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POPULAR SCIENCE SUMMARY OF THE THESIS 
 
Health care is in the middle of a revolution, even though it might not be obvious to 
everyone. During the last decade it has become affordable to access the whole genome of 
patients entering the clinic. To convert the biological molecule to human readable text is 
known as DNA sequencing or simply “sequencing”. It is a complex process that have 
evolved rapidly since the first time the DNA molecule was discovered in the 1950s. The 
first time a complete human genome was sequenced was in 2001 when the giant Human 
Genome Project finished. This is one of humanity’s mayor efforts and has been compared 
to the moon landing that was completed in the same amount of time, about 50 years, after 
the first flying machine was constructed.  
 
Genes in the genome act as blueprints for proteins that are involved in most processes that 
take place on the molecular level in all living organisms. Disruptions of the DNA is known 
as mutations or genomic variations and can lead to devastating implications for the 
individual, such as severe diseases or different types of cancer. As our understanding of the 
genome increases, the mechanisms behind these conditions become clearer and the chances 
of curing or preventing them in time gets better.  
 
The genome is vast, every cell of every living organism holds a full copy of its genome, in 
humans the genome consists of about 3 billion molecular bases or positions. The discipline 
of processing and analyzing these large datasets is known as bioinformatics. 
During this thesis work I have developed bioinformatic methods and tools that have been 
crucial in the process of implementing whole genome sequencing into health care in the 
Stockholm region. In this thesis I will go through the current state of the field then continue 
with explaining how the methods I have developed work and are implemented. Finally, I 
will show how the sum of this work have impacted health care, both on a large scale and for 
specific patients. 
  



 

 

 
 

POPULÄRVETENSKAPLIG SAMMANFATTNING 
 
Det pågår en revolution inom vården som inte är uppenbar för alla. Under det senaste 
årtiondet har det blivit möjligt att analysera hela den mänskliga arvsmassan för patienter i 
sjukvården. Processen att konvertera den biologiska molekylen till läsbar text kallas för 
DNA-sekvensering eller endast “sekvensering”. Det är en komplicerad process som har 
utvecklats snabbt sedan DNA-molekylen upptäcktes för första gången under 1950-talet. Det 
mänskliga genomet kartlades fullständigt för första gången år 2001 då det gigantiska 
Human Genome Project avslutades. Det måste anses vara en av mänsklighetens största 
triumfer och har jämförts med månlandningen som uppnåddes på ungefär lika lång tid, runt 
50 år, räknat från när den första flygmaskinen byggdes. 
 
Det finns delar av genomet som fungerar som ritningar till protein, dessa delar kallas för 
gener. Proteinerna är i sin tur involverade i alla biologiska processer som pågår i alla 
levande organismer. Förändringar i DNA kallas för mutationer eller genomiska 
variationer, dessa förändringar kan leda till förödande konsekvenser hos individen så som 
svåra sjukdomar och olika typer av cancer. I och med att vår förståelse för hur genomet 
fungerar ökar, så medför detta att vi kan förstå hur mekanismerna bakom dessa sjukdomar 
fungerar. I förlängningen leder denna kunskap till ökade chanser att hitta behandlingar och 
större förståelse för hur vi kan förebygga sjukdomarna. 
 
Genomet är väldigt stort och ändå innehåller varje cell i varje levande varelse en fullständig 
kopia av dess genom. I människor består genomet av 3 miljarder molekylära baser, eller 
positioner. Vetenskapen som handlar om att processa och analysera dessa gigantiska data 
kallas för Bioinformatik. Under min tid som doktorand så har jag utvecklat 
bioinformatiska metoder och verktyg, dessa har varit avgörande för en lyckad 
implementering av helgenomsekvensering i Stockholms sjukvård. I den här avhandlingen 
så kommer jag göra en sammanfattning av forskningsfältet idag för att sedan förklara hur 
metoderna som jag utvecklat fungerar och hur dom är skapade. Avslutningsvis så kommer 
jag visa hur summan av detta arbete har varit med och påverkat sjukvården, både i stor 
skala och på individnivå. 
  



   
 

   
 

 

ABSTRACT 
The larger goal of medical genetics is to map genotype to phenotype and to understand how 
genomic variation affects human health. In the field of rare disease genomics, there is a 
mendelian assumption that states: one disease one variant. This is simplified and means that 
when we observe the phenotype of a rare disease patient, we suspect that there is one or two 
genetic variations in one gene that cause the disease. It might sound like a simple problem 
to solve at first, especially compared to other fields in genomics, such as cancer and 
common disease where multiple loci, unrelated, together are expected to cause the 
biological state. However, it can be a daunting task to find this variant among the handful 
of million variants that each human individual is carrying in the genome. This thesis is 
focused on the problem of finding the causative variants in patients with suspected rare 
inherited disorders even though some of the tools and methods are applicable in other areas 
as well.  
Many challenges arise in the sequencing analysis as the amount of data grows, requiring 
development of novel methods and algorithms to enable handling and interpretation of the 
massive amounts of data. Hundreds of millions of short sequence reads are produced for a 
single individual in a whole genome sequencing experiment. These are mapped to a 
reference genome and the positions and regions that differ from the reference are identified 
or “called” as variants. The variants are annotated with as much relevant information as 
possible, so that prediction algorithms and humans can determine which variant or small 
number of variants among the millions identified that are pathogenic in a particular 
genomic or phenotypic context. 
This thesis was created in parallel with the process of establishing a genomics platform in 
the Stockholm region, to provide the hospitals with state-of-the-art genome analysis. The 
tools and methods that were developed during these years were implemented and tested in a 
production setting immediately. 
In this thesis work I will illustrate the field of Clinical Genomics from different 
perspectives, from the components of a rare disease analysis pipeline to the integration of 
whole genome sequencing in a clinical setting via a close-up case study.  
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The first gulp from the glass of natural sciences will turn you into an atheist, but at the 
bottom of the glass God is waiting for you. 

 
Werner Heisenberg 
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1 INTRODUCTION 
 

To understand the complex world around us we represent entities 
with models that are understandable to humans and sometimes 
computers. A well-known example is how we learn in school to 
model an atom like a small solar system with a nucleus that is 
surrounded by circling electrons. As our understanding of the 
microcosmos increases we learn how far away this model is from 
reality, however it is still useful for understanding the larger picture. 
In molecular biology we represent biological macromolecules such as 
DNA, RNA and proteins with sequences of letters that correspond to 
nucleotides or amino acids. These molecules have been shown to 
hold massive amounts of information. The discipline that evolves 
around processing this vast amount of data and to increase the 
understanding of living systems is named bioinformatics. In this 
thesis, I will explore how bioinformatic methods impact clinical 
genomics and how improvements of these methods increase our 
understanding about life and disease. 
 
