2: Strati cation of the combined variant data set into manifesation
categories. The categories are de ned by Clinical GenomiBsatabase and
are associated to clinically relevant genes. Variants wea#located to the
manifestation categories based on their gene and were pldc@ multiple
categories if a gene was associated to multiple manifestais.
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Tool

Median sensitivity
(%)

Median speci city
(%)

CADD (thr. 15) 93.6 57.1
CADD (thr. 20) 90.4 68.8
CADD (thr. 25) 71.5 85.3
Condel 70.3 39.5
DANN 63.8 66.7

FATHMM 69.5 61.9

FunSeq 61.7 50.2
GAVIN 91.4 76.9
GWAVA 47.6 26.2
MSC Clinvar95CI 84.7 64.4
MSCHGMD99CI 97.1 25.7
PolyPhen2 68.0 46.8
PONP2 47.5 26.9
PredictSNP2 66.8 70.6
PROVEAN 65.9 62.1
SIFT 67.9 57.9

Table 6.3: Performance overview of all tested tools.
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Tool
GA

Specificity

Condel

AA

Sensitivity

Figure 6.1: Performance of GAVIN and other tools across di erent clinat
gene sets. Prediction quality is measured as sensitivitydaspeci city, i.e.
the fraction of pathogenic variants correctly identied ad the fraction of
misclassi cations/non-classi cations while doing so.
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benign and 100 pathogenic variants. These variants werevdrérom
the three groups of genes described in "Methods": (1) genarswhich
CADD was signi cantly predictive for pathogenicityn(= 681); (2)

genes where CADD was not signi cantly predictive £ 732); and (3) 1
genes with scarce variant data available for calibration< 774). For
each of these sets we compared the use of gene-speci c CAD® an 2
MAF classi cation thresholds with that of genome-wide Itang rules.

We observed the highest accuracy on genes for which CADD fipd s 3
ni cant predictive value and for the gene-speci ¢ classatton method
(median accuracy = 87.5%); this was signi cantly higher thamsing 4
the genome-wide method for these same genes (median acgurac
84.5%, Mann-Whitney U tesp value< 2.2e-16). For genes for which 5

CADD had less predictive value we found a lower overall perémce,
but still reached a signi cantly better result using the gerspeci ¢ ap-
proach (median accuracy = 84.5% versus genome-wide 82 p%glue

< 2.2e-16). Lastly, the worst performance was seen for vasaint 7
genes with scarce training data available. The gene-spegerfor-
mance, however, was still signi cantly better than usingngene-wide 8

thresholds (median accuracy = 82.5% and 80.5% respectivelyalue
= 2.2e-16). See Figure 6.2.

6.3 Discussion

We have developed GAVIN, a method for automated variant éleas
tion using gene-speci c calibration of classi cation thgkolds for benign
and pathogenic variants.

Our results show that GAVIN is a powerful classi er with caisi
tently high performance in clinically relevant genes. Tldustness of
our method arises from a calibration strategy that rst cats for cal-
ibration bias between benign and pathogenic variants, inrte of con-
sequence and rarity, before calculating the classi catibmesholds. A
comprehensive benchmark demonstrates a unique combinaifchigh
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Figure 6.2: Comparison of gene-speci c classi cation thresholds withenome-wide xed thresholds in three

groups of genes: 737 genes for which CADD is predictive, 68dngs for which CADD is less predictive,
and 766 genes with scarce training data. For each group, 100 sets of 100 benign and 100 pathogenic
variants were randomly sampled and tested from the full sef 85,765 variants and accuracy was calculated
for gene-speci ¢ and genome-wide CADD and MAF thresholds.
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sensitivity & 90%) and high speci city & 70%) for variants in genes
related to di erent organ systems. This is a signi cant imprement
over existing tools that tend to achieve either a high sengif (MSC,
CADD at lower thresholds) or a high speci city (PredictSNPZADD
at higher thresholds). A high sensitivity is crucial fornitial interpre-
tation because pathogenic variants should not be falsescalided. In
addition, having a higher speci city means that the resultsll be far
less "polluted” with false positives and thus less risk otipats being
given a wrong molecular diagnosis. GAVIN decreases falsigivissby
10-20% compared to using CADD for the same purpose, theraby r
ducing interpretation time. The di erence between using agh and
low performance method can be dramatic in practice. In a hyyatical
example, GAVIN would make downstream variant interpretatiwvice
as e ective as a low performance method, with more sensitie¢ection
of pathogenic variants (see Table 6.4).

Even though an optimal combination of sensitivity and speity
may be favorable in general terms, there may still be a needdols
that perform dierently. The MSC gene-speci ¢ thresholdsabed on
HGMD[323] at 99% con dence interval show a very high sendifi
(97.1%), but at the expense of a very low speci city (25.7%). Gu
low speci city thresholds will pick up almost all the pathegic variants
with scores exceeding gene thresholds. This allows safevah{< 3%
error) of benign variants that fall below these thresholddyich was their
authors' aim. However, this tool cannot detect pathogeniriants due
its low speci city. Other tools, such as PON-P2, may show datesely
low performance, but not necessarily because of true errBrisch tools
may simply be very “picky’ and only return a classi cation whthe
verdict carries high con dence. If we ignore the variants tHRON-P2
did not classify (52% of total benchmark variants) and onlgnsider
how many of the variants that it did classify were correct, wed
a positive predictive value of 96% and a negative predictiedue of
94%. Thus, while this tool might not be useful for exome scrieg
because too many pathogenic variants would be lost, it cath Be an
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Hypothetical data
set

100 benign variants
10 pathogenic

90% sensitive
method

9 pathogenic found
1 pathogenic missed

70% sensitive
method

7 pathogenic found
3 pathogenic missed

variants
80% specic 9+20 = 29 variants | 7+20 = 27 variants
method to interpret to interpret

80 benign found,
20 benign missed

9/29 = 31% positive
predictive value

7127 = 26% positive
predictive value

60% specic
method
60 benign found,

40 benign missed

9+40 = 49 variants
to interpret

9/49 = 18% positive
predictive value

7 + 40 = 47
variants to interpret
7147 = 15% positive
predictive value

Table 6.4: Estimate of the practical impact in clinical diagnostics ofising
methods of di erent sensitivity and speci city on a data setwith 100 benign
and 10 pathogenic variants.
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excellent choice for further investigation of interestingriants. We
would therefore emphasize that appropriate tools should detected
depending on the question or analysis protocol used and kintatheir
strengths and weaknesses into account.

Not surprisingly, we could conrm that the use of gene-speci
thresholds instead of genome-wide thresholds led to a abest and
signi cant improvement of classi cation performance. Thishows the
added value of our strategy. Overall performance was shgluwer in
genes for which CADD has limited predictive value and eveweloin
genes with few "gold standard" pathogenicity data availabl Evalu-
ating variants in uncharacterized genes is rare in clinid@gnostics,
although it may occur when exome sequencing is aimed at 3sgledom-
plex phenotypes or undiagnosed cases. Nevertheless, GAVikeély to
improve continuously in an increasing number of genes, plled by the
speed at which pathogenic variants are now being reportelde Tesults
of this paper are based on the ClinVar release of Novembeb 201
comprise 2,525 informative gene calibrations, i.e. thredsdbr CADD,
impact, MAF or a combination thereof. When we calibrate oneth
September 2016 ClinVar release, we obtain more informagiere cali-
brations (2,770) with stable gene CADD thresholds (mean pagknic
di erence of 0.1%, mean benign di erence of 1.1%) and a slighod in
pathogenic MAF (0.00426 to 0.00346). Using these newer catibns,
the benchmark performance of GAVIN increases to 91.7% seitgiti
(up from 91.4%) and 78.2% speci city (up from 76.9%). If this tren
continues and (2770-2525)/10 = 24.5 genes per month are added
estimate that calibrating all disease genes in CGD (3,316 Bept.
2016) will take another (3316-2770)/24.5/12 = 1.86 2 years.

With GAVIN, we were also able to demonstrate the residual poofe
CADD scores as a predictor for pathogenicity on a gene-byegeasis,
revealing that the scores are informative for many genessth results
can be accessed dittp://molgenis.org/gavin ). There are
several possible explanations for potential non-inforiviat of CADD
scores. It may have bias towards the in silico tools and saiitevas
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trained on, limiting their predictiveness for certain genit regions or
disease mechanisms[222]. Furthermore, calibration ohpgenic vari-
ants could be di cult in genes with high damage tolerance,.i.raving
many missense or loss-of-function mutations[165]. In aiddit cali-
bration may be impaired by false input signals, such as arorimct

pathogenic classi cation in ClinVar or inclusion of diseasohorts in
large databases such as EXAC could misrepresent alleledraxes[320].
Lastly, pathogenic variants could have a low penetrancelwirt e ect

mitigated by genetic modi ers, causing high deleteriousado be tol-
erated in the general population against expectations[66]

The eld of clinical genomics is now moving towards interf@gon
of non-coding disease variants (NCVs) identi ed by WGS [B8& num-
ber of recently introduced metrics, including EIGEN[160pATHMM-
MKL, DeepSEA[387], and GWAVA, specialize in predicting thmc-
tional e ects of non-coding sequence variation. When a padlenic
NCV reference set of reasonable quantity becomes availabtalibra-
tion strategy as described here will be essential to be ablage these
metrics e ectively in whole-genome diagnostics.

6.4 Conclusions

GAVIN provides an automated decision-support protocol flassifying
variants, which will continue to improve in scope and pramisas more
data is publicly shared by genome diagnostic laboratortear approach
bridges the gap between estimates of genome-wide and ptipulavide
variant pathogenicity and contributes to their practicakefulness for
interpreting clinical variants in speci ¢ patient populiains. Databases
such as ClinVar contain a wealth of implicit rules now usednmaly by
human experts to classify variants. Rules on minor alleégjfiencies,
estimated e ect impact and CADD scores are deduced and erygdo
by GAVIN to classify variants that have not been seen before.

We envision GAVIN accelerating NGS diagnostics and becopeang
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ticularly bene cial as a powerful (clinical) exome scresgitool. It can
be used to quickly and e ectively detect over 90% of pathogevariants
in a given data set and to present these results with an unedented

small number of false positives. It may especially serve ribdes 1
that lack the resources necessary to perform reliable andelascale
manual variant interpretation for their patients and spuhé develop- 2
ment of more advanced gene-speci ¢ classi cation method&§e pro-
vide GAVIN as an online MOLGENIS[328] web service to browse gen 3
calibration results and annotate VCF les and as a commaneliexe-
cutable including open source code for use in bioinformaiigelines. 4
GAVIN can be found ahttp://molgenis.org/gavin

5
6.5 Methods
6.5.1 Calibration of gene-specic thresholds 7

We downloaded ClinVar (variacsummary.txt.gz from ClinVar FTP, last
modi ed date: 05/11/15) and selected GRCh37 variants thatmtained
the word \pathogenic" in their clinical signi cance. Theseariants were
matched against the ClinVar VCF release (clinvar.vcf.gzt lasdi ed
date: 01/10/15) using RS (Reference SNP) identi ers in ond&o re-
solve missing indel notations. On the resulting VCF, we rampBS
version 4.1 L with these settings: hgl9 -noStats -noLog -k#non -ud
0. As a benign reference set, we selected variants from Ex&@gse
0.3, all sites) from the same genic regions with +/- 100 baségadding
on each side to capture more variants residing on the samea exle
rst determined the thresholds for gene-speci c pathogerallele fre-
guency by taking the EXAC allele frequency of each pathogeariant,
or assigning zero if the variant was not present in EXAC, aaltglating
the 95th percentile value per gene using the R7 method fronadpe
Commons Math version 3.5. We ltered the set of benign varismtith
this threshold to retain only variants that were rare enougghfall into
the pathogenic frequency range.
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Following this step, the pathogenic impact distribution si@alcu-
lated as the relative proportion of the generalized e ectpact cate-
gories, as annotated by SnpE on the pathogenic variants. eTfame
calculation was performed on the benign variants uniquelgspnt in
ExaC. To facilitate this, we annotated EXAC with SnpE (4.1 Ilsame
settings as above) to get the same impact, transcript and g&omen-
clature as our ClinVar set. Overlapping genes were not aoeidse-
cause SnpE variant annotations include the gene symbol thieh an
estimated impact is applicable and subsequently only thosgching
impacts were considered. The benign variants were subgetyugown-
sized to match the impact distribution of the pathogenic iemts.

For instance, in the case of 407 pathogenic MYH7 variants, we
found a pathogenic allele frequency threshold of 4.942eff] an im-
pact distribution of 5.41% HIGH, 77.4% MODERATE, 17.2% LOW
and 0% MODIFIER. We de ned a matching set of benign variants by
retrieving 1,799 MYH7 variants from ExXAC (impact distriboti: 2%
HIGH, 23.59% MODERATE, 32.59% LOW, 41.82% MODIFIER), from
which we excluded known ClinVar pathogenic variamts=(99), variants
above the AF thresholdn( = 246), and removed interspersed variants
using a non-random “step over' algorithm until the impact tdisution
was equalizedr( = 960). We thus reached an equalized benign set
of 494 variants, having an impact distribution of 5.47% HIGH,.33%
MODERATE, 17.21% LOW and 0% MODIFIER).

We then obtained the CADD scores for all variants and tested
whether there was a signi cant di erence in scores betweéie sets of
pathogenic and benign variants for each gene, using a Marimtiéy
U test. Per gene we determined the mean CADD score for eaclhigro
and also the 95th percentile sensitivity threshold (defeat of most
pathogenic variants while accepting false positives) abth®ercentile
speci city threshold (detection of most benign variants Wdaccepting
false negatives), using the Percentile R7 function. Alltitécs were
done with Apache Commons Math version 3.5. This calibratian-p
cess was repeated for 3,237 genes, resulting in 2,525 geneshich
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we learned classi cation rules involving pathogenic vati?fAF, e ect
impact distribution, CADD score thresholds, or a combiratithereof.

On average, CADD scores were informative of pathogenicitiie
mean benign variant CADD score across all genes was 23.08 wid
mean pathogenic variant CADD score was 28.44, a mean di eesot
5.36 (s = 4.80). Of 3,237 genes that underwent the calibration pro-
cess, we found 681 \CADD predictive" genes that had a sigaintly
higher CADD score for pathogenic variants than for benigmiaats
(Mann-Whitney U test,p value <0.05). Interestingly, we also found
732 \CADD less predictive" genes, for which there was no mnodif-
ference between benign and pathogenic variapyélue> 0.05 despite
having 5 pathogenic and 5 benign variants in the gene). For 774
genes there was very little calibration data availabke5 pathogenic
or <5 benign variants), resulting in no signi cant di erencep(value
>0.05) between CADD scores of pathogenic and benign variakite
also found 159 genes for which e ect impact alone was predetmean-
ing that a certain impact category was unique for pathogemariants
compared to benign variants. For instance, if we observe HIGH
pact pathogenic variants (frame shift, stopgain, etc.) forgiven gene,
whereas benign variants only reach MODERATE impact (missegfin-
frame insertion, etc.), we use this criterion as a direct slesr. No
further CADD calibration was performed on these genes. In sy,
the total set of 3,237 genes comprises 681 \CADD predictivehgs +
732 \CADD less predictive" genes + 774 \little calibrationata" genes
+ 159 \impact predictive" + 178 genes with only pathogenic MA
calibrated + 712 genes without calibration due to less tharCinVar
or EXAC variants available + 1 artifact where population CRDvas
greater than pathogenic CADD. See Additional le 1: Table $dr
details.
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6.5.2 Variant sets for benchmarking

We obtained six variant sets that had been classi ed by huneaperts.
These data sets were used to benchmark the in silico variatii@genic-
ity prediction tools mentioned in this paper. Variants frothe original
sets may sometimes be lost due to conversion of cDNA/HGV&tioh
to VCF.

The VariBench protein tolerance data set ft{p://structure
.bmc.lu.se/VariBench/ ) contains disease-causing missense vari-
ations from the PhenCode[123] database, IDbases[266], ahihdivid-
ual LSDBs[239]. The training set we used contained 17,490avus,
of which 11,347 were benign and 6,143 pathogenic. The test set-c
tained 1,887 variants, of which 1,377 were benign and 510 pgémic.
We used both the training set and test set as benchmarking set

The MutationTaster2[304] test set contains known diseasetas
tions from HGMD[323] Professional and putatively harmlgasymor-
phisms from 1000 Genomes. It is availablehétp://www.mutatio
ntaster.org/info/Comparison_20130328_with_results
_Clinvar.html . This set contains 1,355 variants, of which 1,194
are benign and 161 pathogenic.

We selected 1,688 pathogenic variants from ClinVar that wadded
between November 2015 and February 2016 as an additionathren
marking set, since our method was based on the November 26lEase
of ClinVar. We supplemented this set with a random selectiéri,668
benign variants from ClinVar, yielding a total of 3,356 varis.

We obtained an in-house list of 2,359 variants that had beeassi-
ed by molecular and clinical geneticists at the Universiedical Cen-
ter Groningen. These variants belong to patients seen indbetext of
various disorders: cardiomyopathies, epilepsy, dystopiaconception
carrier screening, and dermatology. Variants were analyaecording
to Dutch medical center guidelines[242] for variant intezation, using
Cartagenia Bench LaB! (Agilent Technologies) and Alamut soft-
ware (Interactive Biosoftware) by evaluating in-house dadaes, known
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population databases (1000G[18], EXAC, ESP650thtp://evs.

gs.washington.edu/EVS/ , GONL[244]), functional e ect and lit-
erature searches. Any ClinVar variants included in the Nokber 2015
release were removed from this set to prevent circular raasy result- 1
ing in a total of 1,512 variants, with 1,176 benign/likely begm (merged
as Benign), 162 VUS, and 174 pathogenic/likely pathogenisefged 2
as Pathogenic).

From the UMCG diagnostics laboratory we also obtained adf$07 3
variants seen in the context of familial cancers. These waterpreted
by a medical doctor according to ACMG guidelines[288]. Waoged 4
any ClinVar variants (November 2015 release), resulting98 variants,
with 301 benign/likely benign (merged as Benign), 68 VUS dtllikely 5

pathogenic/pathogenic (merged as Pathogenic).

6.5.3 Variant data processing and preparation

We used Ensembl VEPhH({tp://grch37.ensembl.org/Homo_
sapiens/Tools/VEP/ ) to convert cDNA/HGVS notations to VCF 8
format. Newly introduced N-notated reference bases wepgaeed with

the appropriate GRCh37 base, and alleles were trimmed whesesled
(e.g. \TA/TTA" to \T/TT"). We annotated with SnpE (version

4.2) using the following settings: hgl9 -noStats -noLog -teanon -

ud 0. CADD scores (version 1.3) were added by running the wisia
through the CADD webservice (available http://cadd.gs.was
hington.edu/score ). EXAC (release 0.3) allele frequencies were
added with MOLGENIS annotator (release 1.16.2). We also merged
all benchmarking sets into a combined le with 25,995 varianfof
which 25,765 classi ed as benign, likely benign, likely peglnic or
pathogenic) for submission to various online in silico pecddn tools.
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6.5.4 Execution of in silico predictors

The combined set of 25,765 variants was classi ed by the iicaivariant
pathogenicity predictors (MSC, CADD, SIFT, PolyPhen2, PREAN,
Condel, PON-P2, PredictSNP2, FATHMM, GWAVA, FunSeq, DANN)
The output of each tool was loaded into a program that compdiutbe
observed output to the expected classi cation and whichthealculated
performance metrics such as sensitivity and speci city. eTtools that
we evaluated and the web addresses used can be found in Tahlé\Ge
executed PROVEAN and SIFT, for which the output was reduced by
retaining the following columns: \INPUT", \PROVEAN PREDICTI®
(cut-o = -2.5)" and \SIFT PREDICTION (cut-o = 0.05)". For
PONP-2, the output was left as-is. The Mutation Signi candéuto
(MSC) thresholds are con gurable; we downloaded the Clintased
thresholds for CADD 1.3 at 95% con dence interval, compambbd our
method, as well as HGMD-based thresholds at 99% con denderin
val, the default setting. Variants below the gene-speciloésholds were
considered benign, and above the threshold pathogeniclofahg the
suggestion of the CADD authors, scores of variants below @es$hold
of 15 were considered benign, above this threshold pathmgefe also
tested CADD thresholds 20 and 25 for comparison. The outplu€on-
del was reduced by retaining the following columns: \CHRSTART",
"SYMBOL", "REF", "ALT", "MA", "FATHMM", "CONDEL", "CON-
DELLABEL". After running PolyPhen2, its output was reduced by
retaining the positional information (\chr2:220285283|CG) and the
\prediction" column. Finally, we executed PredictSNP2, wh contains
the output from multiple tools. From the output VCF, we usedhé
INFO elds \PSNPE", \FATE", \GWAVAE", \DANNE" and \FUNE"

for the pathogenicity estimation outcomes according to tReedictSNP
protocol for PredictSNP2 consensus, FATHMM, GWAVA, DANN dn
FunSeq, respectively.
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1
2
Tool Used via web address 3
MSC http://pec630.rockefeller.edu/MSC/
CADD http://cadd.gs.washington.edu/ 4
SIFT http://provean.jcvi.org/index.php
PolyPhen2  http://genetics.bwh.harvard.edu/pph2 >
/
PROVEAN  http://provean.jcvi.org/index.php
Condel http://bg.upf.edu/fannsdb/query/cond 7
el
PON-P2 http://structure.bmc.lu.se/PON-P2/ 8

PredictSNP2 http://loschmidt.chemi.muni.cz/predictsnp2/
FATHMM http://loschmidt.chemi.muni.cz/predictsnp2/

GWAVA http://loschmidt.chemi.muni.cz/predictsnp2/
FunSeq http://loschmidt.chemi.muni.cz/predictsnp2/
DANN http://loschmidt.chemi.muni.cz/predictsnp2/

Table 6.5: The tools used to evaluate our benchmark variant set and the
web addresses used through which they were accessed.
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6.5.5 Strati cation of variants using Clinical Genomics
Database

We downloaded Clinical Genomics Database (CGD; the .tsv.gzioe
on 1 June 2016 fromhttp://research.nhgri.nih.gov/CGD

/download/ ). A Java program evaluated each variant in the full
set of 25,765 variants and retrieved their associate genelmmas
annotated by SnpE. We matched the gene symbols to the genes
present in CGD and retrieved the corresponding physical ifeatation
categories. Variants were then written out to separate |éxr each
manifestation category (cardiovascular, craniofacianal, etc.). This
means a variant may be output into multiple les if its gene svinked
to multiple manifestation categories. However, we did ey variants
from being written out twice to the same le in the case of olegping
genes in the same manifestation categories. We output aardrinto
the \NotInCGD" le only if it was not located in any gene preseim
CGD.

6.5.6 Implementation

GAVIN was implemented using Java 1.8 and MOLGENIS[328] 1{21 (
ttp://molgenis.org ). The calibration method is agnostic of the
meaning of pathogenic or benign, resulting in thresholdatthave bal-
anced sensitivity and speci city. In our diagnostics praetj sensitivity
is valued over speci city. We therefore adjusted the CADDdakIAF
thresholds to shift the balance towards sensitivity at thest of speci-
city. We found a setting of 5 (adjustable in source code) aeted
> 90% sensitivity and this setting was used to generate natebholds.
The genome-wide classi cation thresholds based on CADDregg 15
for benign and> 15 for pathogenic matched this high sensitivity. The
full table of gene-speci ¢ thresholds used can be foundchép://w
ww.molgenis.org/gavin (for latest release) or Additional le 1:
Table S1. They can be used to guide manual variant interptieta or
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be re-used in other tools. Source code with tool implemeittatdetails
can be found athttps://github.com/molgenis/gavin . All
benchmarking, bootstrapping and plotting tools can be fauim this
repository, as well as all data processing and calibratioogpams.

6.5.7 Binary classi cation metrics

Prediction tools may classify variants as benign or pathdgebut may
also fail to reach a classi cation or classify a variant as ¥\Because
of these three outcome states, binary classi cation medrimust be
used with caution. We de ne sensitivity as the number of dett=l

pathogenic variants (true positives) over the total numhsrpathogenic
variants, which includes true positives, false negativeatijogenic vari-
ants misclassi ed as benign), and pathogenic variants thare other-
wise "missed"”, i.e. classi ed as VUS or not classi ed at allh&refore,
Sensitivity = TruePositive/(TruePositive + FalseNegat&/+ MissedPos-
itive). We applied the same de nition for speci city and dee it as:

Speci city = TrueNegative/(TrueNegative + FalsePositiver Missed-

Negative). Following this line, accuracy is then de ned aBuePosi-
tive + TrueNegative)/(TruePositive + TrueNegative + FalsPositive +

FalseNegative + MissedPositive + MissedNegative).

Additional les

Additional le 1: Table S1. GAVIN gene-speci c thresholds used
in the benchmark. This table can be used to look up threshabds
individual genes and allow variant interpretation by fellog classi ca-
tion rules as indicated by the column names and provided angiion.
(XLSX 198 kb) [available online ajenomebiology.biomedcent
ral.com ]

Additional le 2: Table S2. Detailed overview of all benchmark re-
sults. Each combination of tool and dataset is listed. We yode the
raw counts of true positives (TP), true negatives (TN), falositives
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(FP), and false negatives (FN), as well as of pathogenic arehign
variants that were "missed", i.e. not correctly identi ed asuch. From
these numbers, we calculated the sensitivity and specy.citXLSX 58
kb) [available online aggenomebiology.biomedcentral.com ]
Additional le 3: Table S3. Included in this chapter as Table 6.4
Additional le 4: Table S4. Included in this chapter as Table 6.5
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Abstract

With the popularity of next-generation sequencing risinge expect
thousands of individuals to soon have whole-genome prg.lirHow-
ever, implementation is a huge challenge for both genomeassh and
diagnostic applications, with the primary roadblock nottdaacquisition
or variant calling, but downstream interpretation.

Interpretation can be sped up using the huge amount of usefidri
mation collected by laboratories, public databases andhitks. Unfor-
tunately, for now, all these sources of useful data cannotdasily inte-
grated and explored in unison. Further, while many innovatanalysis
methods emerge from research on a regular basis, a lack ofdsta-
ization makes it di cult to adopt, share, compare and valitathem in
practice.

Here we report a lightweight framework for genome intergtgdn
pipelines that aims to enable rapid implementation and aiddijon of
analysis protocols that integrate reference annotatiortadée.g. Clin-
Var, EXAC, GoNL), run best-practice analysis tools (e.g. \&RAor
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GAVIN), capture their outputs in a standardized way using asmeéCF
extension, and use those outputs to generate informativestomizable
reports for human interpretation. Clear de nitions of ta®land stan-

dardization of outputs enable interoperability/ exibtlf and encourage 1

members of the genomics community to jointly develop andseframe-

work components in order to rapidly integrate new data andthuals 2

and develop and share new best practice protocols. Starideddval-

idation and benchmarking enables rapid testing and uptaketieese 3

developments. We used MOLGENIS open source for its impleaent

tion but the framework can be readily added in other software 4
Implementation of this framework in a genome diagnostic sejt

shows that we can successfully translate the latest knogéednd meth- 5

ods to medical practice. However, we also envision its udageli er-

ent types of genomic studies because the framework is sttéogwvard 6

and o ers advantages in terms of storing and sharing resuieftware
downloads, manuals and source code can be foundnatv.molgeni
s.org/genomics

7.1 Introduction

Sequencing of DNA and RNA has become pivotal in modern lifersxe
research, and we can now exploit our understanding of theoges to
develop molecular diagnostic tests for many disorders. élmv, when
it comes to making more discoveries in research, there it stheed
for better data integration[290] in order to discover newsdase genes.
At the same time, in genome diagnostics, an increasing numbfe
patients expect a reliable molecular diagnosis based oir templete
genome[29] while diagnostic yield is still highly varigB&s, 221, 74,
380].

To improve the situation, we can utilize a rapidly growingtlof rel-
evant methods, data and knowledge tools. Unfortunatelyashg and
uptake of these new analysis resources is di cult becaustakes con-
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siderable e ort to investigate, adapt and validate them mtliagnostic
or research protocols. This is partly because the qualitgl aausabil-
ity of academic software remains low[274] while commersiaftware
prefers to incorporate widely used methods that lag behimaovation.
As a result, institutes develop their own interpretatiorrategies, with
varying degrees of success[42], to keep up with a quickljvawp eld.

To encourage sharing and incorporation of community-biakd
commercial tools they should be easy to adopt into the intetp-
tion work ows used in practice. The rst step to achieving it is
to agree on the de nitions of each processing step insteadoaiusing
on implementations. This has already happened for NGS waigalling
pipelines[362], which are often composed of multiple comdime tools
that are loosely connected by scripts and intermediate audtpes. In
NGS variant calling, steps such as aligning sequenced raadsvariant
calling are carried out by tools such as BWA, Samtools and GATh
this process, they use standard le formats FASTA/FASTQ, BASAM
and VCF (Variant Call Format). This separation allows todts be in-
terchanged and optimized as a distinct unit of functionglin a bigger
pipeline, driving innovations like Sambamba[332], whistspeci cally
developed for high-performance ltering of BAM les.

To better serve both research and routine diagnostic neegsnow
wished to expand our NGS pipelines further downstream wiith $ame
modularity for fast integration and exchange of genome gs& meth-
ods such as the recently published GAVIN tool[345]. To ftad#i this,
we present here a framework for standardized genomic aiglyih in-
terchangeable components. It includes a new intermediatd-Nfased
format to capture relevant ndings as the basis for interapbility be-
tween the tools in the pipeline, a task for which there was me-pxisting
solution. We have tested and validated this framework with @pen
source implementation for genome diagnostics includingl$ofor vari-
ant annotation, interpretation and reporting.
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7.2 Results

7.2.1 Framework for downstream genome analysis

We developed a variant analysis framework consisting of enlper of L

intermediate les and tool roles (annotation, analysis, daneporting). 5

The intermediate les use the well-known VCF speci catiowjth ad-

ditional extensions to support interoperability betweelteanative tools 3

that ful Il the same role. A new VCF extension called rVCF (et

VCF) is used to describe variants of interest. 4
We implemented and validated the framework into an existingin-

formatics pipeline within UMCG clinical genome diagnostiaboratory 5

using both existing and newly developed tools. See Figurefat.lan
overview of the components and data ow within the frameworgelow

. . . 6
we rst describe the le formats and tool roles involved anklen provide
examples of the implementation, usage and results of thenfavork as
applied to genome diagnostics.

We de ne the following intermediate les and tool roles:

Regular VCF les capture SNVs and small indels with the option to
also capture genomic coverage and structural variants gigmisting
de nitions. The VCF 4.2 standartl can describe any type of variation.
For genomic coverage, the gV&Rxtension may be used.

Annotation tools such as SnpE [60], Ensembl VEP[228], Jannovar[175],
VarioWatch[56] and CmdlineAnnotator (presented below)hdse tools
accept VCF les as input and add more contextual informatiper vari-

ant.

Ihttps://samtools.github.io/hts-specs/VCFv4.2.pdf
2https://software.broadinstitute.org/gatk/guide/arti cle?id=
4017
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Regular VCF, may include
SVs, genomic coverage
|

Annotated VCF, with e.g.
ANN, CSQ, custom fields
|

Annotation
tool

Report VCF (new:  Create reports (new:
rVCF definition) MOLGENIS templates)
| |

Analysis
tool

|

|
Annotators, e.g. SnpEff
(new: CmdlineAnnotator)

Reporting o i
ool [P o
O

|

|
Variant statistics, interpretation
or filtering tools (new: GAVIN+)

1

1
Validation tools (new: Analysis report
FDR and FORtesting) | (new:diagnostics)

Figure 7.1: Overview of the framework for adaptable automation of dowtream genome analysis. New tools
and formats developed for the genome diagnostic implemetitan of the framework are highlighted in blue.
Upstream pipeline steps that are not part of the framework arshown in grey.
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Annotated VCF les contain the enrichment of variants with addi-
tional contextual information from population referencdsown disease
genes/variants, in silico pathogenicity estimates, GWA&thways and
more. This is stored in a standardized way to ensure tool rioperabil-
ity (i.e. steps can be changed without needing to rewrite thipgdine).
We reuse existing eld de nitions where possible, such as BnpE
ANN eld3 and Ensembl VEP CSQ efl In addition, we added elds
such as CADDSCALED (for CADD scores) and EXABF (for EXAC
allele frequencies) for more annotations.

Analysis tools such as GEMINI[253], InterVar[202], VIKING[232], KGG-
Seq[201], VAAST[181] and GAVIN+ (presented below). Thesel®
Iter and query annotated VCFs to nd candidate variants. ldHy,
these tools output their results in Report VCF which can begessed
or visualized further by other tools.

Report VCF les store the outcome of a genome analysis, such as
GWAS p-values or diagnostic interpretation. This internigte le for-
mat stores relevant ndings in a computer-readable formatincrease
pipeline exibility by disconnecting results from reporg (see Figure
7.2). We build upon the VCF format by de ning a speci c exteosi
for results, abbreviated 'rVCF'. This format is fully VCF-cqtmant but
adds an extra INFO eld named RLV (relevance) that ensuresl toe
teroperability within this framework. This eld containghe explanation
for why this variant was thought to be relevant for the questiimposed
on the original data.

The RLV eld was developed with the following criteria in nainit
should (i) be broad enough to allow many types of uses (e.g.diag-
nostics, genome research, population studies); (ii) becspeenough
for the results captured to be informative, at least for ouragnostic

Shttp://snpeff.sourceforge.net/VCFannotationformat_v 1.0.pdf
4http://www.ensembl.org/info/docs/tools/vep/vep_form ats.htm
|
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(CARTAGENIA )

1. Sample prep * , .
and sequencing

2. Calling variants o +

> and genotypes > > o

3. Annotation of rVCF 0—go :

variants =X i tele
. 4. Filtering and Sce0000
Patient AT * \ molgenis

..do what you want

Figure 7.2: Creation and possible applications of the rVCF format. Aftehe
output has been generated by the analysis step, the resulte &tored in an
rVCF le. This le can then be further analyzed or used to crei@ a report.
We have processed and visualized results in MOLGENIS[3284 £artagenia
Bench Lab™ (Agilent Technologies), but any other tool or environment an
be used including GATK[344], Integrative Genomics Viewddl], scripting
languages and command line.

use case; (iii) provide all necessary contextual informatio explain
why a variant is relevant for the question posed; (iv) be stured
and simple enough to allow reports to be created in a straigtward
way (e.g. by templating); and (v) not contain unnecessary delthat
would bloat the speci cation beyond its intended purposedamake it
harder to use. See Table 7.1 for a detailed breakdown of thelsein
the rVCF speci cation and how they can be used for di erentaisases.