To our current knowledge, deoxyribonucleic acid (DNA) is the only 
carrier of information that is passed between generations of life, 
meaning that everything that is needed to build, develop and maintain 
an organism is stored in this molecule. The total amount of DNA for 
an organism is called its genome and exists as a complete copy in the 
nucleus of each and every one of the billions of cells that make up an 
organism. When the double-helix nature of DNA was first discovered 
in 1953 it led to that Francis Crick, together with James Watson and 
Maurice Wilkins were awarded the Nobel prize in 1962 "for their 

discoveries concerning the molecular structure of nucleic acids and its significance for 
information transfer in living material". Rosalind Franklin should probably have been 
credited as well, however she died of cancer 1958 and due to the rules of the Nobel prize 
she could not be awarded. Only about 50 years later the Human Genome Project (HGP) 
presented a complete map of the human genome including about 3 billion positions 
distributed over 23 chromosome pairs. Today, thousands of whole human genomes are 
sequenced every day. The scientific journey of mapping the human genome is one of 
humanity’s greatest efforts and arguably one of its greatest achievements. 
  

Bioinformatics 
The science of 
collecting and 
analyzing 
complex 
biological data 
such as DNA and 
RNA sequences 

Genome 
All genetic 
information of an 
organism, 
including all 
genes and the 
non-coding 
regions 

Human Genome 
≈ 3 billion bases 
of DNA 
distributed on 23 
chromosomes. 
Includes a little 
less than 20.000 
genes 
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1.1 CENTRAL DOGMA OF MOLECULAR BIOLOGY 
 
This thesis evolves around the biological entities DNA, ribonucleic acid (RNA) and 
proteins and how changes in these molecules affect humans. DNA is the material that 
transfers inherited information between generations of all living cells. DNA and RNA are 
constructed by only four different, but similar, building blocks called nucleotides or bases. 
Each base of DNA and RNA can only be connected to one or two other bases, in that way 
they form a linear structure that can be read forwards or backwards, we say that DNA and 
RNA are linear polymers. Proteins are macromolecules constructed from chains of amino 
acids and participate in all cellular activity. Simplified, DNA holds the blueprint of proteins 
and RNA is the messenger molecule that transfers the blueprint from DNA to ribosomes 
where proteins are constructed. 
To understand the content of this thesis it is essential that the reader agrees on the central 
dogma of molecular biology, describing the unidirectional flow of genetic information. This 
idea was first published by Francis Crick in 1958 where he stated: 
 
” The Central Dogma. This states that once "information" has passed into protein it cannot 
get out again. In more detail, the transfer of information from nucleic acid to nucleic acid, 
or from nucleic acid to protein may be possible, but transfer from protein to protein, or 
from protein to nucleic acid is impossible. Information means here the precise 
determination of sequence, either of bases in the nucleic acid or of amino acid residues in 
the protein.” 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
  

 

 
Figure 1 – The Central Dogma of Molecular Biology 

Arrows illustrate how information flow from DNA to RNA to protein 
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1.2 THE HUMAN GENOME 
There are approximately 3 billion base pairs in the human genome organised into 23 
chromosomes. Autosomes are the chromosomes for which humans have two copies, or two 
alleles, for each position. The sex chromosomes, X and Y, differ in such a way that females 
have two versions of X and inherit one copy from each parent and no version of the Y 
chromosome. Males on the other hand have one version of X that is always inherited from 
the mother and one version of Y that is inherited from father to son. The genome can 
roughly be divided into two sets of sequences where one set consists of the protein coding 
regions, or genes, and the other set comprises non-coding regions, or intergenic regions. 
Everyone differs from the reference genome in on average 3 million positions: these 
nucleotide changes are called variants. Out of these variants, about 5000 are private, which 
means that they are unique to the individual (Anon 2015). On average, there is one variant 
identified for every eight base pairs in the human exomes collected so far (Exome 
Aggregation Consortium et al. 2016). The variability, defined as the number of genetic 
variants, is unevenly distributed over the chromosomes where chromosomes X and Y are 
least variable. This is most likely due to purifying selection since males only have one copy 
each of X and Y, which makes them more intolerant to deleterious mutations (Sayres, 
Lohmueller, and Nielsen 2014; Schaffner 2004). A variant is called pathogenic, or disease 
causing, if it gives rise to a disease and deleterious if it reduces organismal fitness (Kircher 
et al. 2014). A good example to aid in understanding the difference between these two 
concepts is the BRCA2 gene. BRCA2 is a gene where a heterozygous protein truncating 
variant (PTV) will cause severe disease late in life, while a homozygous PTV leads to 
death. The heterozygous variant is pathogenic, but not deleterious.  
Several large-scale sequencing initiatives have been completed during the last decade 
enabling deep insights into the structure and functionality of the human genome (Ameur et 
al. 2017, Anon 2014, Anon 2015:10, Anon n.d.; Gurdasani et al. 2015; Nagasaki et al. 

2015; Telenti et al. 2016). Surprisingly, these large 
datasets have revealed that any individual carries a 
fairly large number of loss-of-function (LoF) 
variants, resulting in gene-knockout, indicating 
functional redundancy for some genes (Narasimhan 
et al. 2016). It has been estimated that an average 
human genome carries about 100 LoF variants that 
will knock out the functionality of about 20 genes 
(MacArthur et al. 2012; Narasimhan et al. 2016). 
Following this idea, the information from the 
sequencing projects described above has enabled 
the definition of a set of essential genes, that is 
genes where LoF variants are never or rarely 
observed since they probably lead to embryonic 
death or significant drop of fitness. 
 

  

Loss-of-function and pathogenicity 
A loss-of-function (LoF) variant 
affects the gene in such a way that 
there is no usable product after 
translation. A pathogenic variant is a 
disease-causing variant. However, a 
LoF variant is not necessarily a 
disease-causing variant since there 
are many non-essential genes in the 
genome. On the other hand, a 
pathogenic variant does not 
necessarily have to be a LoF variant, 
it can disrupt biological functionality 
in many ways. 
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1.3 RARE DISEASE 
A disease is defined as rare if it affects less than 1 in 2000 individuals (www.eurordis.org) 
and it is estimated that about 7000 rare diseases (RD) exist (Amberger et al. 2015). Most of 
these are inherited single gene diseases that get transmitted in a recessive or dominant 

fashion. Although numbers like these are hard to 
deduce (Hartley et al. 2018) , what we do know is 
that, in total, rare diseases affect hundreds of 
millions of individuals. In a recent update (2019-04-
24) of the Online Mendelian Inheritance in Man 
(OMIM) there were 3696 known single gene 
disorders. The field is currently in a discovery phase 
where hundreds of new gene-phenotype relationships 
and thousands of new variant-phenotype 
relationships are reported every year (Wenger et al. 
2017), even though the pace for (reported) novel 
findings is decreasing 