Reporting tools turn Report VCF into result overviews that can be

read by human users and tailored to a speci c audience. A bate
system such as MOLGENIS, for example, can import, store, yj@ed
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Field De nition

allele The alternative allele in question, since VCF has
multi-allelic sites

alleleFreq Reference database minor allele frequencies,ge EXAC,
GoNL or 1000G

gene Gene name or identi er, e.g. HGNC symbol or MIM
accession

FDR Any pre-calculated FDR thresholds for this variant, gere
or transcript

transcript Transcript used, e.g. SnpE canonical transcript

phenotype Trait of disorder in question, e.g. trichotillom ania, BMI

phenotypelnheritance
phenotypeOnset
phenotypeDetails

phenotypeGroup

< many> sampleStatus

< many> samplePhenotype
< many> sampleGenotype
< many> sampleGroup
variantSigni cance
variantSigni canceSource
variantSigni canceJusti cation
variantMultiGenic

variantGroup

or ethosuximide resistant

Mode of inheritance, e.g. dominant,recessive, additive
Age of onset, e.g. pediatric, adult, L2-staye

Extra phenotype info, e.g. treatment options or
literature references

Grouping of phenotypes, e.g. cardiovascat,
neurological, oncological

How this sample is potentially a ected based m
genotype and inheritance e.g. HOMZYG, AFFECTED,
COMPOUND, DENOVO, CARRIER

The actual sample phenotype, taken from V&
'SAMPLE' annotation eld
Sample variant or marker genotypes with pasbly
quality or probability data
Grouping of samples, e.g. case, control, EUR, PR,
infant, adult
Type or value of variant signi cance, e.g. Reported
pathogenic, Predicted pathogenic, pval 0.0035
Tool or source used to discover his variant, e.g. your
lab list, ClinVar, PolyPhen2, CADD, SIFT, GAVIN
The reason why source thought this variant was
interesting, or the criteria used by prediction tool
Denote how this variant is potentially p art of digenic or
other complex forms of inheritance
Grouping of variants, e.g. suggestive, signcant,
iarc_class5

Table 7.1: rVCF format. Interoperability is ensured by standardizingter-
pretation information within the framework using a new 'RLY eld. Within
this eld, speci c interpretation data can be described usig the VCF standard
INFO sub- eld structure. Any sub- elds marked with< many > may con-
tain multiple values, each linked to speci ¢ sample identérs. Multiple RLV
values may be present to accommodate multi-allelic varianand overlapping

gene annotations.
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share genomic data and analysis results, then format it f@gtostics
reporting from a diagnostics lab in a way that the clinicalrggicist can
use. The system can be used to create analysis reports frarstbred
results.

Analysis reports are the nal products of the downstream analysis.
They can be clinical patient reports for doctors or statesil genome-
wide reports for researchers. Multiple reports for di etensers and
questions may be generated from an analysis, and within anejbere

is no limit on exibility or interactivity, although use ofiagle le doc-
uments with a simple and well-thought out graphical layosteéncour-
aged.

Validation tools (automatically) test and evaluate pipeline results in a
standardized way against a gold-standard data set. Sucidasibn is a
precondition for diagnostics implementation. Examplespofsible val-
idation tests include a false omission test to count how maxpected
hits were actually observed in the Report VCF output, a fadiscovery
test to see how many unexpected hits were found, or a comiamabf
the two. These tests can be executed on individual level, engylevel,
or across the whole genomes of many individuals simultasklgowali-
dations of the pipeline are (automatically) performed wieser software
versions or data sources have been updated.

7.2.2 Implementation for genome diagnostics

We used this framework to implement an automated downstrezmal-
ysis and reporting pipeline for genome diagnostics. Bel@vdsscribe
examples of annotation, analysis and reporting tools theg aonnected
by using the standardized interpretation data format.

166



7.2. RESULTS

Annotation tool: CmdlineAnnotator

We implemented a high-performance tool that performs aratain
tasks that enable variant enrichment. It wraps common genomi-

notation sources, such as ExXAC[196], 1000 Genomes[18]p@enof !
the Netherlands[244], ClinVar[191] and CADD[185] in a sdardized 5
way. This enables us to quickly add and combine dierent ataio

tion steps, which was one of our goals with this framework.eTiool, 3
MOLGENIS CmdlineAnnotator, can be run on command line making

it easy to script into typical bioinformatic pipelines, bwte have also 4
implemented a web interface for interactive use. The to@uges no in-

stallation other than downloading an executable, and it& us straight- 5
forward. MOLGENIS CmdlineAnnotator supports any valid VCIe,

handles multi-allelic variants and can match equivalentiaats even 6

when their notation is di erent (see Methods and Materials)

Analysis tool: GAVIN+

We also created a new analysis tool to replace the analysisopol 8
we had used before. GAVIN+ is a diagnostic interpretation tdioat
prioritizes DNA variants of potential clinical relevancethe genome. It
achieves this by using GAVIN[345], a sensitive tool to prepathogenic
variants based on gene-speci c CADD scores calibrated oAGXClin-
Var and SnpE. In addition, GAVIN+ matches against candidates
against known pathogenic variants in ClinVar but removedegmbial
false positives with a GONL/EXAE€ 5% MAF. The tool then queries the
Clinical Genomics Database[319] to nd a ected and carriadividuals
depending on sample genotype and mode of inheritance. Fohan
acterized genes, the default heterozygous, compound loetgrous and
homozygous states are assigned. Depending on the input \&cigj-
tional knowledge is automatically used. This includes {aiware sample
Itering and genotype phasing to check validity of compouhdterozy-
gous hits, or reassigning status from, e.g., "homozygous bypmmd
mutation' back to “multiple hits on the same allele’. Hemizygogeno-
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types for chromosome X and Y are also taken into consideratibhe
tool even works on mitochondrial genotypes, albeit with it refer-
ences. We run GAVIN+ as a command line runnable standaloné too
that takes an annotated VCF le and returns a Report VCF le.

Report VCF: novel format

The Report VCF (rVCF) format is used to mark variants that mage
of clinical interest. The eld that captures the clinical levance, which
is similar to SnpE 's ANN eld, consists of a single string witmultiple
sub- elds separated by pipe symbols. The values are desdrih the
VCF header and include the alternative allele in questioang and
transcript (just as in ANN), but rVCF also includes asso@dtpheno-
type, inheritance mode, onset, genotype and a ected/carristatus of
samples, reason why this variant was relevant and accortbnghom.

There are currently 19 values within the RLV eld, but in pitice
the notation is quite compact because unused sub- elds aadlymwne
character to the notation. See Table 7.2 for examples of corapte
VCF INFO eld extensions for the same variant, including arasple
of the RLV eld.

Because all applicable sample genotypes in question arestored
in the RLV eld, information on the genotype used is left outthe rVCF
le. The data reduction achieved by selecting only variatspotential
relevance is substantial, and turns out very relevant fagesin a health
care setting. For example, on a data set of samples from 69epas
that were sequenced for panel of 96 dystonia genes, we re@yced
variants (6.3 megabyte, MB) to 63 variants (90 kilobyte, kBA. patient
exome of 108,004 variants (77 MB) was reduced to 449 variaa5
kB), and a combined VCF with 282 exomes of 790,297 variants (7.3
GB) was reduced to 19,572 variants (17 MB). In research one inigh
still want to retain all data, therefore we developed a helgeol to
merge the rVCF les back into the full list of variants and getypes in
the original VCF le, which provides more exibility for howhe format
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1
VCF INFO eld Data example 2
Consequence  CSQ=T j 5_prime UTR_variantj MODIFIER]
annotations UROSj ENSG00000188690Transcript j 3
from Ensembl  ENST00000368797 protein.codingj 1/10 jjjj 7
VEP jiiiiii -1ji HGNCj 12592; 4
Functional ANN=T j 5_primeUTR_variantj MODIFIER | 5
annotations UROSj UROS]j transcriptj NM_000375.2j
from SnpE Codingj 1/10 j c.-219C> A jjjjj 6722j; 6
Relevance RLV=T j 0.0j UROSj 0.0
annotations 0.011980830670926537NM_000375.2j
from GAVIN+ Porphyria congenital erythropoietig 8

RECESSIVE Pediatric jjj
DNA7654321:CARRIER DNA7654321:0s]j
Reported pathogeni¢ ClinVar j
NM_000375.2(UROS):c.-219€A UROS
Pathogenicjj;

Table 7.2: Examples of VCF INFO eld de nitions. The VEP consequence
and SnpE annotation elds describe the functional e ects ¢ a variant on
genes and transcripts at its locus. The relevance eld derest why this par-
ticular variant and e ect was included in the analysis restjlsuch as screening
for candidates that may explain a clinical phenotype.
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can be used. Another helper tool can split the compound RLYd mto
many separate info elds for ease of import and ltering inter tools.

Reporting tool: patient report for genome diagnostics

We have implemented a report generator to visualize the nmfation
contained within rVCF using the MOLGENIS web database, alito
interested readers can easily write their own. The rVCF lesn be
uploaded and stored in the database just like any other VCE After
importing, the genomic data can be browsed, queried, viseal and |-
tered using standard MOLGENIS Ul components in the Data Ergalo
In addition, users can generate reports based on a simple lat@pan-
guage (FreeMarker) and use R, Python or JavaScript and welises
to make very interactive reports. These templates can beoapkd,
customized, changed, and reused within the database itself

We have de ned a patient report template that transforms thiata
into an overview showing the main ndings of potential ctai rele-
vance. This report ranks the variants by importance for neadiinter-
pretation based on the evidence from the data and how wellegeand
variants are clinically characterized[229]. Users canlagpnumber of
post- Iters within the report if needed. For instance, theyay wish
to exclude or include certain genes, e.g. those for late-biésorders
in the case of a young patient, or adjust the variant MAF insion
threshold. See Figure 7.3 for an example of this report.

7.2.3 Validation tool: evaluation for diagnostics

Establishing a molecular diagnosis is only possible wheugn data is
Itered out to allow human interpretation of the remainder lile main-
taining reasonably con dence that computational pre- itemg did not
remove the causal variant. To estimate the number of vargathtat were
not detected (false negatives or missed), and the number afants
incorrectly implicated (false positives) in our pipelin@plementation
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Figure 7.3: Example screenshot of a patient report generated in MOLGENISensitive information has been
blacked out. Reports are created fully automatically using template engine on an imported rVCF data set.
The buttons at the top o ers post-render customization optns.
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for genome diagnostics, we set up an automated validatioocedure.
These validations can be quickly run as many times as needethéck
performance and expected output of pipelines whenever tinegergo
any change or update. This allows e cient testing and uptaké new
methods for clinical use, which should increase diagnogttd.

Estimation of false omission

First we investigate how many of the pathogenic variantsttihee want
to nd are actually detected. A missed detection, or false i@sion, is
the most worrisome type of error for molecular geneticistedaother
experts because a diagnosis cannot be established.

Public benchmark data

We performed a false omission rate (FOR) analysis on the GAVIN
terpretation tool (version 1.0) using known pathogenic \aaris. First,
we calculated gene-speci c FOR on the GAVIN[345] benchmagk s
a comprehensive gold-standard consisting of 8,087 uniqu&geenic
variants from various sources (VariBench, ClinVar, MutatiTaster and
UMCG clinic), in 1,113 genes. In total we detected 7,598 of the83,0
(94%) pathogenic variants. For 889 (out of 1,113) genes weonared
all their variants, meaning these genes have a FOR of 0%.

In-house patient variant list

As an additional analysis, we exported the most recent colhed in-
house list of interpreted variants from our current clinicdiagnostic
interpretation software. In this list there were 980 uniquariants clas-
si ed as Pathogenic or Likely pathogenic. We recall 936 oésk 980
variants, or 95.5%, consistent with the previous result. $égure 7.4
for an overview of false omission counts per gene.

In-house patient cases
Lastly, we gathered diagnostic results of 31 patients foromhwhole
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Figure 7.4: Counts of GAVIN+ false omission on known pathogenic benchmkavariants. Shown are 1,048
(out of 1,113) genes with known inheritance modes from the i@Glcal Genomics Database.
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genome or whole exome sequencing was performed to nd theemol
ular cause of their diseases. These include 21 adults fromatinic
(2x pulmonary arterial hypertension, 2x familial cancek, familial hy-
percholesterolemia, 2x epilepsy, 2x dystonia, 2x epidéysi® bullosa,
10x cardiomyopathy) and 10 critically ill newborns and infa from
our rapid genome sequencing program[348]. Executing oagmidstic
implementation of the framework resulted in a small numbdrhits
that was checked by molecular geneticists. In the adult patse we
retrieved the causal pathogenic variant in 18 of 21 casesr the 10
newborns, we found the correct mutation in all 10 cases. Iratpive
recalled 28 out of 31 variants, or 90%. The variants that wenessed
can be found in Table 7.3.

Estimation of false discovery

To gain con dence in our method to predict a variant to be pathenic
for a patient, we estimated how often it would return falsetsiin
genomes of healthy individuals. A hit here means a potelytjgdthogenic
variant under an acting genotype, e.g. heterozygous for a ohamt dis-
order or homozygous for a recessive disorder. A very low en eero
number of positive hits in healthy individuals would incseghe chance
that a hit found in a patient is indeed causal for disease.

Public reference genomes

To estimate the gene-speci c false discovery rate (FDR) bktinter-
pretation pipeline, we used 2,504 healthy individuals whaemehole-
genome sequenced in the 1000 Genomes Project[18]. In towlused
38,097,906 non-intergenic variants observed across chromes 1-22,
X, Y, and MT. Per gene, we counted how many unique samples @oul
have one or more variants detected as potentially pathogenThis
may happen in aected status, meaning that the genotype miss
the known inheritance mode of a clinical gene, or if the saenphs a
homozygous genotype. For carrier status, the sample is flogtggous,
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Gene Variant Expert opinion Reason missed Gene

FOR
bench-
mark

TTN ©.68225-1G-C  Likely

(splice pathogenic
acceptor-site
variant)

NPC1 c.3011CT Pathogenic

(protein change
p.Serl004Leu)

LDLR ¢.-135CG G (5 Pathogenic
UTR promoter
variant)

Variant CADD score of 24.3 is less 51/ 43
than 26.93 in a gene for which CADD [/ 15.7%
scores are informative

Variant MAF of 9.39E-4 is greater than3 / 3 /
4.36E-4 0.0%

Variant CADD score of 12.88 is less 43/ 41
than 16.13 in a gene for which CADD / 4.7%
scores are informative

Table 7.3: Variants that were missed by the GAVIN+ interpretation toal In two instances, CADD scores
were in the benign range and in one case the MAF was just too higp be considered pathogenic. The
gene FOR benchmark column shows the false omission test isfor the corresponding gene as number of
variants expected, number recalled and percentage missé&d/(R / M%).
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which cannot occur for dominant acting genes. When appliedttie
GAVIN+ interpretation tool (version 1.0) described above, wed a

mean a ected fraction of 0.26% with a median of 0%, and a mean

carrier fraction is 1.85% with a median of 0.72%. For an ovemwief
gene-speci ¢ false discovery rates, see Figure 7.5.

In-house patient variant list

We also performed an additional assessment on an in-howsseofi
variants classi ed by experts (for details, see Methods dwdterials).
These variants were rare enough for careful assessmentrbgallgeneti-
cists as candidates for potential disease-causing e eais Wwere found
to be plausibly harmless. Of the 9,145 variants classi ed aign or
likely benign, the tool reports 336 hits, resulting in a falpositive rate
of 3.7%.

7.3 Discussion

We have reported our development a conceptual frameworkstanc-
tured, automated interpretation of variants with intercihngeable com-
ponents loosely connected by the VCF format. In addition, weated
a rst implementation of the framework building on the exisgy open
source MOLGENIS software. We integrated existing commaraitools
as well as a number of new software tools for annotation, gsial and
Itering into an executable pipeline for genome diagnosticThe newly
proposed rVCF extension provides an interoperability lsie and,
importantly, adds the previously missing link by includiijormation
that explains why variants were part of the analysis resulRurther-
more, all rVCF les can be loaded into a web database that gates
a report for researchers that provides an overview of dilycrelevant
ndings for medical use. The content of the reports can be @sted
using option menus, or fully customized by programmers gsantem-
plate system. By default, the reports rank variants from rhoslevant
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CHAPTER 7. BIOINF. FRAMEWORK FOR GENOME ANALYSIS

to least relevant.

We have proven our approach with a functional result, but bot
the framework and its implementation have sparked many gldar
further improvement. Below we discuss the framework itselfaluate
the implementation results and nally provide directionrftuture work.

7.3.1 Framework considerations
Tool interoperability

The framework de nes how tools and data ful Il speci c rolesithin
the context of genome interpretation. However, it does nqesify if
and how the output of one tool can be connected to the expedtgulits
of another. While some output elds are standardized to a deg, such
as SnpE 's 'ANN' eld, others are custom or even ambiguous. For
example, an 'AF' eld probably refers to allele frequency,tliloes not
make explicit from which population reference this freqagns taken.
An internationally recognized and maintained list of anatibn elds
might solve this ambiguity, but this agreement needs supgmm the
entire community and requires software changes in mostteggools.
A subtler but easier to achieve strategy would be to use anotogy
of genomic annotations to which user can map their softwardput
elds. To use a familiar reference point, Sequence Ontol8§y could
be extended with genomic annotations, organized in categmisuch
as 'computational predictions' and ‘population allele frezpcies'. In
this way, di erent output annotations could point towards aommon
reference and software implementations could migrate diee without
breaking backwards compatibility.

Report VCF format

rVCF speci cation was de ned to capture the relation of any@notype
to any variant including the context in which this assoct@ii was es-
tablished. The information included in rVCF was based omichlly
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relevant information such as disease phenotype and intwecie, af-
fected individuals, their genotypes, and the reason whys thiariant
was selected. The data captured in this format can be useddoeyate
genomic reports. We believe the speci cation can be easdypmed
by other genomic use-cases such as genome-wide assocgttioies
(GWAS), quantitative trait loci (QTL) studies, linkage stlies or epi-
genetic studies. Examples of values for domains other thanogne
diagnostics, such as model organisms or statistical asdimeis, are
shown in Table 7.1. While the format should be able to accommauted
all these applications, additional elds may need to be irmorated to
capture important information. We are curious to nd out whdhese
extra requirements are, and we cordially invite the comntyito adopt,

standardize, provide feedback about and improve upon thentd.

7.3.2 Implementation enhancements
Detailed validation output

The validation tools presented produce false positives &alde nega-
tives percentages either overall or per gene. However, doiss not
provide insight into the exact di erences between the olddaa new
pipeline or the types of errors made. To gain more insightglstools
should create a report of their own that compares the errofstloe

previous pipeline version with the current version. Infotima such as
'there is a 14% increase in false negative splice variantseb@0% de-
crease in false positive missense variants' can be veryfuidgr further

improvements or a second tier test to mitigate a particulaaw.

False discovery analysis

The GAVIN+ tool was also applied to 2,504 healthy genomes toi-est
mate the rate of false discovery, i.e. to give an indicatiorhofv many
falsely accused variants can be expected for each gene {geesF.5).
However, since the 1000 Genomes data is based on low-caverag
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guencing, it is unclear whether the false positives we foanel caused
by aws in our method or by false genotypes present in the dataus,

the resulting plot might re ect sequencing bias or genotypalling er-
rors instead of the actual limitations of our method. To malkkese
estimates more comparable and representative of the datedum a
diagnostic sequencing, we need high-coverage whole-gemtata from
many thousands of healthy individuals from all ethnic baakgds.
With the current data, causal variants might be dismissecc@ese of
undeservedly high false discovery estimates of the geneg #re in.
Another approach that could be used is to use population gees as
a background from which we may calculate diagnostic siganceP

values for individual patient genomes[365].

Phenotype-matched reports

The framework implementation we have presented uses onhoggc
information to generate a patient or research report. Of cse, the
clinical features of the sample o er vital clues as to whiclerg is
likely responsible for the disease. It would therefore madwess to in-
clude phenotype-based gene lItering or prioritization the report. To
make this possible, associations of Human Phenotype Ogipl¢iPO)
terms[292] to their known disease genes could be integrated the
system. Users can enter HPO terms that match the phenotypbs o
served in a patient to shorten their list of candidate genes.

7.3.3 Increasing diagnostic yield
Reducing false positives

False positives in the context of genome diagnostics areress vari-
ants that are mistaken for pathogenic. Predicting many s as
pathogenic translates to a high workload for human experto must
manually investigate variants before communicating theuks to the
patient. To decrease the number of false positives, we cao ake spe-
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ci ¢ populations like those provided within EXAC and 1000r®enes in-
stead of population-wide allele frequency thresholds. idats that may
be relatively common in one sub-population but not presemtihers
could be Itered out, having low overall MAFs but would logity be
considered harmless. However, with fewer individuals usebcertain
the frequency of a variant within a speci ¢ population, theotential
bias introduced by randomly including non-representatbeenples also
increases. This can be addressed by calculating con dentavals for
allele frequencies, and using those in practice insteachefdirect allele
frequency values.

In addition, population reference databases such as ExXACQ oa&
only allele counts but also counts of observed homozygoulseaterozy-
gous genotypes. For recessive disease genes, the numbdsefved
homozygous genotypes may be more informative than alleguency,
as the variant may be carried within the population withouaghogenic
e ect.

Lastly, another improvement that could reduce the numberfaike
positives is checking for variants or sequencing artifgweviously clas-
sied as benign in ClinVar or other sources such as in-houséaat
lists.

Reducing false negatives

False negatives in the context of genome diagnostics aréh@genic
variants that are not detected, a type of error that must bersagly
avoided. The number of false negatives could be reduced hbi-ibu
consideration of pathogenic founder mutations. These candommon
enough for a MAF cuto lter to accidentally remove them befe inter-
pretation. Reporting these variants in international orcll databases
for use as an interpretation safety net, which is already atianal
input for the GAVIN+ interpretation tool, would resolve thigssue to
a degree. UMCG genome diagnostics uses an in-house listetatifygl
such variants, but an internationally shared and curatest livould be
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an improvement.

While it is unfortunate that some variants can be missed,jmsiting
miss rates does provide am priori measure of the di culty of nding
pathogenic variants in their respective genes. Variantgyenes with
high estimated miss rates can be double checked when pasgntp-
toms point toward these genes as likely candidates. Thisvkiedge
turns unknown unknownsnto known unknownsempowering the inter-
pretation process and shedding light on potential uncentass.

Using structural variation

This study was focused on processing single-nucleotidiantr (SNVS)
and small indels, but the structural variation (SV) outpuf tools such
as Manta[55] and Delly[281] would also be an important adfit to

automated interpretation framework. The regions indicdtéo be dele-
tions, insertions, duplications, inversions or translteas may be com-
plemented with any SNVs and small indels called by convesatigariant
callers to increase overall diagnostic yield or to obtain arencomplete
genomic picture for research projects.

7.4 Conclusion

We have developed and evaluated a framework for structustebwise
downstream variant analysis. The aim was a structure thak$ the
di erent tools and data in this process to enable exchangeise and
improvement of components of equal scope across instituids novel
rVCF intermediate format allows standardized represeittatof analy-
sis results, and these can be used to quickly create patiermesearch
reports. We expect that this modular structure will also neak easier
to integrate the additional omics technologies that will @o support
next-generation sequencing, such as allele speci ¢ exwesand splic-
ing e ects from RNA-sequencing expression, epigenetic kees and
metabolomics.

182



7.5. METHODS AND MATERIALS

Geneticists have already adopted and learned to rely on-pesttice
pipelines for NGS variant- and genotype-calling, partlychese these
tools have matured by the e orts and support of the communibyut
primarily because there is too much raw data to assess by h&iden
the ever-growing numbers of whole-genome patient sequemeemust
extend this mentality further downstream towards analysisd inter-
pretation. To deal with false positives and negatives morecgvely,
our approach includes automated validation and error estilon tools
applied to large benchmark sets to assess the quality an@lfstof such
a pipeline. We have shown that our diagnostic framework iempénta-
tion combines and automates the latest knowledge, tools anaktices
to reduce the time and e ort spent on easily resolvable patieases, a
times savings that will provide human experts with the timeey need
to solve puzzling cases that will further extend our knovgef human
genetics.

7.5 Methods and Materials

7.5.1 MOLGENIS annotation tool

We developed MOLGENIS CmdlineAnnotator as an extensibleotin
tion framework that works seamlessly in both web and comniared
environments. It has some smart features to maximize the rhavé
input variants (patient) to resource data (context) such aopulation
references. As an example we can consider the case wherenth@ a
tation resource has a varianAGG > A, ATGG to denote both the
deletion of GG and the insertion ofT and our input VCF le has a
A > AT variant at the same location. Though this variant is preseémt
the resource, it would likely be missed because the notaitodi erent.
The CmdlineAnnotator matches this variant by removing betmem-
bering GG from AGG to match the input A. The input alternative
allele AT would subsequently be post xed witibG to form ATGG,
which matches against the resource successfully. Thegatdhiut rele-
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vant di erences can be responsible for misinterpretatiaridg analysis.
CmdlineAnnotator version 1.21.1 source code and release \adable
at https://github.com/molgenis/molgenis/releases/t

ag/vl.21.1

7.5.2 Population reference for false discovery analysis

We downloaded the 1000 Genomes Project phase 3[18] releate d
from ftp://ftp.1000genomes.ebi.ac.uk/voll/ftp/rele

ase/20130502/ . We annotated genes using SnpE version 4.2 with
these settings: hgl9 -noStats -noLog -lof -canon -no-igemic -ud

0. Allele frequencies of Genome of the Netherlands[244as? 5 and
ExXAC[196] release 0.3, and CADD scores[185] version 1.3 were a
notated using MOLGENIS CmdlineAnnotator v1.21.1. All VCF FOR-
MAT elds except genotype (GT) were removed from chromosome
X and Y to harmonize the data with chromosomes 1-22. Also, the
genotyped samples for chromosomes Y and MT are dierent from
those in chromosomes 1-22. We wrote a simple tool (SampleFix
For1000GchrYandMT.java) to harmonize the samples for Y and,M
available athttps://github.com/molgenis/gavin-plus . These
xes now allow all data to be merged by stripping the headerda
concatenating the les in the order 1-22, X, Y and MT. The head
from chromosome 1 was added to the merged le with a few INFO
lines added that were speci ¢ for other chromosomes: LEN,PEYand
OLD_VARIANT from chromosome X, and VT from chromosome MT.
The resulting le was compressed to 8.4G with bgzip and indexs-
ing tabix -p vcf. It contains 38,097,906 non-intergenic vatsrand
95,397,156,624 genotypes. The le is availabletdtp://molgeni
s.org/downloads/gavin/
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7.5.3 Pathogenic variants for false omission analysis

We used the GAVIN[345] variant classi cation benchmark seaidable
at https://github.com/molgenis/gavin . This set comprises

25,995 variants from which we select 8,087 pathogenic vasgaatter !
Itering duplicate genomic positions. We annotated thesariants with 5
SnpE 4.2, EXAC r0.3, CADD 1.3 and GoNL r5 using MOLGENIS
1.21.1 CmdlineAnnotator. A heterozygous genotype was adaeeééch 3
variant to enable running of the GAVIN+ automated interpretan tool.
This dataset is available for download attp://molgenis.org/ 4
downloads/gavin/

We also used a list of variants interpreted by molecular atidical 5
geneticists at the University Medical Center Groningen ading to
Dutch medical center guidelines[242]. More details on thieipretation 6

criteria are provided in Van der Veldet al[345]. This list contained
980 likely pathogenic or pathogenic variants and 9,145 berog likely
benign variants after Itering for duplicate genomic posihs. These
variants were annotated and processed as above, and acoeggese 8
data can be requested.

7.5.4 GAVIN+ interpretation tool

We developed the GAVIN+ tool to automate sample genome interp
tation. In a stepwise process, interesting variants are elé (based on
hits from GAVIN[345], ClinVar[191], or a user-supplied ligtvariants),
followed by a MAF Iter, match of genotype to gene inheritamenode,
checks for compound heterozygosity and the use of trio or dample
genotype phasing and de novo variant nding. GAVIN+ suppontsilti-
ple alleles per variant that may be present in multiple oapding gene
annotations. It is implemented in Java 1.8 t{ps://www.java.c

om) as free open source software https://github.com/molge
nis/gavin-plus . A comprehensive TestNChftp://testng.o

rg ) test suite ensures correctness and allows further devakem with
a limited chance of introducing bugs. Dependencies are rgadaby
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Apache Maven [fttps://maven.apache.org/ ). A precompiled,
command line runnable version of the tool can be downloadetta
p://molgenis.org/downloads/gavin/ . A demo and manual

are available, as are the bundled resources needed to rutottie Clin-
Var (any variant matching 'pathogenic' from combined TSV aMCF
representations of 11 oct. 2016, 1.5 MB), CGD (version 11 02016,
380 kB), FDR (version 1.0, 946 kB) and GAVIN calibrations (r0331
kB). The implementation insures high performance by usingr@aming
architecture with as little in-memory bu ering as necesgand as much
output as possible immediately written to disk. This resuih speeds
of millions of genotypes per second. GAVIN+ can analyze 30@leh
exomes in 2 minutes or the full 1000G FDR analysis (95,397,156,6
genotypes) in 2 hours on commodity hardware.

7.5.5 Running false omission analysis

We ran the GAVIN+ tool in a rst pass (using -m CREATEFILEFOR-
CADD) to get a list of 34 indel variants that are not yet scorday
CADD. These variants were then scored by a local CADD 1.3 which
was installed o ine following the instructions ahttp://cadd.gs.
washington.edu/download . After scoring, GAVIN+ was run for
a second and nal pass using arguments: -i GAVHOR benchmark-
goldstandardnodupgonl.vcf -g bundlerl.0/GAVIN_calibrationsr0.3.tsv
-c bundlerl.0/clinvar.patho. x.110ct2016.vcf.gz -d bundlel.0/CGD_-
11oct2016.txt.gz -a fromCadd.tsv -f bundid..0/FDR_allGeneg1.0.tsv
-m ANALYSIS -0 RVCEGAVIN.FOR benchmarkgoldstandardnodup -
gonlLrl.0.vcf. This was followed by a simple tool (FOR.java, avaliadt
https://github.com/molgenis/gavin-plus ) to report the
false omission rate using original VCF and the rVCF le prodd by the
GAVIN+ tool. For each gene, we counted the number of pathogeni
variants in the original VCF that we expect to recover. Weidar this
number by the observed number of variants in the rVCF as a ediss
fraction for each gene to estimate how well GAVIN+ detectioronks
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for that gene. All les and results are available http://molgeni
s.org/downloads/gavin/

7.5.6 Running false discovery analysis 1
We ran the GAVIN+ tool in a rst pass on the 1000G population eef 2
ence set and got 1,136,050 variants that were not yet scored ApD.

The local CADD 1.3 tool scored 1,110,509 (97.75%) of these, megni 3
that 25,541 of 38,097,906 total variants (0.067%) remained woied.

This allowed GAVIN+ to be run in a second and nal pass (using -m 4
ANALYSIS) of the data, resulting in an rVCF le with 381,482 se-

lected variants. To obtain false discovery rate estimatege wrote 5
FDR.java, a simple tool that assumes that the hits in the rvVCle

are false. These hits are counted per gene as the number of sam 6

ples that would have at least one matching genotype under ofie
two inheritance modes. A sample is counted as aected whee th
match is homozygous or compound heterozygous or heterazygo

a known dominant disease causing gene, and counted as cavtien 8
heterozygous in either a recessive disease causing gene umkanown

gene. A check on phasing may revert compound heterozygosek b

to carrier heterozygous multihit status. The FDR tool outjsua list of

19,230 genes, each with four columns: a ected count, cardeunt, af-

fected fraction (a .count/2504) and carrier fraction (carcount/2504).

Among these 19,230 genes, we nd 8,399 with one or more a ected

samples, 17,878 with one or more carriers, and an overlap o#7,0

genes (17878+(8399-7047)=19230). This list is further pressed to

include all 26,023 SnpE gene names present in the originalFvGr

which no aected or carrier status was detected. This was doby

rst extracting all gene names using GetAllGeneNamesFr@mjava,

followed by using CombineFDRwithAllGenes.java to get thal irDR

result le with 26,044 genes. Note that 21 mitochondrial geneere

present in the rVCF le due to ClinVar hits, but these were nahno-

tated by SnpE in the original VCF le, hence the nal resultnicludes
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slightly more genes. All result les and intermediates anea#able at
http://molgenis.org/downloads/gavin/

7.5.7 Visualizing FOR and FDR analysis results

We wrote a small R script (FDBplot.R) that uses the FDR result le
with 26,044 genes as well as gene annotations from ClinicaloBecs
Database[319] (le date: August 31, 2016) to plot the obsed af-
fected versus carrier fractions. After merging with CGD wild plot
3,232 of these genes with known inheritance modes. The cohat a
shape of the points is dependent on the inheritance modelescare
base 10 logarithmic. Zero values were replaced with 1le-4litmaloga-
rithmic scale. Some genes appear in unexpected plot looatibut can
be logically explained. For instance, CSF2RA appears inrdoessive
band while being on chromosome X but it is located in the X-BAR-
gion. Conversely, TENM1 appears in the XNKED band with a blue
icon because it has a mistakenly RECESSIVE annotation. Féy thre
plotted CGD genes, we nd a mean a ected fraction of 1.51% with
median of 0.08% and a mean carrier fraction of 1.43% with a madia
of 0.20%. Another R script (FOBblot.R) visualizes the FOR result le
with 1,113 genes. After merging with CGD we can plot 1,048 ofghe
genes with known inheritance modes. Again the color and shafthe
points is dependent on the inheritance mode. All scripts aaduired
les are available ahttps://github.com/molgenis/gavin-p

lus .

7.5.8 MOLGENIS reporting tool

To store and visualize the rVCF les produced, we used a mediver-
sion of MOLGENIS 1.21.2[328]. Users can simply import rVCF les
via the standard Data Importer, which can then be viewed in Data
Explorer. To create the custom reports, we used the FreeMariem-
plate engine littp://freemarker.org ). The templates should be
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placed in the molgenis/molgenis-app/src/main/resourcesmplates/ folder,
and adhere to this naming scheme: view[reporthame]ergigport.ftl.
For instance, a PatientReport should be named viewPatieiBrt-

entitiesreport.fil. The templates are then added as an adutial tab 1
for a dataset by clicking the Con gure button, and in the Rep®
box de ne this link using [reporthame]:[datasethame]. Farsiance, 2
we connect the PatientReport to an rVCF named Cardio usingdia-
PatientReport. Multiple links can be separated using consyne.g. My- 3
ResearchExomes:GeneReport,Dystonia:PatientReport, CtdientReport.
The used MOLGENIS and created templates are availablattd:/ 4
/github.com/joerivandervelde/molgenis
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CHAPTER 8. DISCUSSION AND PERSPECTIVES

Abstract

The enormous wealth of data generated in the life sciencesgnts us
with incredible opportunities to improve medical genetibsit also with

an equally big bioinformatics challenge to ful Il this prdse. The scope
and complexity of this challenge is exacerbated by the iasheg speed
at which new methods, tools and data sets become availablessca
wide range of disciplines ranging from statistics to comguscience
and from model organisms to clinical validation. In this tied con-

tributed a number of bioinformatics models, methods, anderated

systems thereof as infrastructure to enable rapid translatof these
new resources into medical applications.

Introduction

In this thesis | rst developed new data management and preoas
models in chapter 2 and implemented these to store, integrand
visualize model organism data in chapter 3. By connectingnan
disease phenotypes to model organisms, | showed that thjgagch
can be used to discover new disease leads in chapter 4.

| then investigated how existing methods for computatioresti-
mation of variant deleteriousness can be used to predicthpaenicity
classi cation with high precision and recall in chapter 5. ¢hapter 6
| generalized this method to thousands of genes, and mosaeneti-
cists can now use an integrated online system to classifygmatDNA
variants in the context of large reference data.