(https://omim.org/statistics/update). Rare diseases were thought to follow the Mendelian 
laws of inheritance since the hypothesis was that they were always monogenic. Therefore, 
the terms rare disease, monogenic disease and mendelian disease are used to describe 
almost the same phenomenon. Today, it is well known that rare diseases can have both 
locus heterogeneity and allelic heterogeneity. Locus heterogeneity is the case where 
variation in multiple loci can cause the same phenotypic effect, like in Bardet-Biedl 
syndrome where variants in over 20 genes can give rise to the same phenotype (Ece Solmaz 
et al. 2015). Allelic heterogeneity is when variants at the same locus can give rise to 
different phenotypes. However, these diseases are still monogenic since only one gene is 
affected in everyone. Cases of digenic or oligogenic inheritance are also known, but are 
very rare. The types of mutations that cause rare diseases span the whole spectrum of 
genomic variation from single nucleotide variations (SNV), small insertions and 
deletions (INDEL) to larger structural variations (SV), altered copy number variations 
(CNV) and duplications and deletions of whole chromosomes. 

1.3.1 Rare Disease Genomics in the Clinic 
Working in a clinical setting, it is common to make a distinction between a clinical 
investigation and research. An individual is considered as a clinical patient, when entering 
into the health care system and the process starts by clinical investigation/phenotyping. 
Ideally the symptoms are described in a controlled vocabulary, such as the Human 
Phenotype Ontology (HPO) (Köhler et al. 2021), with the goal to identify the pathogenic 
variant and derive a molecular diagnosis. Based on the phenotype, patients will be screened 
against gene panels including known genes related to phenotypically similar diseases. It is 
important to understand that in this step the clinician wants to avoid handling information 
that is not relevant to the disease in question. If no diagnosis has been made, the 
investigation may transcend into research setting and with informed consent all available 
genetic information can be considered. The value of integrating modern sequencing 
technologies into the clinic cannot be overstated. Together with other medical tests, 
multidisciplinary teams have high opportunities to accurately diagnose patients that in the 
best case can lead to individualized treatment of disease (Bainbridge et al. 2011). This is 
particularly important for patients where acute symptoms present early in life and a quick 
diagnosis can lead to treatment preventing serious handicaps or death (Stranneheim et al. 
2014). 
  

Variant types 
Due to historical reasons and 
limitation of sequencing 
technologies variants are divided 
into: 
SNV – Single base alteration 
INDEL – insertion/deletion < 150bp 
CNV – segments that are copied or 
deleted 
SV – Large structural aberrations 
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1.4 CLINICAL BIOINFORMATIC ANALYSIS 

1.4.1 Sequencing 
Current sequencing technologies are performed by decomposing 
the genome into small fragments, called inserts, that get partially 
read by a sequencing instrument, this is also known as shotgun 
sequencing. The parts of the insert that get  sequenced are called 
reads. When the fragment is read from both ends, which is often 
the case, they make up a read pair, this is known as paired end 
sequencing. When running a whole exome or whole genome 
sequencing experiment today the best practice is to aim for an 
insert size of 350 base pairs and a read length of 150 bases. The 
length of the sequenced insert is limited by technology and will 

probably increase with time. The entire human genome is not completely accessible, even 
for whole genome sequencing. Approximately 84% of the genome can be sequenced with 
confidence, including 91.5% of the protein coding parts and 95.2% of the known 
pathogenic variant positions (Telenti et al. 2016). The reason why some genomic regions 
are notoriously hard to sequence is mainly due to low complexity regions, such as 
centromeres, telomeres and other repetitive regions. If the size of the low complexity region 
is significantly larger than the insert size it will be impossible to deduce the exact origin of 
the inserts covering the problematic region. Increased read lengths will open for larger 
insert sizes which in turn will give more completeness of the sequenced genome (Li and 
Freudenberg 2014). 

 
When planning to sequence a genome, there is a tradeoff between 
cost and sequencing depth. A higher sequencing depth allows for 
increased sensitivity and precision with a high variant call set quality 
but is more expensive to perform. Especially in a clinical setting it is 
desirable to find the balance between cost versus sensitivity and 
precision. When aiming for 30X coverage, 95% of the high 
confidence region described above will be covered to 10X (Telenti et 
al. 2016), which is usually the minimum number of reads that is 
needed to make a confident variant call. 
 
In the early days of clinical genetics there were not many alternatives 
when searching for mutations explaining a patient phenotype. If the 
investigator was lucky enough to have multiple affected individuals, 
linkage analysis could be performed (Slatkin 2008) to determine 
genetic markers that segregated with the disease. Based on linkage 
analysis, the most likely candidate genes in these regions would be 
sequenced, one at a time. If only a single subject was available, one 
had to make a qualified guess as to which genes might harbor the 
disease-causing variants and Sanger sequence those genes 
sequentially. With the advent of Massive Parallel Sequencing 
(MPS) in 2005 (Shendure et al. 2005), it became possible to sequence 
a panel of genes and look at a targeted section of the genome at once. 
The investigator still had to have an idea of where in the genome to 
search for causative variants based on the symptomatic picture of the 
patient. The entrance of whole exome sequencing (WES) (Ng et al. 
2009) was a revolution to the field of inherited disorders. Now the 

Sequencing depth 
Number of times, 
on average, that 
each base in the 
genome was read 
during sequencing 

Linkage analysis 
The process of 
identifying regions 
that are more likely 
to harbor 
pathogenic 
variants. Requires 
multiple affected 
individuals and 
preferably a large 
pedigree tree. 

Sanger sequencing 
The predecessor of 
MPS where one 
fragment at a time 
(typically a gene) 
was sequenced 

Whole exome 
All protein coding 
parts of the 
genome. In other 
words, all exons of 
all genes. In 
humans this is 
about 1% of the 
genome. 
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whole exome, which means all coding parts of the genome, was sequenced in one run on a 
sequencing machine. This marks the first time that investigators could have a hypothesis 
free approach to the analysis, shifting the analysis from phenotype driven to genotype 
driven. When looking at a case with a novel phenotype it was now possible to perform a 
genotype to phenotype analysis and first determine which mutations from an unbiased 
perspective look most pathogenic and then functionally validate if there could be a 
connection from the genotype to the phenotype. WES is still widely used today, but there 
are some well-known caveats: 
 

• Different types of bias are added to the analysis during the capture and amplification 
process (Warr et al. 2015)  

• Non-coding regions like deep intronic and regulatory variants will not be captured 
and can therefore not be analysed 

• SVs are challenging due to the fact that only small portions of the genome are 
sequenced and with variable read depth (Tattini, D’Aurizio, and Magi 2015)  

 
The advantage of WES is deep sequencing of the coding part, which includes most disease-
causing variants, to a low cost. With the introduction of the Illumina Hiseq X sequencing 
system in the beginning of 2014, whole genome sequencing (WGS) became affordable 
enough for all centers who could pay upfront for the machines to motivate this as an 
alternative when trying to diagnose patients with rare disease. The latest instrument from 
Illumina, the NovaSeq 6000 hit the market in 2017 and pushed the price of sequencing a 
whole human genome below 1000$ for the first time. Benefits of WGS include even and 
complete coverage of the whole genome that allows for better SV calling and access to 
potential disease-causing non-coding variants. 