While new methods and data become available at ever incngasi
speeds, their implementation in clinical practice lags inehbecause
of the time needed to validate and implement them into cliaig@rac-
tice. To implement and validate new analysis protocols dipiand
e ciently in research and clinical practice, we need a stmalined auto-
mated pipeline for data processing, decision making, angoréng of
results. | therefore developed a software system for strieed variant
interpretation, currently adopted in routine diagnostichat combines
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new methods and models with existing tools and knowledgedases
in chapter 7.

In this chapter | will consider the meaning and implicatiorfstioe
work presented in this thesis and look to the future potemténd on-
coming challenges of the eld. | rst discuss in section 8.lthuccesses
and challenges of exible models to capture, integrate (8)1 share and
reuse life science data (8.1.2). | address how more peoplaldoenhe t
from these innovations (8.1.3), and if perhaps smarter teclogies are
needed to get more value from complex data (8.1.4).

Second, | consider the challenges of method developmenthich
data plays a critical role in section 8.2. The importance otalguan-
tity and quality is exemplied (8.2.1), as well as pitfalls in ethod
benchmarking (8.2.2). | highlight future ways to overcome dulties
in nding (8.2.3) and running appropriate methods (8.2.4).

Finally, 1 examine how to better implement complex systerns f
application to medical genetics in section 8.3. Crucial agpesuch
as sharing of work ows (8.3.1) and community expertise (8.3.2ea
discussed, and | suggest future work on multi-omics anal{®i3.3) and
semantic protocols (8.3.4). For each of the sections | will soanize
key question and key points.

8.1 Flexible models for life science omics

data
Life science data can be stored, managed and queried in aitmdét of
di erent ways, each with their own advantages and drawbacks this

section, | discuss various models and aspects involved mfraating
the life science data challenge.
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Key question and points of this section

How should data models be designed to integrate, reuse aadestiata
from life science experiments in order to extract knowletigg bene ts
medical genetics?

Key points

We have researched and evaluated di erent data integra-
tion models that make genotype-phenotype analyses more
contextual and insightful (8.1.1).

Some applications demand greater data model exibility,
but the loss of prede ned data classes presents new issues
(8.1.2).

Ontologies can be used to give explicit meaning back to
the data, allowing methods and tools to again perform
cross-set analyses (8.1.2).

Managing growing quantities of life science data in spread-
sheets and at les is problematic, therefore more should
be done to increase uptake of better alternatives (8.1.3).

Data is being shared, but without smart storage algo-
rithms it remains di cult and time consuming to ask even
basic questions (8.1.4).

8.1.1 Integration of heterogeneous omics data

Methodological (re)use of all available life science dasadi cult.

Making data suitable for reuse requires structured storagi¢h suf-
cient metadata to allow retrieval and interpretation, wbh is trou-
blesome and time consuming to achieve. In addition, variots-s
age paradigms are needed to complement traditional datalsabe-
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cause data volumes are large and database structures oftanptex
and highly heterogeneous[329], which limits interopeligbiand inte-
grateability of these data. Data covers a wide variety of pbhgpic
measurements including age, gender and height; answeengdivques-
tionnaires; detailed clinical observations; and largaleenolecular mea-
surements such as DNA sequencing, gene expression, metaid and
proteomics. Moreover, these data may be collected from msuyjects,
at di erent timepoints, from multiple tissues, using a vars wet and
dry laboratory protocols. Finally, rapid development ofweéro ling
techniques and analysis methods requires data infrastmecto rapidly
change to accommodate.

The eXtensible Genotype and Phenotype model

We investigated how data models and supporting softwaretesys
should be (re)designed to accommodate this heterogeneityl &0 be
e ective in handling these data. The rst result was the XGA®&ata
model developed to capture a variety of life science datat tisade-
scribed in chapter 2 and summarized in Box 1.
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Box 1: Brief explanation of the XGAP data model

The innovative XGAP model facilitates integration of a wide
range of data sources into one conceptual framework by en-
abling researchers to de ne observations as any combimatib
subjects (the thing being observed) and trait (the measumb
quality). As a result, data can be exibly stored, eliminag
the need to de ne the exact storage requirements for exper-
imental data, which is impossible beforehand and moot after
project completion. For example, de nitions of conceptscsu
as 'Gene', 'Marker', 'Individual' or 'Metabolite' remain constant
but they can be used to create any dataset while the applmati
is running. Then gene expression data can be de ned as 'Gene'
'Individual' with a numeric value at each combination and a
genotype map as '‘Marker' ‘Individual' with categorical values,
e.g. 'AA, 'CC', 'AC'. After QTL analysis, the result then can
be de ned as 'Gene' 'Marker' where each value indicates the
statistical strength of the association between gene ezpien
and genotype.

XGAP's exibility is a sharp contrast to traditional appli¢gens built
on relational databases that need to be taken o ine for redgs when
a new data modality comes in. A life science database can new b
created when a research project starts and experimental sugaments
plus contextual data from external providers, e.g. gene aations or
pathway de nitions, added naturally as the project progses.

We implemented XGAP into the MOLGENIS[328] software toolkit
that generates database software infrastructure from datedel and
user interface speci cations. By combining the MOLGENIS teafe
and XGAP datamodel as a foundation, we now can implement gene
life science databases that can handle almost any omics/@ata. We
published this system as xQTL workbench in chapter 3. Thistemn
can handle any genotype-to-phenotype experiments and aanded as
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a template to create data portals for speci c research are¥#e demon-
strated the added value of XQTL rst irC. elegangesearch[315], then
added a translation from model organism to human diseaseetes.
The resulting WormQTHP database[346] is described in chapter 4. Its
built-in visualization tools can be used to nd clues for tmeolecular
workings of human disease in almost 100 online-accessHiiesets.

When even more exibility is needed

The XGAP model's power comes from its fty- fty balance betwe

static data structure (the underlying structure does notarge when
new data is loaded) and dynamic modeling (the structure candasily
extended and adapted and depends on the genes and phenoiyples

experimental data). The static structure acts as a stablentgate that

enables development of new software tools that then will kvon all

data loaded because the tools know what data structure to eotp At

the same time new data modalities can be rapidly accommodaising
the exible structure.

However, there are drawbacks to using (partially) statictalatruc-
tures. It requires users to familiarize themselves with aadeiodel, and
limits the attributes that can be used to express informatiavhile si-
multaneously burdening the user with often unnecessaryilattes. An
attribute is a property of the object type being described.n Abject
of the type ‘car’, for instance, can have the attributes 'brandmodel’,
‘color’, and 'year of construction'. Pre-de ning the attribute for data
in life sciences can be very convenient for some uses, ftarios if they
want to automatically connecting genomic data to a genomewser.

Nevertheless, we found that more exibility is better in senother
cases. Therefore, when we developed MOLGENIS 2.0, we crelted t
even more exible EMX (entity model extensible) storage nebd In
MOLGENIS 2.0, the user uploading the data has full control oaér
aspects of the data model, meaning that tabular data can bendd
at column and data type level, as well as cross-linked in aay.\irhis
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allows use of XGAP or other data models if desired.

Together with collaborators, we evaluated the models in mather
online databases for various domains within life sciemtjedfigure 8.1
shows the two main paths in evolution (XGAP and EMX data mang)
and a selection of currently active software applicatiorighese appli-
cations are powered by the MOLGENIS platform which allowsilbde
generation and con guration of database application.

8.1.2 Making omics data reusable across systems

The most recent versions of MOLGENIS allow the user to de nelan
import any data structure. This is highly appreciated by useas it
provides complete freedom to upload whatever data they. likéOL-
GENIS uses a simple tabular format that contains both the dételf
and its meta-data describing the exible attributes withrsingly-typed
values. After import, data set columns can be added, deletedede-
ned if needed. Data values can cross-reference to otheradats or
rows within datasets to create a complex ad hoc data modelers<an
thus create a database perfectly tailored to their storageeds that can
be re-tailored whenever those needs change. The learnirestiold of
creating and managing such a database is low, and it encaesgmeople
to upload and connect any data they nd relevant. Howeverchase
the semantics of the data are now no longer explicit, thisgmets a
new challenge.

Need standard model building blocks

While it is now much easier to bring data together into one MGENIS
system, the cost of this freedom is the loss the explicit magrof the
data, as compared to XGAP. This greatly limits data re-usechese
data cannot be easily integrated with other datasets and lstei tools
cannot be used. In other words, for data to be reusable its saina
must be clear so humans as well as software can understandkaoad
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MOLGENIS software
Swertz et al, Nat. Rev. Gen.
(2007) and BMC Bioinf. (2010)
http://Awww.molgenis.org

X

XGAP model
Swertz et al,

Genome Biology (2010)
http://www.xgap.org

XQTL workbench
Arends & van der Velde et al,
Bioinformatics (2012)
http://www.molgenis.org/xqtl

Observ-OM model
Adamusiak et al,

Human Mutation (2012)
http://www.observ-om.org

MOLGENIS 2.0 +
EMX model
publication planned
http:/molgenis.qithub.io

GAVIN app

Van der Velde et al,

Genome Biology (2017)
http://www.molgenis.org/gavin

WormQTL

Snoek & van der Velde et al,
Nucleic Acids Research (2013)
http://www.wormaqtl.org

WormQTLHP

Van der Velde & de Haanet al,
Nucleic Acids Research (2014)
http://www.wormatl-hd.org

Chr. 6 questionnaire
van Ravenswaaij et al.

Chr. 6 Project group (2015)
https://www.chromosome6.org

NIPTRIC
Sikkema-Raddatz et al,
Scientific Reports (2016)
http://niptric.eu

LifeLines catalogue
Lifelines Research Office
Lifelines Databeheer B.V. (2013)
https://catalogue.lifelines.nl

CHARGE database
Janssen et al,

Human Mutation (2012)
http://chd7.org

5GPM analysis
Van Diemen et al,
Pediatrics (2017)

http://www.molgenis.org/5gpm

x

DEB central

Van den Akker et al,

» Human Mutation (2011)

http://www.deb-central.or

PALGA database
PALGA Openbare Databank
Stichting PALGA (2014)
http://www.palga.nl

A.S.E. browser
Deelen et al,

Genome Medicine (2015)
http://www.molgenis.org/ase

MVID registry
Van der Velde et al,
Human Mutation (2013)
http://mvid-central.org

... and more

Figure 8.1: The MOLGENIS family of software, data models and applica-
tions. The core software and models (top left corner) form # basis for a
variety of applications, with those in green boxes directhuilt from the XGAP
data model. The types of applications are indicated with aa for research
portals, b for patient registries,g for diagnostics support, andd for biobank
catalogues. Blue text indicates a peer-reviewed publishadicle.
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what to do with it. Users A and B may both upload a set named
'‘Genes', but the system does understand whether these agtualler
to the same concept. The same problem applies to any attrédsuvithin
these data sets. Perhaps they both have a 'Position' columuat bne
may be measured in centimorgan and the other in base pairsenEv
if the units are the same there may be crucial contextual deaces,
for example base pair positions that are derived from digrgenome
builds. This uncertainty makes it impossible to reuse toatsl methods
because certain necessary attributes cannot be automégicannected.

To deal with this issue, the latest MOLGENIS versions use smal
data models to enable implementation of standard analysistqrols
without limiting the exibility of the system. Some data haa very
predictable and often reoccurring structure. A good exaejs the
‘genomic location' tied to variants and other features of tlENA. The
attributes of these genomic locations are usually chrommepposition,
genome build, reference and alternative base, which ar@matically
mapped to a micro-model and understood by the system so tloatid
such as the genome browser can immediately visualize tha.dat

Use of ontologies

The micro-model solution is an e cient way to deal with highlpre-
dictable data. However, most exible data will still not benderstood
by the system and therefore not easily connected, integilad@d ana-
lyzed. Note that the di erence between a data model and an @iogy
is subtle but signi cant, and therefore we clarify this in B@.
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Box 2: Di erence between data model and ontology

Ontologies can be thought of as dictionaries that de ne tesm

with the special addition that terms can be related to eactmet. 1
Data models can be thought of as oor plans that o er explicit

structure, while the de nitions of the concepts used are ilaji. 2
For example, a oor plan could specify how a living room is

connected to the other rooms and show the arrangement of the 3
furniture, whereas an ontology would de ne the concepts of a

living room and elaborate on known types of furniture. Peopl 4
who used di erent building plans to construct their houserca

use the ontology to refer to their now shared understandirig o 5

a living room, and nd out if they both have a couch in it.

To overcome this problem, we enable users to annotate or ‘thgir
free-form data with additional meta-information that exghs what the 7
data means. The database must contain concepts such as 'Fwosit
measured as 'Integers' on reference build 'GRCh37' for 'Homadeseg).
These concepts can then be mapped on the sets, rows and cdwhn
data sets imported. Tools use these tags to understand theanneg of
the data, which ensures that queries and tools can be reussdiden
heterogeneous datasets.

The meta-data used to annotate data with meaning are caltad
tologies which are common dictionaries of agreed-upon, well-delne
terms and their relationships. Building an ontology thrdugmput from
an international community of domain experts ensures a stgpoint
of reference for the clear communication of meaning. Anrivig data
with ontologies o ers many advantages in terms of conneityivand
reasoning, but requires a signi cant investment of expertime. To
drastically lower this burden, we have developed stratedm auto-
mated matching of terms to ontologies[255] and for smart roling
values to coding systems[256]. The resulting systems all@ers to
harmonize data items and values in a fraction of the time ituke nor-
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mally cost, thereby enabling pooled data analysis for higstatistical
signi cance. The MOLGENIS online data platform can assiserssto
quickly interconnect their data via semantic annotatiobfa.

Ontologies for medical genetics

Structured ontologies also provide computational advagga. Ontolo-
gies may be expressed as graphs of connected terms, typiaatlee-
shaped hierarchies where a broad root term branches outrimboe spe-
ci c terms. Famous ontologies used in medical geneticstdel ICTH
and SNOMED-CF for diseases, and Gene Ontology[16] to describe
genes.

The Human Phenotype Ontology[292] (HPO), shown in Figure,8.2
is an ontology of particular usefulness. HPO terms are belogran
integral component of clinical work in many medical centdreluding
the UMCG[348], where they are used to convey patient sympdm
the decision support software. Symptoms can be expresseHREO
terms that may be broad or specic. Likewise, diseases mayeke
pressed as collections of multiple HPO terms. Computer athms
can accept HPO terms as inputs and take advantage of the ulyder
ing graph structure, for example, to nd a known disease thia¢st
matches a set of input symptoms. The paths between the terms a
used as a distance measure, and advanced methods can evaratal
semantic distance between collections of terms weightedrifgrma-
tion content[285]. This clears the way for advanced too}] that can
guide or support a genomic diagnosis with a robust phenatypiatch
of patient symptoms to a known disorder for which the causahg is
known.

Ihttp://www.who.int/classi cations/icd/en
2http://www.snomed.org
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Figure 8.2: Graph of the Human Phenotype Ontology colored by eccentric-
ity, i.e. the distance to root node, from O (green) to 13 (red) The blue
box shows a zoomed-in view so that labels can be read and theraichical
structure becomes apparent. This graph has 11,044 verticasd was visual-
ized using CytoScapeh(ttp://www.cytoscape.org ) on the OBO le of
HPO downloaded June 2015.
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8.1.3 Spreadsheets in the era of big complex data

Many researchers, clinicians and other specialists useplmsticated
data storage methods such as spreadsheet documents. Whikad-
sheets are a useful means for interacting with tabular dataey are
not intended to be used as local databases for serious l@ngttdata
management. As datasets in spreadsheets grow in size angblesity,
many problems arise regarding data consistency[390],ugtion (e.g.
the 'autocorrection’ of gene names that look like dates[38Zvailabil-
ity, versioning, performance, backups, multi-tenancy aseturity - nor
do local spreadsheets support FAIR principles[366, 368] émcourage
data to be Findable, Accessible, Interoperable and Reusable

Making relational database technology accessible

Relational database technology has developed over the niTades
since its invention[62] to specialize in highly structuradd consistent
management of high-dimensional tabular data. Frameworkshsas
MOLGENIS enable the creation of front-end web interfacesttabow

relational databases to be operated in a more visual and -rsendly

way. Many software applications that were developed witle tlOL-

GENIS framework, shown in Figure 8.1, prove that this approhdhgs
the advantages of relational databases to a variety of lifeesce data
applications that might otherwise remain hidden and vulagle in local
spreadsheets.

The challenge of big data

Relational databases are not always an appropriate storsgleition.
Huge les are currently being produced by automated data g@esing
tools by high-throughput technologies such as whole-geaddNA se-
quencing. With costs dropping and thousands of samples seged
daily, the data is rapidly growing from terabytes to petabgtand be-
yond. It would therefore be highly impractical to store eactoraic
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value from these data in a relational structure because ¢hisrno need
for this data to be query-able and a signi cant amount of addnal
disk space would be needed to index the data.

However, when thousands of individuals are pro led over mgears 1
and their data analyzed by many researchers in dierent pob§, it
is inevitable that data is lost track of. Retrieving specigamples in 2
that situation would involve a costly exercise in ‘forensioibformat-
ics'. Projects that want make use of the data, for example a ¢oned 3
re-analysis of undiagnosed patients with a cardiomyopaitigication,
would have to spend a signi cant amount of time to simply rietve the 4
right samples.
5
How to nd and access large les 6

A catalogue system powered by a relational database can leel tis

store sample metadata and le locations, along with detdilerovenance 7
of how the sample was processed and analyzed, and of thetsedus-

ing information such as patient phenotype, tissue sampkeljuencing
platform and processing software used, data of interest b&nquickly
found and used for analysis.

A publicly available example of such a big data cataloguénies Eu-
ropean Genome-phenome Archive [192], which currently amstevery-
thing from raw sequencing les to genotypes called to pheypws. The
data is organized in studies and data sets, and enriched théhprove-
nance of samples and the technology used for analysis, e.guniAtrix
500K" or "lllumina HiSeq 2000". This allows researchers todrdata
appropriate for their (meta-)analysis amongst the petabgtof deposited
les based on biological-, laboratory- and digital provemz.

Hybrid solutions for large data queries

Combining relational and le-based storage can also be amative
solution. The applications developed based on the XGAP datadel,
such as WormQTLEP, employ a hybrid le-relation storage strategy.
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The rows and columns link to entries in a relational datahasech as
Markers and Genes, which can be queried as usual, while tge @ata
in matrix form are stored as a two-dimensionally indexedayn le.
Using the query results, data selections from the matrix d®n rows
and columns can be made very quickly.

The result of this hybrid design is great performance withnini
mal overhead and disk space requirements, but its drawbacthat
sorting and Itering operations on non-indexed matrix vakiare slow.
These queries are however not important for the main usessasf this
database, so the overall solution worked out very well. T¢hisws that
no solution is perfect, but the success of a system does depenthe
storage strategy chosen.

Basic data management training for all life science researc hers

We have shown many di erent models, methods and tools to ngaa
life science data, from relational databases with staticdadynamic
models to relational- le hybrids and le-catalogue systsm There is
no single \best" solution: each of these approaches repnésea valid
solution for di erent storage and query requirements, whigust un-
derscores the need for exible systems that can adapt to fetuata
structure needs and switch to storage backends that scaleigmger data
volumes when required.

However, the average researcher has little interest in teehnical
background of these solutions and simply wants a system tiagdable
of serious data management that is still as comfortable teeuss a
spreadsheet program. Making the transition requires arestment of
time and energy that is sometimes not well understood andéeen as
too burdensome. Parties that o er data management soluttomay
have a responsibility to underscore the importance of hedppeople
to use better data management. We suggest number of actionms t
facilitate the uptake of better data management tools in B8x
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Box 3: Actions towards uptake of better data management t®ol

1. Raising awareness of the dangers and limitations of using

spreadsheets and other inappropriate solutions for data 1
management. This is also the mission of the European
Spreadsheet Risks Interest Gréup 2
2. Increasing the visibility of alternatives by shifting tfecus 3
of publications, workshops and presentations from speci ¢
applications back towards the importance of underlying 4
technologies such as the MOLGENIS platform.
3. Making demonstrations publicly usable in an unrestritte 5
but private way to those who are interested. Subsequently,
non-technical users should be able to immediately create 6
secure instances in the cloud suitable for sensitive data. 2

For technical users, it should be simply to run the software
on their own servers.

4. To keep initial interest alive, the thresholds of stanjirio

use these applications must be as low as possible. Data
management should be user-friendly overall, but it is eriti
cal that systems be fault-tolerant so aspiring users are not
punished by having to x many small mistakes when im-
porting their data. Data should also be importable in the
simplest of formats and even via direct entry, i.e. similar
to using spreadsheet software.

5. Those exploring the system more deeply must experi-
ence clear bene ts and advantages. For instance, a user-
friendly data explorer should o er powerful options to nd,
Iter, sort and plot the data, as well as guarantee consis-
tency, security and easy sharing with colleagues.

awww.eusprig.org
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8.1.4 Future perspectives of sharing life science data

The life science and molecular medicine community is gatiggrusing
and sharing tremendous amounts of data. Popular publishathde-
sources include the Genome of the Netherlands[244], Arxay&ss[298],
1000 Genomes Project[18], VariBench[239], Blood eQTL kwe364],
database of Genotypes and Phenotypes[216], ClinVar[1Eghme Ag-
gregation Consortium[196], genome Aggregation DataageNA-seq
ASE browser[78], European Nucleotide Archive[195] anddBgoe-Tis-
sue Expression[213]. Making these data open and freelylahlai gen-
erates a higher number of citations and increases their alV@restige,
which should clearly outweigh any bene ts of 'keeping dataytaurself'.
Further, an increasing number of (often high-impact) sdienjournals
and public funding bodies require any data in publicationse openly
accessible (the ideal) or at least available on request. bt,fé is now
possible to publish data as standalone resources, for elarmpjour-
nals such asScienti ¢ Data or initiatives such adataCite The eld
of genetics is indeed a frontrunner "whose sharing of datarkedly
accelerated progress”[297] compared to elds such as céihtrials.

Indeed, we ourselves opened up dozens of research datasdts an
results in the WormQTHP database, free to download without re-
strictions for anyone interested . Conversely, the methpdssented in
chapter 5, the CADD scores for MMR genes, and GAVIN in chapter
6, could not have been developed without free and publiclgilable
datasets.

New query options are needed for humans and computers

While incredible datasets are currently being generatdte tlevelop-
ment of software tools to interact with these data seems to lagging
behind. Even relatively simple questions such as "How magyants
at exon 10 of the TTN gene are exclusive for individuals ofafsste-

Shttp://gnomad.broadinstitute.org/
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scent?" cannot easily be asked because (i) most resourcesotidnave
an adequate query interface, (ii) query interfaces do notlarstand or
support the question, and (iii) there is no cross-databas&aobgle-like"

interface to query all potential sources at once. We couldllifuhe 1
promise of systems biology research to create understandinlife in

a bigger context by being able to routinely run deep complereries 2
across our complete knowledge of organisms, phenotypesulations,

tissues, metabolites, genetics, drugs, and so on. 3
Ontologies, semantics and FAIR solutions 4
This situation can be improved by increased usage of ontielegData 5
may be expressed amnopublicationsi.e. predicated relationships be-

tween two ontological concepts with provenance attachedr Example, 6
we can express knowledge into formal terms as follows: thBEEgene
(http://bio2rdf.org/geneid:55835 ) has a statistical associa- 7

tion (http://semanticscience.org/resource/SIO_00076
5.rdf ) to Seckel Syndromehttp://bio2rdf.org/omim:2106
00) of 0.00006562. Data can be freely reasoned upon once expressed
in a formal and semantic way, as demonstrated in case st(@i83.
The underlying RDF[218] (Resource Description Framewarkyay to
semantically describe data) and SPARQL[1] (Simple Protosod RDF
Query Language, a way to question semantic data) technaegire sup-
ported by the Linked Data initiativé, which aims to connect structured
data on the internet, essentially turning it into a giant dalbase. It
has also been shown that semantic queries can indeed be osdbth
generating and evaluating hypotheses[233, 47], and assigtenomic
variant prioritization[33].

Although some large organizations o er proper RDF accegd]land
third-party tools are written for others[13], this technady is hardly a
cornerstone of modern life science databases. It can be daber-

4Example taken from: http://nanopub.org/wordpress/?page_id=57
Shttp://linkeddata.org
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intensive to completely ontologize a database for RDF suppad set-
ting up an active SPARQL endpoint. The FAIR principles[3668Bo er
an alternative with much lower barriers. FAIR is essentiallghecklist to
guide technical solutions and their practical applicatioto make data
more Findable, Accessible, Interoperable and Reusable.nvililky real-
ized, every aspect of data would be annotated with semantetadata
for complete and seamless reusability. The MOLGENIS/XGAPkwo
presented in this thesis are in that sense FAIR systems, etbaefore
that term was coined.

Given the challenges of building and using datamodel basadge
systems this is not always attainable. However, the guitkdi can be
followed to make data discoverable and searchable in simpigys,
which is always better than not at all. An example of an easydan
lightweight solution to make resources better ndable byaseh engines
is to add Bioschem&ssemantic markup. Other databases, platforms
and initiatives such as Dataverse[70], FAIRDOM[373], ISA[B@nd
Open PHACTS[144] showcase other implementations and aptibins
that are based on FAIR principles.

Federated queries require an attitude shift

In addition to new data models and tools, | think we also need to
change our attitude towards sharing and integration of queesults.
Data sizes are rapidly increasing and much data is privagysisee,
factors that make it unlikely that all data relevant to a gimestudy will
always be available in one place. New data analysis parasl@pbeing
developed to address this, of which so-called ‘federatedhyais, is a
prominent example[118, 169]. A federated query is execatedultiple
independent locations, after which the partial results a@mbined into
the nal answer. The nature of federated queries on multigeternal
sources is that the answer of today may be di erent from thesarer of
tomorrow. This can be seen as a limitation, but can also besidared

Shttp://bioschemas.org
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an opportunity where researchers and even clinicians awaye access
to the latest and greatest knowledge. Instead of staticallgrsioning
complete data sources as a reference point, we must consigking
our data dynamic and compensate for perceived uncertasnbie storing
the questions together with detailed data and source prasce used
to compile the answer.

Legal aspects of data sharing

Until here | have discussed life science data sharing fronoatintech-
nical point of view. It is however important to realize that @v the
most brilliant solution is pointless if the law precludesaghg and reuse
of data.

Currently, data and privacy laws are being revised in lighsocial
media and the other 'tech giants' who are gathering massiveoants
of sensitive user data. While citizens will bene t from bettprivacy
protection, the same rules impede cohort-based biomedieséarch by
requiring participant re-consent every time the data is dgg.

While scienti ¢ representatives are gaining concessionsbehalf
of research, their legal struggle is not yet over. Establigh tting
international legislation with many stakeholders acrosdtural barriers
is di cult, as is the practical implementation of new rulesytthe science
community[209].

Perhaps by overcoming these legal growing pains, curramdiances
for sharing and reusing biomedical data across the inteioval com-
munity can be lifted, bene tting researchers and ultimaggbatients.

8.2 Developing computational methods for
medical genetics

So far | have investigated models to store, access, shareqamdy data
measured and calculated in life science experiments to gaiminsights.
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In this section, | discuss challenges and solutions in theeligwment
and, more importantly, validation of new methods and algons to
make most use of all these new data.

Key question and points of this section

How can we develop, characterize, nd, share and reuse lyjgality
computational methods as part of new analysis protocols rfoedical
genetics?

Key points

The performance of newly developed methods depends on
both the quality and quantity of available data. We must
therefore cherish and share gold standard data (8.2.1).

Reporting the strengths and weaknesses of a method in
greater detail next to the overall performance is crucial
for choosing the right analysis method to obtain better

research or diagnostic results (8.2.2).

We need detailed catalogs where researchers and clinicians
can seamlessly nd these assessments (8.2.3) and run the
right tool for their data and hypothesis (8.2.4).

8.2.1 Method dependance on high quality data

The genome of an average person contains around 5,000 unique m
tations[355]. To establish a molecular diagnosis in an wndlial with

a suspected genetic problem, we need to quickly reduce thalrar of
candidate variants from thousands to just a few. Computegalithms
can predict how harmful mutations are, but the strength ofebe pre-
dictions depends on the availability and quality of refererdata. These
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gold standard reference data are used to develop new algnst which
are then validated on a similar but independent data set.

In this section we show that both quality and quantity of datave
an e ect on the predictive power of new methods. Sharing dasa
therefore crucial for developing the best possible toadsutting in more
accurate prioritization and less time spent on manual assent. We
therefore must engage in active international collabooatito set up
systems for joint interpretation and open sharing of vat&n To ac-
complish this goal we need to overcome technical and legatidra,
but it is also a social challenge, as labs can be distrustfubtber labs
that operate under di erent guidelines or less stringentaiity stan-
dards.

CADD and GAVIN

CADD scores[185] are a promising method to estimate pathogéy of

any mutation in the genome. We calibrated CADD in silico pagfenic-

ity estimates to help classi cation of mismatch repair gemariants in

chapter 5. We used variants assessed by an internationalneittee of

domain experts to establish the relationship between CALZDres and
classi cation outcome. This was very successful, and thiscgess was
helped by the outstanding quality of the reference data set used.
Re-application of this model to the original data showed y=& few

discrepancies, and they could all be explained in favor @f dhiginal

human expert classi cation.

This work was followed up in chapter 6 where we present the BAV
variant classi cation tool for> 3,000 clinical genes. Interestingly, we
found that CADD-based predictions work better for some geriban
for others. This may be explained by currently unknown bgdal dif-
ferences that are not captured in the in silico pathogenjidistimates
we used, however a simpler explanation is that the experiavdrclas-
si cations were of lower quality for certain genes, and teomistakes
distorted the calibration. We have already shown that fornge with

213




CHAPTER 8. DISCUSSION AND PERSPECTIVES

enough training data we get better classi cation accuradyanh we do
for genes for which scarce data is available, but here we ngestigate
the relationship of both quantity and quality of gold-staadd data with
calibration success in more detail.

Association of p-value with variant quantity and quality

The GAVIN gene calibrations include a Mann-Whitney U testadue for
the tested signi cance of the CADD score di erence betweeatipogenic
and matching benign variants. The lower a p-value for a gahe,more
reliable and useful the gene calibration becomes for autiemavariant
classi cation. These gene calibration p-values can be fgldtagainst
the number of expert-assessed pathogenic variants availpbr gene.
For this we used the ClinVar variarsummary.txt le of 1/12/2016,
downloaded fromftp://ftp.ncbi.nim.nih.gov/pub/clinv

ar ). The result can be seen in Figure 8.3. Indeed, a simple loggalin
model shows a trend in which gene p-values become more signi
as the quantity of available variant classi cations inceess.

To measure variant interpretation quality, we can use theviesv
status of ClinVar variants. The review status shows the amof
supporting evidence for the clinical signi cance (i.e. dasation) of
a variant. The text values also correspond to a 'star' ratingprh O
to 4 (see Table 8.1 on how the terms are mapped), which can
used quantitatively. We can take the mean of this rating peng as
a measure for interpretation quality. When plotted againtte gene
calibration p-values (Figure 8.4), there is a trend in whickng p-
values become more signi cant as the quality of variant slasations
increases.

Both trends seem to indicate that both quality and quantity data
are important when developing new methods based on previmus
servations to help us interpret unprecedented amounts ofvraata.
Therefore, we need to treasure the results of expert intetation and
analysis that has been made freely available, but at the séime put
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Figure 8.3: Relation between calibration success and the number of
pathogenic variants available for that gene. Lag linear regression (shown in
red) resulted inR? = 0.11 and p-value = 7.28e-57.
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ClinVar review status ‘Star' rating
No assertion provided

No assertion criteria provided

No assertion for the individual variant

Criteria provided, single submitter

Criteria provided, con icting interpretations
Criteria provided, multiple submitters, no con icts
Reviewed by expert panel

Practice guideline

PoNvMFPRrooO

Table 8.1: ClinVar review status and how this translates to a numericmge,
i.e. the corresponding review status 'star' rating. Selettps://www.ncbi
.nim.nih.gov/clinvar/docs/variation_report

more e ort into integration and 'FAIR-i cation' of the many sarces

to achieve the best and most complete reference set pogdibjidor

human health and disease. This need will become more prgssrthe

amount of data grows quickly, and the upcoming demand for pow
ful methods that can deal with new diagnostic data modaktisuch as
non-coding DNA, RNA-sequencing, metabolomics and epigeios.

8.2.2 Benchmarking and characterization of methods

While overall performance is a good metric to judge a methoabxl-
ity to screen a large set non-speci c data, for speci ¢ datewshould
characterize a method in more detail. In order for methods &cbme
trusted and accepted by users such as clinical geneticibisy must
know how well a method behaves and if it succeeds in situatithey
are familiar with.

A good example is our analysis of CADD scores for MMR genes in
chapter 5, where we delved into the strengths and limitasoof this
method when applied to four speci ¢ genes. Developing a nesthrad
as a black box, with just an overall reported accuracy (e.g3%9 AUC")
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GAVIN gene calibration p value

0 2 3
enic variant ClinVar revie
Figure 8.4: Relation between calibration success and the average rewie

quality for that gene. Logg linear regression (shown in red) resulted iR% =
0.03 andp-value = 5.95e-16.
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may lead to some skepticism from those using the methods acfice,
especially since most methods claim to be the best. Insteacghaild
characterize and report the strengths and limitations of @tmod, and
communicate clearly that method performance may dependfwadon-
text it is used in.

The GAVIN gene calibrations in chapter 6 are reported in catégs
where 'C1' indicates a high degree of separation between pgdémic and
benign variants and 'C4' indicates a poor separation. Thes#dations
show that classi cations in certain genes are better thanoihers, even
though the overall performance is high. Reporting the parfance on
a gene-level helps researchers or clinicians to select ¢isé inethod for
their speci ¢ question.

It must be noted that GAVIN reports no formal information beybn
the gene level, and that there are indeed instances wheresrsophis-
ticated de nitions are bene cial. We will now show three exales of
genes where in-depth characterization is indeed relevartt how this
may lead to tailored or optimized usage.

Examples of in-depth gene characterization

The gene SCN5A, which encodes sodium channel type V and & ass
ciated to dominant atrial brillation/long QT syndrome, isan example
where there is a high degree of separation and an overallt gr@éra-
tion. However, notice the cluster of pathogenic variant®and location
38655000 that dips below the calibration line in Figure 8.5hig gene-
speci ¢ model may be improved by local correction of the thiield for
this e ect.

In the gene TTN, which encodes the protein titin and is assteia
to dominant cardiomyopathy, this e ect is far more pronoued with a
massive cluster of extremely high score pathogenic vasiamtthe rst
30% of the gene. See Figure 8.6. The remaining pathogenicanési
appear to be distributed amongst the benign variants, makapoten-
tial two-part model perhaps complicated, but much more pofué
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SCNb5A thresholds: pathogenic > 22.05, benign < 13.92
MAF benign > 0.001021360000000002, cat: C1
Red: ClinVar pathogenic variants Blue: matched EXAC variants
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Figure 8.5: GAVIN (r0.3) calibration plot for SCN5A.
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score

MAF benign > 1.6552500000000003E 4, cat: C1
Red: ClinVar pathogenic variants Blue: matched EXAC variants

Figure 8.6: GAVIN (r0.3) calibration plot for TTN.