1.4.2 Mapping 
Read mapping is a widely used solution to the challenge of having hundreds of millions of 
unordered reads from a sequenced genome, or part of a genome. This is called mapping, 
since the reads are aligned back to a reference genome - which can be done in an efficient 

and reliable manner. Each read or read pair if paired end sequencing, 
is aligned to the reference genome at the position maximizing an 
alignment score function, effectively highest when the highest 
number of bases are the same on the read as on the reference. Each 
mapping will get a Mapping Quality (MQ) score. If many bases 
differ between the read and the reference or if the read could be 
mapped to multiple positions, the MQ score will be lower. The 
advantage of this method is the speed and relatively good mapping 

accuracy. An Illumina WGS run with an average read depth of 30X, will give rise to about 
(number of base pairs in a human genome x time each position is read / length of a read): 
 

3 × 10! × 30 ÷ 150 ≈ 6 × 10" 

or 600 million reads, equivalent to 300 million read pairs. With modern algorithms, 
implemented in alignment tools such as bwa (Li and Durbin 2009), this number of reads 
can be mapped back to a reference in just a few hours on a modern personal computer. The 
disadvantage is that the reference genome only represents one version of a human genome 
with the result that most individual genomes will differ a lot from the reference genome. 
This leads to many poorly mapped and unmapped reads, which are still biologically 
relevant. To achieve a representation that is closer to the biological truth one can assemble 
all the reads together in an all-versus-all read comparison (Sohn and Nam 2018) to recreate 
the original sequences. Unfortunately, this is not feasible today since these algorithms take 

Reference genome 
A fixed sequence of 
nucleotides that 
represents the most 
likely version of an 
organism’s genome.  
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days and require heavy computational power for just a single sample. The final result after 
mapping is a file in the Binary Alignment Map (BAM) (Li et al. 2009) format that describes 
the best alignment location(s) in the used reference genome and the MQ of each mapped 
read. 

1.4.3 Variant Calling 
 
When reads have been aligned to the reference genome it is time to find out where and how 
the aligned representation of the genome differs from the reference genome. Each segment 
of the genome that differs from the reference is referred to as a variant, otherwise we call it 
homozygous reference. The variants vary in size: from SNVs that are one nucleotide 

changes; to INDELS where several bases are inserted or deleted; 
to larger structural changes in the genome, SVs. All called variants 
from the alignment are collected in a Variant Call Format (VCF) 
file. It contains the information we have at this point for each 
variant in the genome, for instance, the variant call quality, which 
is a measurement of the certainty of the call. The concept of a 
variant can be confusing since all it tells us is that a part of the 
genome differs from the reference genome, though we do not 
know how common the sequence is in a specific population. There 
are many genomic positions and differing segments that are not in 
the human reference genome, although these can be common in a 
population. These are referred to as normal variation and are not 
likely to cause rare disease. SNVs and small INDELS are easy to 
detect with modern applications while SVs are challenging 

(English et al. 2015), especially with the short-read technology that is mostly used today. It 
has even been suggested that the quality of called SVs is so low that it is not feasible to use 
in clinical practice (Telenti et al. 2016). The variant calls of SVs were inconsistent when a 
sample was replicated 200 times and the called SVs was compared between these. We 
addressed this problem in paper II.  

1.4.4 Annotation 
 
Before interpretation can begin, we need to collect as much relevant information as possible 
on each variant. This information can then be used in the clinical investigation of the 
variants and to design algorithms to prioritize variants before manual inspection. The first 
step is called annotation, where the variants are labelled with information from a range of 
sources. At this stage in the analysis pipeline, all we know about the variants is what 
genotype call the included individuals have. A variant call can be:  
 

• Heterozygous when the two alleles are different from each other and at least one of 
the alleles differs from the reference sequence  

• Homozygous alternative when both alleles have the variant allele  
• Hemizygous when the single allele on a sex chromosome has the variant allele or the 

allele is deleted from the homologous chromosome 
 
This zygosity information is recorded in the VCF-files’ genotype field. To facilitate the 
investigation, we need to gather more information about the effects of the variant, for 
example, how common it is in different populations, how conserved the position is in 
different species, the predicted functional effect of a variant etc. The aim of the annotation 
step is to collect as much information as possible on each variant and ultimately try to 
decide if the variant can have deleterious effects to the patient. Some of the annotations 

Variant 
Position(s) where 
one or both alleles 
differ from the 
reference genome. 

Homozygous 
reference 
Position where both 
alleles are the same 
as the reference 
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described here do not at all indicate deleteriousness but are still valuable by allowing 
investigators to disregard a significant part of the variant set. A disease-causing candidate 
will almost exclusively be a rare variant with protein altering effects. There are mainly two 
reasons for this: 
 

I. Protein altering variants are more plausible disease candidates 
II. It is still hard to predict the effects of non coding variation 

1.4.4.1 Population frequency 
 

As the frequency of the disease allele is directly related to the 
prevalence of the disease, the rarity of a variant is fundamental in the 
rare disease context. This implies that common alleles, in any 
population, cannot be causing rare disease and should therefore be 
disregarded. The reasoning is that a deleterious variant will be 
depleted by natural selection due to negative effects on survival and 
reproductive rates (Tennessen et al. 2012).  

 
When is a variant too common in the population for being disease causing? Thresholds 
have varied over the years, when the first larger data sets of human variation became 
available they included thousands of individuals and conservative thresholds were 
suggested with values between 1% and 0.1% for recessive and dominant diseases, 
respectively (Bamshad et al. 2011), where a recessive variant is allowed to be more 
common since it requires two variants to cause disease. In general, a rare variant is defined 
as a variant with a minor allele frequency (MAF) < 1% in the population. With a resource 
such as ExAC (Exome Aggregation Consortium et al. 2016), that includes > 60,000 
individuals, and gnomAD (Karczewski et al. 2019) (> 100,000 ind.) the possibilities in rare 
disease open up dramatically as variant frequencies are getting closer to the true population 
frequencies. Since the prevalence of rare diseases are low, it has been suggested to 
significantly lower these rare variant thresholds to around 0.01% for any rare disease 
(Kobayashi et al. 2017). The Hardy-Weinberg Equilibrium (HWE) is a principle that 
states: “genotype frequencies in a population remain constant between generations in the 
absence of disturbance by outside factors” (Edwards 2008), this means that the proportion 
of heterozygotes and homozygotes should be stable between generations. According to this 
principle, the relationship between two alleles can be described as 𝑝# + 2𝑝𝑞 + 𝑞# = 1 
where p is the frequency of the common and q is the frequency of the rare allele at a given 
locus. For an allele causing a recessive disease (q), a frequency of 1% in the population 
thus corresponds to a disease prevalence (𝑞#) of 1/10 000. When the frequency threshold is 
low enough most variants could be filtered, simplifying the analysis. For previously known 
diseases, it is feasible to base the threshold on the prevalence of the disease in question as 
arbitrary cutoffs are not efficient and often too lenient (Whiffin et al. 2017). One exception 
to using the low thresholds is the case of founder mutations. These are variants that have 
been enriched in isolated population that stems from a few numbers of individuals, or 
founders. In these cases where HWE does not apply and founder mutations can be disease 
causing, despite having a higher frequency in certain populations. However, these 
mutations are often well known within the healthcare system of each particular population.  
  

Prevalence 
How widespread 
a disease is in 
the population. 
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1.4.4.2 Conservation 
 

Important positions in the human genome are evolutionarily 
conserved. The degree of conservation can be measured by 
comparing the variability of homologous positions in other 
species. When homologous loci in the genome have the same or 
very similar bases in other species, these loci are considered as 
conserved. This assumes that if a locus is under neutral selection, 
we should observe that mutations have been established as species 
diverge. If the locus is conserved it is probable that introduced 
variability would reduce rather than improve fitness. The 
conservation can be estimated by comparing multiple sequence 
alignments in a range of species. There are some caveats of using 
conservation as a pathogenicity predictor. The most important is 
that a highly conserved loci does not necessarily mean that a 
mutation there will be deleterious. There are numerous examples of 
positions with human mutations in ultra-conserved regions without 
any noticeable effect. It could be that the function has changed 
during evolution and is not as crucial in humans as it is in the other 
species. One also must make a trade-off in what organisms to 

include when performing a comparative sequence analysis. The further away two species 
are in the evolutionary tree, the less likely it will be to find homologous sequences between 
them. And the closer they are the less the level of conservation will tell us about 
deleteriousness. As an example, between human and chimpanzee ~98.8% of the 
nucleotides are conserved (Waterson et al. 2005). There are several conservation based 
methods that are used in pathogenicity prediction with fairly accurate results, some that 
strictly quantify conservation such as gerp++ (Davydov et al. 2010) and others that predict 
how changes to amino acids affect protein function based on sequence homology, such as 
SIFT (Ng and Henikoff 2003) and polyPhen (Adzhubei, Jordan, and Sunyaev 2013). 

1.4.4.3 Variant effects 
 
The variant effect describes the impact of a variant on the corresponding reference 
sequence and its derivatives RNA and proteins. Since the codons for all amino acids are 

known it is straightforward to determine if an exonic variant is 
synonymous, which means no effect on amino acid, or non-
synonymous, which will change the amino acid. Estimating how an 
amino acid change affects the function of the protein is harder. 
Tools such as the Variant Effect Predictor (VEP) (McLaren et al. 
2016) and snpEff (Cingolani et al. 2012) can be used to annotate 
each variant with its effects. They use terms from a controlled 
vocabulary called the Sequence Ontology (SO) (Eilbeck et al. 
2005) to describe the consequence of a variant. Predicting the 

variant effect is not trivial. One example could be when a variant seems to be synonymous 
based on the codon alteration while it could be a splice affecting variant that dramatically 
affect the protein sequence. Therefore these tools are variant effect predictors, they will 
sometimes produce different predictions for the same variant (McCarthy et al. 2014) and 
the use of a common set of terms facilitates comparisons between effect predictors. 
 
  

Codon 
Triplet of 
nucleotides that 
codes for one 
amino acid. The 
conversion table 
for all 4! = 64 
codons is known. 
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ancestor 
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under evolutionary 
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organism. 
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1.4.4.4 Inheritance 
The Mendelian rules of inheritance, which were discovered by 
Gregor Mendel in 1866 (Mendel 1866), are still relevant for 
monogenic disorders and represent a powerful way to reduce the 
number of potential disease causing candidates. Clinical phenotype, 
previous knowledge about the disease and family history indicates 
what inheritance patterns to look for when analyzing a patient. 
Inheritance patterns are divided into two groups, dominant and 
recessive which behave differently depending on if the relevant 
locus resides on any of the 22 autosomes or the allosomes. 
 

Recessive inheritance 

In recessive inheritance both alleles of a locus must be disrupted for the disease to occur. 
The Autosomal Recessive Homozygous (AR hom) inheritance pattern is followed when all 

affected individuals in a family are homozygous alternative for a 
locus. Since all autosomal positions have one version inherited 
from the father and one from the mother, this means that both 
parents need to carry the same variant. In the rare disease case, 
where variants are extremely rare, this event is highly unlikely in 
a mixed population. However, if a family is consanguineous, 
variants following this pattern are likely candidates for causing 
the disorder. If two disrupting variants are inherited in trans, on 

different alleles, the Autosomal Recessive Compound (AR comp) inheritance pattern is 
followed. This pattern is expected for a recessive disease in a non-consanguineous 
pedigree. 

A recessive disorder on the X-chromosome follows the X-linked 
recessive (XR) inheritance pattern. This will affect males and 
females in different ways, females can be carriers of the disease 
and men will always be affected if they inherit the disease-
causing allele from the mother. Affected females will always 
inherit from an affected father and a carrier (heterozygote) or 
affected (homozygote) mother. In females that hold two copies of 
X there is a phenomenon known as X-inactivation where,  from  
early development, only one of the copies gets expressed. Since 

females have twice as many X genes compared to males, this machinery works as a dosage 
compensation. As a result, females heterozygous for an X-linked disease allele can display 
variable symptoms depending on the degree of inactivation of the normal versus the mutant 
allele.  
 