Hmmqm@.\n
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An example where the method o ers little predictive valuetre
gene F11, which is associated to blood coagulation factod&kiency
and is often recessive. The benign variants that remain raftee |-
tering stage of GAVIN calibration are distributed uniformdcross the
pathogenic variants as can be seen in Figure 8.7. A simpleaexzpl
tion of this might be that this is a relatively mild and recéas disorder
under apparently little selective pressure, which is cstesit with it be-
ing relatively common among Ashkenazi Jews[305]. What #xample
shows is that some pathogenic variants seem to be quite &uéat in the
general population, blurring the line between ‘benign’ andtipogenic’,
therefore deleteriousness may be hard to estimate compaoitely.

Implications of method characterization

These examples illustrate the advantages and limitatiofisaogene-
based variant classi cation method. This characterizatiwill also ap-
ply to other data modalities including gene expression aretabolites
and across di erent conditions such as tissue type, cellggpage, and
ethnicity. If we want to develop methods that bring these neypés of
information to the clinic, we must have transparent and wiglaccepted
validation procedures and be clear on what methods can amhoado,

to prevent disappointed users. The context for which the lthas been
developed, as well as its strengths and weaknesses, shaulchdde
clear even on a gene-speci c level because this knowledgelraanore
important than the overall performance of the method. | thkirit may

be worthwhile to create a truly standardized benchmark tsess and
compare the methods currently available as well as those Wi be

developed in the future.

8.2.3 Finding appropriate methods in repositories

The sequencing of thousands of patients and healthy indisid world-
wide, combined with the sequenced genomes from thousands e
ent organisms, has spurred the development of countlesshouid that
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CADD scaled C score

F11 thresholds: pathogenic > 35, benign < 17.74
MAF benign > 0.0064741999999999925, cat: C4
Red: ClinVar pathogenic variants Blue: matched EXAC variants
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Figure 8.7: GAVIN (r0.3) calibration plot for F11.
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predict variant pathogenicity, mostly based on estimatemigin con-
servation. Examples of various scope and quality includd&sTRL87],
PolyPhen2[5], PROVEAN[59], PON-P2[241], MutationAsseg287],
FATHMM-MKL[308], Condel[129], PhyloP[271], UMD-Prediat[109],
Grantham[131], ENTPRISE[386], PHAST[388], FitCons[138]ut-
Pred[199], EIGEN[160], GERP++[76], VAAST[181], AlignGVEE33],
MAPP[334], MutationTaster[304], VIPUR[22], REVEL[159] ADD[185],
LINSIGHT[155], FATHMM-XF[296] and GAVIN[345]. These toolsear
being improved and invented in a fast competitive cycle asertzench-
mark data becomes available every day due to the interpietatelp
of the previous tool generation.

Similarly, thousands of methods for all kinds of applicaispanalyses
and data types have been created across all branches ofdiénees.
However, for a researcher at the beginning of a project, theegtion
remains: How do | nd the best methods for my analysis ques#o

Search engines to nd methods such as OmicsTédiave emerged
to let users nd methods of interest. In OmicsTools, users daowse
methods via search box or by drilling down in categories.rflsan also
post reviews and rating to let others know how well they likbé tool.
OmicsTools does not, however, allow more ne-grained skhascthat
can:

Find tools that are applicable to your data, e.g. quickly ndj
which analyses can be run on your data.

Find tools that produce a speci c type of output, e.g. if youear
interested in a speci c type of output such as gene annotaso
and want to list any tools that can provide this.

Find tools that perform a specic role, e.g. when you want to
benchmark your method to any tool that performs the same func
tion regardless of input or output.

https://omictools.com , currently hosting > 17,000 entries
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The Elixir Tools and Data Services Registry[1%8jies to solve this
issue by attaching EDAM[162] ontology terms to the functiotopic,
inputs and outputs of each method. Tags, documentation, pchtion,
links and contact information are also provided, togetherrhing a com-
prehensive and highly structured collection of bioinfotioa software.

These solutions are a step in the right direction, but they dot
address two major needs: (i) providing a standardized anthitied
benchmark of tool performance (as discussed earlier) afjdh@lping
the user to install and run the tool of interest. Therefordyere is still
a duty for the bioinformatics community to create a centragository
of documented, tested and runnable bioinformatics toolsthe same
spirit as e.g. the CRAN repository for R packages.

8.2.4 Integrating and running methods for evaluation

Evaluating new tools in practice requires a quick procesmsfallation
and running. This is di cult for methods that can not be o erd as web
services due to transfer limitations or patient con denlitg, and must
therefore be compiled or installed locally and subsequeimtegrated
into an analysis protocol. BioContainers[72] solve som¢heke issues
by wrapping individual tools in container engines (Dockadakt). The
tools retain their identity while being easier to run croglgtform.

The fast uptake of methods is much easier and quicker whery the
are wrapped or created for an existing work ow engine. MOLGBS&
Compute protocol® and Galaxy too? are method libraries for their
respective work ow engines that come with descriptions aedhnical
de nitions for their inputs and outputs. Taverna[372] wodws can be
constructed and shared on MyExperiment[1¥7using component€

8https://bio.tools

9https://github.com/molgenis/INGS _DNA/tree/master/protocols
10https://toolshed.g2.bx.psu.edu/

Uhttps://www.myexperiment.org
Lhttp:/iwww.taverna.org.uk/documentation/taverna-2-x ~ /components/
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that can be linked to ontological terms for their input, outip and

activity.

However, there does not seem to be much emphasis on semantic
description of work ow engine components in general. Tawercom- 1
ponents can only be published within the de nitions of contienal
work ows, making them di cult to nd. Methods wrapped for Can- 2
pute and Galaxy do not explicitly link to ontologies at all.

These limitations were recognized and addressed by the BI&W 3
method and its successor SADI[367, 370]. SADI is a method taupe
discoverable semantic web services from regular databases has a 4
Taverna plugin to access these services. Unfortunatelg thibject has
been silent since 2014 and the plugin is only available fer dtdated 5
Taverna versions 2.1.2 and 2.2 (current version is 2.5).

Taken together, we nd many great initiatives that collectiescribe 6
and o er methods focused on di erent aspects. Unfortunagehere is
currently no standardized complete solution that allows seuto seam- 7

lessly discover, run and integrate methods into their asaywvork ows.

There is a growing focus on the FAIR principles to make data
reusable, but the exact same principles should also applyotis. |
think we should treat tools as 'runnable data’, meaning thateh must
be as easy to nd, understand and use as data itself. In pragtibe
most popular tools are simply those that are easily runnahbled these
are not necessarily the best at what they do. By applying FAHRp
ciples to remove some of the barriers to use, we could exchargl
adopt more appropriate tools to the tasks at hand.

8.3 Towards better systems for (gen)omic
medicine
Thus far | have discussed models to store, manage, share aadydife

science data in smarter and better ways. | then looked at thallenges
of developing, characterizing and discovering new methods this
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section | focus on challenges and solutions in translatiegvrdata and
methods to health research and patient care. Note that thentdénology
used in this section can be confusing and is therefore empthin Box

4,

Box 4: Clari cation of terminology

In a typical data processing scenario, multiple tools or nueth
are connected in a work ow, also called a pipeline, which is a
sequence of events through which data is processed to reach
a nal state. A work ow that has been formalized into an of-
cial procedure that is agreed upon and usually versioned is
what we call a protocol. The steps within a protocol can be
implemented using dierent tools for each step, where tools
are implementations of methods. Lastly, a system is a pietce 0
software that executes work ows or protocols and managesith
inputs, tools, outputs, provenance and other related dagome

of these terms are used interchangeably when context allibws
for instance, work ow and protocol are in often in practiceon
that di erent.

Key question and points of this section

How can we bring data and methods together in exible and sddd
multi-omics analysis protocols and software systems fdaurfe patient
care?
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Key points

There is a plethora of academic and commercial software
for DNA analysis, but their protocols and data sources are 1
quite static (8.3.1).

Work ow engines o er greater exibility for data process- 2
ing and are far more future-proof, but the use of a common 3
language must be encouraged (8.3.1).

Protocol implementations of best practice guidelines 4
should be a community e ort including common auto-

mated benchmarking and validation (8.3.2). 5
As multi-omics analysis starts to complement routine 6
DNA diagnostics, experts from the disciplines involved wil

need to contribute their best practices in a combined ap- 7

proach (8.3.3).

To keep multi-omics diagnostic protocols up-to-date, we
should consider using smart work ows with abstract step
de nitions that automatically select the best or most ap-
propriate tools for the job (8.3.4).

8.3.1 Reusable and exible DNA analysis work ows

Since DNA sequencing has become popular, plenty of intexgtatys-
tems have been developed that cover complete genome arakyk-
ows. Commercial examples include products such as AldfuBeqPi-

B3http:/www.interactive-biosoftware.com
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lot14, Omicial®, Sophid®, NextBiol’, Cartagenid®, MedGenomé&,
VariantStudic®, GoldenHeliz!, Ingenuity??, Bina?2, Enlis?* and Geno-
matix2°. Alternatives developed in academia, often free to usellide
SpeedSeq[58], GEMINI[253], InterVar[202], Genomiser[38]asy[309],
VAAST[181], SG-ADVISER[262], IMPACT, SeqMule[137], TAPER
[126], ClinLabGeneticist[357], WGSA[211] and WANNOVAB[5These
systems are quite speci ¢ for the types of data and questitimsy can
handle. Either they o er a built-in analysis or they allowdhuser to
select which of the precon gured data and lIters should beegs While
these products may perform their function well, the lack céédom can
be a serious restriction. The GAVIN+ tool presented in chapieis
guilty of the same, although it is part of a bigger genome imestation
framework with options for customization and tool replacen.

With many new sources of data, knowledge and tools are quickl
becoming available, typical genomics analysis softwarnoakeep up
with the demand for the latest and greatest developmentg, déone
support integrating completely new data modalities suchRISA-seq,
metabolomics and epigenetics. Switching to di erent sofise or adopt-
ing multiple tools to use the best features of each is time s@ming
and expensive, while using an incomplete solution meansingsout
on the best research results or diagnostic answers.

Phttp://www.jsi-medisys.de
LShttps:/iwww.omicia.com
18http://www.sophiagenetics.com
17https://www.nextbio.com
8http://www.agilent.com
19https://www.medgenome.com
2Ohttp://variantstudio.software.illumina.com
21http:/igoldenhelix.com/
22https://www.giagenbioinformatics.com
23http://www.bina.com
2https://www.enlis.com
ZShttps://www.genomatix.de
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Work ow engines, a better way?

Work ow engines o er part of the solution to these issues. &y are a
type of software not tied to speci c data types or analysifwcols, but

instead o ering the exibility of letting users de ne and sire their own !
analyses. Examples include Galaxy[128], Taverna[372Hu#ij249], 5
UGENE[245], GenePattern[284], VisTrails[23], ArvatRsAWE, Toll,
Rabix and MOLGENIS Compute[43]. In these software the user has 3
full control and freedom over analysis steps such as chgosihich
tool and data dependencies are used. A user can, for instatioeose 4
GATK][344] for genotype calling then subsequently chooséN¥[277]
for association analysis. The exibility originates frormsing simple 5

tool input/output structures that are typically le based.This agnostic

approach to handling data makes it easy to hook up new toold de 6
formats. Due of their adaptability these solutions are méueure-proof
than software shipped with built-in analyses. However, th@phical
user interfaces of work ow engines, if present at all, aret optimized
towards a domain-speci c task, and this may deter users whe ased
to hand-designed interfaces. These generic work ow engiaee often
quite technical to use and have therefore not caught on in ms&ieam
molecular diagnostics.

Another issue is that work ows are usually created for a spec
work ow engine, making cross-platform reuse harder or irapible. This
leads to reimplementation of work ows for di erent enginewhich costs
time that could have been spent improving the already erigtivork-
ow. Some relief is on the horizon in e orts such as the Common
Work ow Language[10] (CWL) that encourage the use of a cra&sgine
language to de ne work ows, and CWL is currently supporteg 8
di erent work ow engines. | believe that uptake of one staadi by
the community would enable sharing and collaborative inyanments
of work ows. In addition, easier and more customizable uggeifaces
could make them more popular with non-technical users imichl ap-

26https://arvados.org
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plication. Whether the standard exchange format should omee CWL

or something else is up for debate, but any standard here daulely
further boost this eld to innovate and collaborate around, which

is what we have seen happen with the VCF format that has been an
incredible catalyst for variant data exchange and commoagesacross
tools.

8.3.2 Community sharing of protocols and expertise

Medical centers that perform molecular diagnostics useiowél or in-
ternational guidelines to implement their protocols forehnterpreta-
tion of DNA variants. Examples include guidelines estdtdis by clini-
cal genetics associations in the Netherlands[242], Unkéaydom[353]
and United States[288]. The guidelines are implemented by gur-
ing existing software, for instance by running an automatdéF Iter
followed by manual interpretation that may assign 'likely thagenic'
status to a private stopgain variant with PolyPhen verdictaihaging'.
While these guidelines are established and agreed upon fogrtess their
implementation and validation is typically not shared angsh centers.
This is a pity because sharing of expertise with an interoasl commu-
nity would reduce redundant work and increase quality ofuiss We
should therefore unlock the knowledge that is now kept in firetocols
of local con gurations or precompiled software.

Luckily, many of these protocols consist of objective ip@tation
criteria that can be turned into automated work ows, and tke are
easier to share. The recently published InterVar[202] tdotf,example,
has implemented the ACMG 2015 guideline in a Python scriptu- A
tomated analysis work ows created by experts can also berethasia
initiatives that support communities such as MyExperimgd#t7]. By
using a common language to describe these work ows we camigk
towards an interactive online catalog of best practice works main-
tained by the international genetics community. In open ablbrative
development these protocols can be updated, amended, elgxhror
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merged as our insight and resources increase, leading tbehigual-
ity guidelines and best practices. This will increase shgudf specic
expertise and lessons learned, in addition to preventinglidate imple-

mentation and validation e orts. 1
The genomics platform in chapter 7 proposes implementatdran

automated interpretation protocol based on a template cected by 2

existing and sharable formats that allows modularity andise of in-

dividual components. It features built-in methods and goldredard 3

data for automated validation, and benchmarking that can bpplied

in any new implementation of the protocol to verify that theegfor- 4

mance is still the same, or has changed. The automated rédatibn

of interpretation work ows also drives innovations as addelue of en- 5

hancements can be objectively proven and mistakes avoidéd wery

little e ort, and | think this is a subject where much can be iged that 6

will allow genome diagnostics to scale up for future needke Toncept

of sharing tools, templates and validation strategies gieenters many 7

options to exchange best practices and benchmarking toloég tan be
reused fully or in part.

8.3.3 Towards integrated multi-omics analyses

Life science research and healthcare is starting to complenthe se-
guencing of genes with new data modalities such as non-gp @A
and RNA expression. A number of e orts have shown great peten
tial for moving past 'DNA only' analyses, as demonstrated hyuds
ies that integrate multiple omics layers to better undensth human
health[272]. Following these experiments, new computasibmethods
such as REMM scores[313] for estimating variant pathogiyii non-
coding DNA are being developed to leverage wet laboratoryaades
into new high-throughput tools. An brief overview of the cent state
and diagnostic potential use of various omics data types banfound
in Table 8.2.

Using all these omics data modalities in an integral way iesgi
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exible databases and tool systems. But, more importantitlyalso re-
quires best-practice data processing protocols to be sthdmg experts.
An inspiring example of multi-omics bioinformatics thatrhed funda-
mental research into clinical practice is the discovery bé tPCSK9
gene. In this case a combination of identi cation of protegti alleles,
classical family studies, discovery of cellular pathwaggg model or-
ganisms, metabolic measurements and gene sequencing léiddovery
of a drug target[3] that is now successfully used in clirdeg|

Studies that are focused on a particular molecular mech@ancan
aord to manually integrate relevant data and run additiohaxper-
iments to complete the puzzle[261]. For routine use of muoltnics,
such as in diagnostics o ered to thousands of patients, wedea more
systematic and automated approach.

While better databases for multi-omics data are emergingy, omics
data integration methods lag behind. The usual strategy @tal inte-
gration for DNA analysis is using software that glues datayéther,
where all the complex logic to the join data resides withiretkoft-
ware and the data itself is agnostic. For example, we havelémgnted
‘annotators’, which enrich genomic variants with informaticsuch as
allele frequencies, pathogenicity scores and transcripi@ations[345].
There are many such annotation tools[100], integrationtfdams[257]
and precompiled annotation sources[210], all of these camehnotable
di erences[223] but all generally work reasonably well fiois purpose.

Moving the 'smartness' from tools to the data

The problem is that for every new application of the data, aw data
source that needs to be integrated, the community needs toedep
and maintain new software. This means that the programmiagit for
integrating speci ¢ sources is re-implemented many timesth prob-
lems and limitations in each separate implementation. Thi§ become
a serious issue when moving from DNA alone to 10+ omics dajeisa
in the future. Developing the ultimate tool that can handldl @mics
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Molecular Application as diagnostic technique

assessment

Coding DNA  Commonly used technique with a yield that varies

sequencing from 30% for di cult cases[348] to 60% as a rst 1
line tool[232].

Non-coding Methods are currently emerging[313, 138] based 2

DNA on known non-coding pathogenic variants located

sequencing in promotors, enhancers, 5'UTR, 3'UTR, RNA 3
genes and topological domains[81]. 4

RNA Powerful complement to DNA sequencing that can

sequencing to detect aberrant expression levels, gene fusion, 5
allele speci c expression, expressed IncRNA and
viral DNA[78, 44, 318, 186, 71]. 6

Epigenetics Methylation pro ling is now limited to cancer but

pro ling may soon be applied to neurological and 7

autoimmune disorders[151]. Histone modi cation
is assessed in colorectal cancer[116].

Microbiome  May soon be used in diagnosis and treatment of
metagenomic bowel related disorders[279] in combination with
seguencing host genome[32].