Dominant inheritance 

For dominant diseases it is enough to have one mutated allele to be affected. This means 
that if the disease is inherited, one of the parents must be affected and the disease is 
following the Autosomal Dominant (AD) inheritance pattern. In a pedigree analysis this 
type of disease is highly likely if multiple individuals in several generations are affected. 
There is also the Autosomal Dominant De Novo (AD dn) inheritance pattern where a newly 
arising heterozygous mutation is causing the disease. AD dn is extremely hard to discover if 
only a single affected individual is studied since there will be millions of heterozygous 
candidates. If both parents are included almost all of the variants can be dismissed since the 

Autosome 
All the 22 
chromosomes that 
are not sex 
chromosomes. 
Humans have a 
diploid genome 
meaning that there 
are two copies of 
each autosome 

Allosome 
The sex chromosomes 
which consist of one 
chromosome pair in 
humans. Females have 
XX and males XY 

Consanguinity 
Two persons are 
consanguineous if 
they share the same 
ancestor. Common in 
cultures where cousin 
marriage in 
encouraged. 
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number of de novo mutations will be around 60 in the whole 
genome with 1-2 affecting the protein coding parts (Acuna-
Hidalgo, Veltman, and Hoischen 2016). 
Dominant diseases on the sex chromosomes exist, but they are 
rare. X linked dominant (XD) diseases are inherited from an 
affected father or affected mother, or more often arise de novo. Y 
linked dominant (Y) will obviously only affect males and are 
always inherited from an affected father or de novo, one example 
is Spermatogenic Failure (MIM:41500) (Tiepolo and Zuffardi 
1976). 

 

Reduced penetrance 

Biology does not follow any man-made rules and there are always exceptions to 
constructions like these patterns of inheritance described above. There are several diseases 
where dominant variants are not always directly disease causing, which means that some 
individuals carry a “dominant” variant even though they are not affected by the disease. 
This phenomenon is called reduced penetrance and the biology behind it is not always 
entirely clear. One example where reduced penetrance is explained is inherited 
Retinoblastoma which is a dominant disease caused by mutations in RB Susceptibility gene 
(RB1). The disease is recessive on the cellular level meaning that both copies need to be 
lost in the cancer cell. Affected individuals inherit a pathogenic mutation from one of the 
parents, in a dominant fashion, and get a second hit in the form of a somatic mutation in the 
cells which give rise to cancer (Knudson 1971). In the cases where reduced penetrance is 
not understood the explanation could be that some unknown factors or variants need to 
coexist for the disease to occur, such as non-coding regulatory variants that are not 
necessarily located in the vicinity of the gene. 
Although inheritance patterns are essential when analyzing variants in rare disease the 
power in reducing variants in the analysis is not well investigated. A British study, which 
screened 1133 undiagnosed children, found that if all members of parent-child trios with 
unaffected parents were sequenced, the number of disease candidates could be reduced 
tenfold (Wright et al. 2015). When one or both parents were affected the number of variants 
could be reduced 3-times or 1.5-times, respectively. However, it is not clear how these 
results are affected by sequencing extended families or consanguineous families. It is also 
urgent to routinely consider more complex situations such as the case where a larger 
structural variant is in compound with an SNV, or when one of the potential causatives 
resides in the regulatory region of the gene. We have designed a tool called Genmod 
(Magnusson [2014] 2018) to address these challenges and study the power in reduction of 
variants for pedigrees with varying number of family members. 

De novo mutation 
Genomic variant that 
is not inherited, 
instead they are 
presented as a 
mutation in the germ 
cells of the parents or 
in the fertilized egg. 
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1.4.5 Quality Control 
The amount of data produced from a MPS experiment is massive and in order to transfer 
this amount of data to something useful, it must be processed through several bioinformatic 
tools with the more common steps described above. In each step, there will be errors 
increasing the number of false positive and false negative variants, so it is of great 
importance to understand the quality of the data. Many of the bioinformatic tools used to 
process the data output quality control (QC) reports and there are dedicated QC programs 
such as fastQC (Andrews et al. 2012), to analyse results from sequencing, and qualimap 
(Okonechnikov, Conesa, and García-Alcalde 2016), analyses alignments. With several tools 
producing metrics on different formats, some on the sample level and others for batches it 
is a complicated task to manage and report all this information. We addressed this problem 
in paper I.  

 
Figure 2 - Inheritance patterns 

Illustration of how pathogenic variants are inherited for the different inheritance patterns 
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1.5 VARIANT PREDICTION 
As mentioned earlier, sequencing a human genome results in tens of thousands (WES) to 
millions (WGS) of variants. After annotating all of them with information as described 

above, it is time to classify all variants as potentially pathogenic or 
benign to reduce the list of candidates that goes to manual 
interpretation. A perfect classifier would, based on the genotype and 
phenotype present a list of one or few disease-causing variants, making 
it easy to solve the case. Unfortunately, we are far away from this 
scenario today.  

There is a range of tools that are used to classify variants, some are based on conservation 
like gerp++ (Davydov et al. 2010) and SIFT (Ng and Henikoff 2003) whereas others try to 
measure the impact on protein function or protein structure like PolyPhen2 (Adzhubei et al. 
2013). Modern classifiers are based on machine learning algorithms and us many 
annotations to learn how known pathogenic variants behave compared to known benign 
such as Combined Annotation Dependent Depletion (CADD) (Kircher et al. 2014). Hard 
filters have been used extensively in the past, today this is seen as a crude way to handle the 
variants for several reasons:  
 

• It is likely that variants that fall out of a filter threshold could be interesting (eg. 
false negatives) 

• Choosing a threshold is often a balance between sensitivity and precision. A low 
threshold will increase the true positive rate, but lead to a large candidate list with 
many potentially false positive variants. A stringent threshold yields a manageable 
number of variants, but could mean that the causative variant is filtered out. 

 
The problem with using a classifier is mainly the ascertainment bias that is unavoidable. 
There are a few numbers of known disease-causing variants compared to the millions of 
benign. This is not an ideal situation to apply a machine learning algorithm to. Moreover, 
this approach suffers from a circular proof problem, since there is only a limited set of 
known pathogenic variants, found by previous methods that searched for a certain type of 
variants. Each algorithm separates a part of these variants as a training dataset and the 
remaining is left to study how the algorithm behaves, the validation set. When classifiers 
are trained at finding variants with the same properties as the ones already found they will 
have a hard time finding new types of variants (Grimm et al. 2015). 
  

Benign variant 
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has no impact 
on health 



 

24 

1.6 VARIANT INTERPRETATION 
With as much essential information about the variants gathered as possible, the investigator 
is presented a list of prioritized variants with many types of relevant information. It is now 
time to vet the variants based on all the parameters described above. This is done in a 
pedigree context where parameters such as how a variant segregates in the family can cause 
a variant that looks pathogenic to be highly interesting in one case or dismissed in another. 
It is of high value to share manually derived classifications and there are many initiatives 
taken to solve this problem where the most successful and widely used is ClinVar 
(Landrum et al. 2018). ClinVar is a curated public resource where researchers submit their 
classification and support for evidence to make them publicly available. Variant 
classifications are rated based on number of submitters, if the classifications agree, if they 
have been reviewed by an expert panel etc. To rate the clinical significance of a variant 
there are classification guidelines presented jointly by the American College of Medical 
Genetics and Genomics (ACMG) and the Association for Molecular Pathology (AMP) 
(Richards et al. 2015) known as the ACMG-guidelines. Based on some defined criteria, a 
variant is categorized as pathogenic, likely pathogenic, likely benign, benign or variant of 
unknown significance (VUS). This formalized way of classifying is sometimes not enough, 
and investigators will look at more criteria e.g., gene information, what pathways that are 
affected, biology, literature search, etc. This is by far the most time-consuming step in the 
whole analysis process described above and tools that help structuring the interpretation 
process are of great importance. There are a few solutions available via web browsers. 
Some are open source such as iobio (Miller et al. 2014) and Variation Viewer (Harrison et 
al. 2016) while other commonly used commercial solutions are the Agilent Alissa Clinical 
Informatics Platform and Ingenuity Variant Analysis by QIAGEN bioinformatics. 
However, there is a need for improved solutions that enable larger case-control and cohort 
studies (Eilbeck, Quinlan, and Yandell 2017). We have developed and implemented a 
solution called Scout (Andeer et al. [2014] 2021) that has been growing organically over 
the last 5 years. Scout is a web-based solution where multiple labs can access thousands of 
cases and analyse them individually or perform aggregated analyses where for example 
phenotype terms can be considered. This work has been critical for clinical implementation 
of MPS and is described more in paper III. Scout is built to handle issues such as data 
security and privacy while allowing users to share information with other trusted users.  

1.7 FUNCTIONAL VALIDATION 
Even after making a novel finding in a rare disease case, the road can be long to strengthen 
the case that the variant is disease causing. In many cases the complete aetiology of the 
disease is not known, which means that the condition needs to be delineated by arguing 
how a particular genotype gives rise to the phenotype or, in other words, to establish a 
genotype-phenotype connection. In these cases, the only way to show how a genotype 
impacts the phenotype is to use functional studies. Functional studies can be done in a 
range of ways on different levels of complexity, from studying how RNA expression is 
affected by genomic variants to constructing disease models using patient cells or model 
organisms. For some disease groups, such as inborn errors of metabolism or primary 
immunodeficiencies, clinical diagnostics rely heavily on detailed biochemical or 
immunological investigations. In these cases, the combined analysis of genomic and 
functional data provides a strong advantage when homing in on the underlying genetic 
defect, as described in paper III.  
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1.8 SHARING DATA 
 
To functionally validate a genetic finding is often difficult, expensive and sometimes not 
even possible for several reasons. On the other hand, if there are other patients that share 
the phenotypes and have a similar genotype the case that the variant in question causes 
disease becomes much stronger. As of today, there are hundreds of thousands rare disease 
genomes and exomes sequenced every year. Most of this data are siloed and never leave the 
lab. To share this information and group cases in cohorts would increase the power in the 
analysis. The big hurdle of sharing is that the integrity of a patient can be compromised. 
Today there are hard regulations on what is allowed to share and how to share (https://gdpr-
info.eu/). The legal systems have a hard time to catch up with the pace of advances in 
technology and allowing its implementation into healthcare and often choose to be 
restrictive when decisions must be made. Sharing can be done on different levels, ranging 
from single variants to whole datasets including genotype and phenotype. Solutions that 
exists today include the beacon network (Fiume et al. 2019) where specific variants can be 
searched via “beacons” to find other cases with same causatives and ClinVar (Landrum et 
al. 2016) where variant classifications are shared and curated in a public resource. There are 
also commercial resources like the Human Gene Mutation Database (HGMD) (Stenson 
et al. 2017) where users need to pay for a license to get access to the curated database. The 
Matchmaker Exchange (MME) (Philippakis et al. 2015) is an open-source initiative to 
link labs with case information on a global scale; MME is built and maintained by 7 
organizations that contribute with about 70,000 rare disease cases (March 2019). It is 
possible to share both genotype and/or phenotype which makes it a powerful tool in the 
search for similar patients or related genetic findings. Our in-house decision support tool 
Scout is a node in the MME-network (paper III). Scout also enables data sharing via 
Beacon and facilitates reporting of findings to ClinVar. 
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2 RESEARCH AIMS 
The overall aim of this thesis was to develop tools that enable and improve large scale 
whole genome sequencing analysis in a clinical setting. Furthermore, the aim was to apply 
these improvements in a context where rare diseases are being analysed routinely using 
WGS. 
 
The specific aims are: 
 

• To improve components of pipelines for analysing genomic data (Papers I-II) 
• To study how whole genome sequencing impacts the diagnostic rate for rare genetic 

disorders in a clinical setting (Paper III) 
• To identify the cause of and delineate a Mendelian condition using our in-house 

developed bioinformatic tools (Paper IV) 
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3 MATERIALS AND METHODS 
3.1 PATIENTS AND CLINICAL DATA 
 
In paper I, we present MultiQC which is a tool to gather reports for quality control. No 
patient samples were included in this paper. 
 
In paper II, we present the tool LoqusDB and show how information from local 
populations improve rare disease analysis. Whole genomes from 1000 individuals were 
collected from a public dataset named the SweGen cohort, presented in (Ameur et al. 
2017). The SweGen cohort is a collection of individuals from the Swedish twin registry that 
was chosen as a cross-section of the Swedish population ranging from south to north. 
 
All patients in paper III were collected by three clinics that together make up the Genomic 
Medicine Centre Karolinska – Rare Disease (GMCK-RD) at the Karolinska University 
Hospital, Stockholm and sequenced at the Clinical Genomics facility in Stockholm. We 
name this set of patients the ClinGen cohort. The ClinGen cohort consists of whole 
genome sequencing data from 4437 individuals from 3219 rare disease cases. For some of 
the cases additional family members were included in the analysis, explaining the 
difference in number of cases/individuals. 
 
In paper IV, we delineate a previously unknown Mendelian condition and show what 
genomic mutation caused the disease. All members of the family analysed in this study 
were part of the ClinGen cohort. 
 
All individuals, or legal guardians, who participated in the studies (paper II-IV) provided  
informed consent. The studies were approved by the Regional Ethical Review Board in 
Stockholm. 
 

3.2 DNA PREPARATION AND SEQUENCING 
 
DNA from all samples in the SweGen cohort and ~95% in ClinGen cohort was extracted 
from blood, the remaining samples were taken from other tissues such as muscle or fetal 
tissue. Sample DNA was fragmented using Covaris E220 to an insert size of approximately 
350 base pairs. The fragmented DNA was converted to sequencing libraries using PCR free 
sample preparation for paired end sequencing with a read length 150 bases, following the 
instructions from the manufacturer. Where the amount of DNA was enough, the Illumina 
TruSeq DNA PCR free sample kit was applied and for the few cases in the ClinGen cohort 
where the amount of DNA was low the Lucigen NxSeq AmpFree Low DNA protocol was 
used. Sequencing of the samples in the SweGen cohort was executed on the Illumina HiSeq 
X instrument. This was also true for all samples in the ClinGen cohort processed before 
December 2018 (n=2866). The rest of the samples in the ClinGen cohort (n=1571) were 
sequenced on the Illumina NovaSeq 6000 instrument. 