Metabolomics A reliable technique[149] to screen for 900
compounds[231] but is currently limited to 80
inborn errors of metabolism and other metabolic
disorders[130].

Proteomics Though mass spectrometry provides
high-throughput potential[143] and there are
proteomic cancer biomarkers[113], uncertainties
and di culties need to be resolved for diagnostic
use[135].

Table 8.2: Brief review of dierent omics data types and how they are
currently used, or could be used, for diagnostic applicatis.
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data perfectly is a pipe dream, but there is an alternative.

| believe we should make the data itself 'smarter’, i.e. moref-sel
aware of what it is, through semantic (meta)data enrichmenwhile the
software can be made ‘dumber’, only knowing how to process céad-
ized de nitions and rules, unaware of arbitrary details dietunderlying
data sources. By keeping the meaning of the data containeithiwiit-
self, it would be much simpler to connect datasets to eachestivithout
the need for complicated software. Generic software tolfete data
integration is better suited for community-driven devetopnt, shared
usage, higher code quality and future updates. It also savestime
that would otherwise be spent building and maintaining nplé imple-
mentations that do the same work.

8.3.4 Future work on semantic analysis systems

So far | have discussed ways to standardize work ows, to shpgotocols
and validation tools, and to use semantics to better intefgradata
within complex analyses. The challenge of data integratadso applies
to organizing tools, protocols and systems created therdbtherefore
makes sense to extend the use of semantics to these factonwedls
We propose a protocol template in chapter 7 but, while it haseln
implemented, the template itself is not formally de ned. Ifeswould
do this, a logical choice would be to express the protocol aegdes of
semantic concepts such as "annotating", "reporting”, "vidation", and
so on. This would allow these components to be swapped outdots
with the same de nition, assuming there are no further contipdity
issues. In e ect, we would have parameterized the choice ofhme
for each step and could o er the user a selection of matchirapls
that can fulll that step. A validation procedure for that stp can
be implemented, automated and shared, enabling fast ancectbje
comparisons between variations.

Similarly, the complete protocols may be semantically atated
to perform a role that complements another protocol. For exale, a
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"variant calling" protocol may be seamlessly connected ttdaagnostic
interpretation” protocol. Other protocols that use "varig calling”
as input may be downloaded and executed on the y for maximum

exibility. How all these components could now interact ibustrated 1
in Figure 8.8.
Disconnecting tools and data from the protocols allows fessdning 2
and sharing of protocols without simultaneously dealinghwmplemen-
tation details, and prevents new protocols from having to e ned 3
when a better tool that performs the same role is introduced/hen
we extend this concept to tools that retrieve their own soeirdata via 4
semantic connection, the result is a moldable, future-graerk ow
that ships with built-in validation and benchmarking. 5
The results created by tools or work ows may be automatigadin-
notated with the appropriate semantics and can be fed badk knowl- 6
edge repositories. For example, after running a chain ofddbat leads
to variant classi cations, an expert should be able to egsipload these 7

results and share them with the community. Such an approaeiph
us get the most value out of human experts, as their knowledgd
decisions ow back into the system, catalyzing developmefihew and
improved tools.

An immediate challenge to implement this concept is ndingkace
to keep the necessary tools, data and their metadata. Thexraentral
repositories to help make patient mutations or sequenciegds meet
FAIR principles, but there is no such place for the results efputa-
tional analyses. While the model organism data in chapteras de
found through the major community hubttp://www.wormbase.
org , the data in chapter 6 is not so FAIR. Both the article and data
are free and open to the world, but the existence of the data ise
not explicitly advertised or registered on a community hiliiting its
Findability. Bioinformaticians and computational biolsgs must put
more e ort into placing their work in context with the origial data,
and we need take responsibility as a community to create nesams
of enabling this integration if there are no suitable soarts available.
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@ Basic scientist: query hypotheses, find tools, protocols
(2) Translational tool developer: discover latest resources
@ Clinical geneticist: discover and run clinical protocols

| Online registry & query engine for data, tools and protocols

1
[ \
Data Clinical Data Data
portal standard portal source
> —_ >
E I E I E I E I
Semantics Semantics Semantics Semantics
— b
l+— v
Tool Tools find Tool Tool
suitable data
O R O
v Produced oo oo
GAVIN results can annotator GATK
i flow back . .
Semantics Semantics Semantics
l ' l
\
Protocol Protocols find Protocol Protocol
i : suitable tools i : i :
e.g. variant e.g. report e.g. NGS
interpretat. Run protocol diagnostic var. calling
Semantics locally to validate = Semantics Semantics

Figure 8.8: Overview of potential interplay between data, tools and pto-
cols, all mediated by semantic de nitions. The resources eaself-descriptive
and can be used in di erent scenarios by multiple disciplisén a synergistic
knowledge feedback loop.
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8.4 Conclusion

Each topic in this thesis is part of the same mission: to letipats

with genetic disorders bene t more from rapidly increasibglogical 1

data production and new knowledge. More speci cally, we wam

obtain predictors and biomarkers from research and patidata that 2

can quickly establish the best and earliest diagnosis ogposis. To

achieve this goal, we integrated and make available bigrezfee data 3

in chapters 2 and 3, bridged model organism to human data iapthr

4, translated generic methods into clinical applicatioms dhapters 5 4

and 6, and developed a platform to bring innovations into giiee in

chapter 7. 5
The resources currently available are already plentifal] &oth the

amount and types of molecular life science data is growing &emen- 6

dous pace. This present us with incredible opportunitiesdevelop

new and exciting methods that are more powerful and betteitcieed 7

to patients than ever before, but simultaneously introdscine huge
challenge of integrating and understanding these data. B up, we
must work smarter by investing in development and implenagioin of
techniques that bring data together and stimulate collabtion such
as FAIR principles, sharing platforms and semantic web. Gasearch,
development and hands-on experience of MOLGENIS exiblabases
with ontology annotation tools are ready to play a signi carole here.
New molecular data modalities such as non-coding DNA, RNA ex
pression and metabolic pro les are emerging, and corresiiag tools
for clinical application will continuously improve as thaiantity and
quality of gold standard data increases over time. To keepnpéex
multi-omics data pipelines manageable in practice, we needdu-
lar best practice work ows that have self-managing and sedfidating
properties. With many methods available, and their stremgand limi-
tations characterized, the most appropriate tools coulddogomatically
selected to diagnose a patient with an individualized mbiomarker
approach. The genomics platform that we are developing imbma-
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tion with the MOLGENIS Compute engine is being used in a diagjico
setting already and should provide the exibility to scalp and expand
to future technologies.

In the future, | envision a seamless international collabiora of
experts in an online community-based decision supporteystvhere
research data, gold standards, tools, work ows, benchnsadad best
practices may be shared freely and openly. This will inceete ef-
fectiveness of clinical molecular diagnostics at a maximspeed and
unlock the potential of all measurable omics data types. W dur-
ther integrate these results with ndings that may curreptbe di cult
to interpret such as risk factors from genome wide assooiastudies,
e ects in quantitative trait loci or allele-speci ¢ expres#on, changes in
the microbiome, epigenetic marks, or multigenic inheritan Automat-
ically generated reports will then present prioritized imgjs and other
relevant insights along with any known limitations and uneénties, so
researchers and doctors have clear and honest understgrafithe re-
sults. Taken together, we will be able to translate the knedtje gained
from research data, expert communities and computationathods
into medical practice for fast, accurate and personalizedignt care.
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Appendix A

All organisms have a genome made of DNA (deoxyribonucleid)ac
The genome can be found in nearly every cell and is the bloefor the
growth, development, maintenance and repair of the body. drforms
these functions by transcribing small pieces of DNA, the ggnfrom
the genome and translating them to proteins. These proteams the
tiny workhorses of the body that break down food, give bonésit
strength, make muscles move, let brains think, and so on. rEhare
many thousands of di erent genes and proteins with each thavn
task.

The genome is copied from cell to cell, and is inherited froemng
eration to generation. The copying process is incrediblggse, but
always makes a few little mistakes. These so-called mureticause
small di erences between individuals, so that natural séilen and thus
evolution can take place. Unfortunately, mutations canatsause detri-
mental e ects, such as genetic disorders. When the functafra gene
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is disrupted by a mutation, a speci c disorder can arise. Rofot of
genes it is known which disorder they can cause, but for mestes we
do not know what happens when they are disrupted.

In this thesis we research and develop various bioinformsatiodels,
methods en systems to elucidate which genes and DNA di eesncan
make people ill. To support the research into genes, we dagvel
database in chapter 2. This database is useful for collecaiii kinds of
biological data. Chapter 3 presents software to analyzesthdata as an
extension to this database. This software can determinechihiegion
of the genome is responsible for diseases and other phytsaitd.

Organisms such as rat, worm or zebra sh allow us to perform re
search that would be impractical or unethical on humans. $éetudies
deliver valuable biological insights, but it is often remaiunclear how
those insights can help us to understand human disorders. Hap@er
4 we report the development of an interactive database thahgects
research into worms to the genetics of human disease. Desthie
fact that worms do not look much like humans, they have thonda
of genes that work exactly the same way as in humans. By lopldh
disorders, physical traits and genes in both organisms gealier new
ways to use worms for research into human diseases.

Next to understanding the genes lies the challenge to deteenthe
harmfulness (pathogenicity) of new mutations. Each indival carries
many unigue mutations no one else has. This makes it chaileng
to nd the causal mutation for a patient with a genetic disoced. We
can use our knowledge of the genome and evolution to predmw h
pathogenic new mutations are. In chapter 5 we report a smartvne
method which predict which mutations are harmless and whictuse
hereditary colon cancer. This works rather well and we mageom-
mendations for the guideline that establishes diagnoses.

Encouraged by these results we expanded our scope from jiestva
to thousands of disease genes in chapter 6. For this, we usA Bbm
individuals that have no connection to severe disorders. &vmpared
that to disease causing mutations that were found in patient By
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crunching the numbers for every gene, it is determined whemugation
is probably disease causing. The nal result is a public viebhere
the DNA of patients can be scanned quickly and accuratelypiambable
pathogenic mutations.

Finally, chapter 7 describes how we developed a system fay-au
mated DNA analysis, including a protocol speci ¢ for genogliagnos-
tics. This protocol uses our new method but also the latesbkitedge
on mutations and genes. Pathogenic mutations are not alwagponsi-
ble for the disease of a patient. That is why the DNA of familyembers
is used to determine if the genetic pieces of the patientyrul The
output is a new le format in which medically relevant infoation is
formally expressed. This le can be converted to a clear mfrowhich
the most important information is found at the top.

One of the advantages is that we can apply this analysis witho
manual work to the genomes of thousands of healthy people.e Th
results act as a control that tells us how often the softwarturns an
accidental hit in each gene. By stating this information ihe nal
report, medical experts can focus their attention on geneghwhe
fewest accidental hits. This increases the speed and conageat which
a genetic diagnosis is established for the patient.
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Alle organismen hebben een genoom dat is opgebouwd uit DN&sd
oxyribonuclesnezuur). Het genoom zit in bijna elke cel endie blauw-
druk voor de groei, ontwikkeling, onderhoud en herstel vatlichaam.
Het vervult deze functies door kleine stukjes DNA, de geneam het
genoom af te schrijven en deze te vertalen naar eiwitten. édemvitten
zZijn de werkpaardjes van het lichaam die voedsel afbreketteh hun
sterkte geven, spieren laten bewegen, hersenen laten deekeovoort.
Er zijn vele duizenden verschillende genen en eiwitten riietraal hun
eigen taak.

Het genoom wordt gekopieerd van cel naar cel, en wordt owsfde
van generatie op generatie. Het kopieerproces is ongglofadecies,
maar maakt altijd wel een paar foutjes. Deze zogeheten mietatzor-
gen voor kleine verschillen tussen individuen, waardoduundijke se-
lectie en dus evolutie kan plaatsvinden. Helaas kunnen tirgaook
nadelige e ecten veroorzaken, zoals erfelijke ziektes.nvier de werk-
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ing van een gen verstoord wordt door een mutatie kan een blelgaa
ziekte optreden. Van een hoop genen is bekend welke ziekkeizeen
veroorzaken, maar van de meeste genen weten we niet wat ezugeb
wanneer ze verstoord worden.

In dit proefschrift onderzoeken en ontwikkelen we versceeéalbioin-
formatica modellen, methoden en systemen om op te helderetkev
genen en DNA verschillen mensen ziek kunnen maken. Om het on-
derzoek naar genen te ondersteunen, ontwikkelen we eenbdatin
hoofdstuk 2. Deze database is handig voor het verzamelenalban-
lei biologische gegevens. Als uitbreiding op deze datalpassenteert
hoofdstuk 3 software voor de analyse van deze gegevens. Buftre
ware kan bepalen welk gebied van het genoom verantwookdsliyoor
ziektes en andere uiterlijke kenmerken.

Dieren zoals rat, worm en zebravis stellen ons in staat omeond
zoek te doen die onpraktisch of onethisch zou zijn op mensBeze
onderzoeken leveren waardevolle biologische inzichtermagar het bli-
jft vaak onduidelijk hoe die inzichten ons kunnen helpen aekies in de
mens te begrijpen. In hoofdstuk 4 rapporteren we de ontwikigelvan
een interactieve database die het onderzoek naar wormebivet aan
de genetica van menselijke ziektes. Ondanks het feit datmenr niet
echt op mensen lijken, hebben zij duizenden genen die mdmtzelfde
werken als bij mensen. Door te kijken naar ziektes, uiteglikenmerken
en genen in beide organismen ontdekken we nieuwe manierewam
men te gebruiken voor onderzoek naar menselijke ziektes.

Naast het begrijpen van de genen ligt de uitdaging om de seliad
jkheid (pathogeniciteit) van nieuwe mutaties te bepalendée individu
draagt vele unieke mutaties die niemand anders heeft. Diakiahet
een uitdaging om de schuldige mutatie te vinden bij een patimet
een genetische ziekte. We kunnen onze kennis van het genoodee
evolutie inzetten om te voorspellen hoe pathogeen nieuw&aties zijn.
In hoofdstuk 5 rapporteren we een slimme nieuwe methode diespeelt
welke mutaties ongevaarlijk zijn en welke erfelijke darmikar veroorza-
ken. Dit blijkt vrij goed te kunnen en we doen aanbevelingemvde
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richtlijn die diagnoses stelt.

Aangemoedigd door deze resultaten zijn we onze speelrugatn
uitbreiden van slechts een paar tot wel duizenden ziektegein hoofd-
stuk 6. Hiervoor gebruiken we DNA van mensen die geen verband
hebben met ernstige ziektes. Dat vergelijken we met ziektexekkende
mutaties die bij patienten gevonden zijn. Met het nodigeeakverk voor
ieder gen wordt bepaald wanneer een mutatie waarschijazigktever-
wekkend is. Het resultaat is een openbare website waar heADEN
patienten snel en accuraat gescand kan worden op mogelifkqmene
mutaties.

Tenslotte beschrijft hoofdstuk 7 hoe we een systeem vooug@aa-
tiseerde DNA analyse ontwikkeld hebben, inclusief eenqmotspeci ek
voor genoom diagnostiek. Dit protocol gebruikt onze nieuwethode
maar ook de laatste kennis over mutaties en genen. Pathogeutaties
zijn niet altijd verantwoordelijk voor de ziekte van een gait. Daarom
wordt het DNA van familieleden gebruikt om te bepalen of hetngtis-
che plaatje bij de patient ook echt klopt. De uitvoer is eereuv be-
standsformaat waarin medisch relevante informatie forineerdt uitge-
drukt. Dit bestand kan worden omgezet naar een overzicfkehpport
waarin de meest belangrijke informatie bovenaan staat.

Een van de voordelen is dat we deze analyse zonder handwark k
nen toepassen op de genomen van duizenden gezonde mensen. De
uitkomst hiervan dient als controle die ons verteld hoe valk soft-
ware een toevalstre er heeft in elk gen. Door deze inforreaitn het
uiteindelijke rapport te vermelden kunnen medisch expérts aan-
dacht richten op genen met de minste toevalstre ers. Hieeneordt
de snelheid en zekerheid waarmee een genetische diagnasedatient
wordt vastgesteld, verhoogd.
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LOCUS ACKNWLDGMNTS 1380 bp DNA linear KJV 15-NOV-2017

DEFINITION Dear friends: living beings are the result of a co mplex network of

thousands of interacting genes. Likewise, a PhD thesis is th
result of the support and collaboration of many interacting
individuals - you! Truly, you may consider yourself the DNA o
thesis. | would like to sincerely thank each and every one of y
for your kindness, brilliance and great times that allowed m
complete this book. Dank jullie well

ACCESSION DNKWRD2017

VERSION DNKWRD2017.1

KEYWORDS Thanks; bedankt; gracias; merci; danke.

SOURCE Homo sapiens (human)

ORGANISM Homo sapiens

Eukaryota; Metazoa; Chordata; Craniata; Vertebrata; Eute
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collaborations, and opportunities to try out all kinds of id
Dear Morris, your energy, ambition and always positive “"can
attitude has been a real driver and great inspiration. Cheer
| would also like to express my gratitude to my other promotor
Prof. Richard Sinke and Assistant Prof. Yang Li, as well as Pr
Cisca Wijmenga and Prof. Ritsert Jansen. Your clever insigh
constructive feedback and incredible commitment has taken
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including friends, past and present colleagues, students a
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mRNA join(1..1380)

ORIGIN

[N

61
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241
301
361
421
481
541
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721
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841
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961

1021
1081
1141
1201
1261
1321

/gene="YOU"
/product="THESIS"
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rosalie tca ggt aarne tt aga japke tc t erwin caac aacg douweg aac gertjan
cat kate tgc john cgacat gag helene a caggerben t tag jonne gt atc martijn
luuk gtcgag agttac jan a agct birgit aaasebo acg agrene cagt a henriette
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