3.3 DATA ANALYSIS 
 
Even though the bioinformatic analysis of whole genome sequencing data follows the same 
pattern there are often slight differences between pipelines and therefore how the data is 
being processed. All individuals in the SweGen cohort were sequenced using a pipeline 
named Piper (https://github.com/johandahlberg/piper), while the ClinGen cohort samples 
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where all analysed with our in-house developed Mutation Identification Pipeline (MIP) 
(Stranneheim et al. 2014). In both pipelines, MultiQC was run to monitor that every step 
passes the quality control and to discover batch effects. 

3.3.1 Alignment and variant calling 
 
After demultiplexing of the raw information from the sequencing machines the unsorted 
reads from each sample ends up in two FASTQ files. All reads in both cohorts were 
mapped using BWA (Li and Durbin 2009) to reference genome GRCh37 utilizing the bwa-
mem command. Single nucleotide variants and short insertions and deletions were called 
using GATK following the best practice workflow. Manta was used to call SVs in both 
cohorts, however in the ClinGen cohort the structural variant calls were complemented 
using CNVnator and TIDDIT as well, the results from these callers were combined using 
SVDB. In the ClinGen cohort repeat expansions were called using the software 
ExpansionHunter (Dolzhenko et al. 2019). The tool VT (Tan, Abecasis, and Kang 2015) 
was used to decompose multi allelic variants and to normalize INDELs. 

3.3.2 Variant annotation 
 
The predicted impact of a mutation, or the variant effect, as well as common resources 
including gnomAD, SIFT etc. were annotated for SNV/INDELs in both cohorts using VEP 
and the SVs were annotated using SVDB. SNVs in the ClinGen cohort were also annotated 
using Vcfanno, local variant observations using Loqusdb and genetic models in the same 
cohort were annotated using Genmod. Moreover, all variants in the ClinGen cohort were 
scored and ranked using a weighted sum model adapted to rare disease, this model was 
implemented and annotated using Genmod. Since there are discrepancies in how 
SNV/INDELS and SVs are annotated there where two different scoring models for the two 
different types of variants, these score models are available on GitHub 
(https://github.com/Clinical-Genomics/reference- files/tree/master/rare-
disease/rank_model). The method of scoring variants and rank them based on the score is 
an essential part of how genetic analysis is being performed at Clinical Genomics. This 
allows the clinicians to examine the variants, starting with the ones that have a high 
potential of being disease causing and work their way down the list with confidence that all 
genomic variants from the original analysis are available for investigation, nothing has been 
filtered away except for “normal variation”, meaning variants with a population frequency 
above 40%. 

3.3.3 Gene panels 
 
One of the most effective ways to reduce the number of candidate variants is to search the 
genomic regions where mutations are known to cause disease, these regions are almost 
exclusively protein coding genes. The genes associated to a certain disease or disease group 
are gathered into gene panels, the gene panels are later used as a hard filter restricting the 
analysis so that the investigator can focus on the region most likely to harbour disease 
causing mutations. This is also a means to avoid incidental findings by narrowing the 
analysis to only the genes of choice.  
The fact that certain genes are associated to specific phenotypes is utilized by phenotype 
ontologies such as HPO, where phenotype terms are associated to a set of genes. When 
presented with a phenotypic picture that does not resemble any known condition. It is 
possible to generate an individualized gene panel based on the phenotype terms used to 
describe a patient. Tools such as phenomizer (Köhler et al. 2009) perform a statistical test 
based on phenotype terms and suggest similar mendelian conditions. Phenomizer also 
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presents a gene panel that associates genes with the phenotype. The procedure described 
above, as well as phenomizer, is utilized in Scout (paper III). 
The specialist clinics at GMCK-RD curates gene panels that are specific for their respective 
area of expertise, these panels are shared within the collaboration and used extensively 
during the analysis of rare disease cases presented in paper III. Originally developed in the 
genomics England initiative there is a public resource called PanelApp (Martin et al. 2019) 
where researchers and clinicians from all over the world collaborate on curating gene 
panels. In paper II, the Intellectual Disability (ID) panel from PanelApp was used to 
illustrate the usage of LoqusDB in a clinical setting. Gene panels from PanelApp were also 
used to some extent in paper III. When performing more explorative analyses there is a 
need to include all known disease genes. A gene panel with all genes known to be 
associated with monogenic diseases was created by including all genes from OMIM where 
a disease relationship was either “established” or “provisional”. This resulted in a panel 
with 3756 genes (latest update 27/8-21 includes 4199 genes) called OMIM-morbid and was 
used in paper II, paper III and paper IV. 

3.3.4 Quality control 
 
Monitoring the quality of the analysis steps and ensuring the integrity of samples are 
crucial. Most of the steps of the bioinformatic pipelines used in this work produce quality 
metrics and for every analysis in paper II, paper III and paper IV MultiQC, presented in 
paper I, was run after completed analysis to validate that the quality is high enough. To 
ensure that the reported gender of a sample corresponds to what is revealed in the DNA, a 
sex check as well as a coverage report was produced for all samples in paper III using 
Chanjo (Andeer et al. 2020). Chanjo is a command line base software that was developed at 
Clinical Genomics for persistent storage of coverage data, it is mainly used to summarize 
coverage information and produce coverage reports on gene panels. 
Moreover, to ensure that familial relationship is correct the tools Peddy and Plink were run 
on all trios and extended families included in paper III. To minimize the risk of sample 
mix-up a small sample of DNA was taken before library prep and sent to a third-party 
provider that does genotyping using MassARRAY technology. These results were then 
compared to the in-house sequence data produced at Clinical Genomics. 

3.3.5 Variant analysis 
 
To determine if a variant is potentially disease causing in a particular case, variants were 
vetted using the in-house developed decision support tool Scout. Scout was developed to be 
used in an environment where multiple individuals from several different clinics collaborate 
on thousands of cases. Scout combines pre-annotated information from the analysis 
pipeline with links to sources on the internet as well as information that clinicians 
themselves add to the cases and variants. Cases go through a 3-step procedure during 
analysis, this procedure applies to all samples in paper III (including the family in paper 
IV)  

• In the first step the number of variants to investigate is constrained to be included in 
only the most relevant genes, these are genes previously known to be associated to 
phenotypes that overlap with the patient phenotype. This reduces the risk of 
incidental findings. 

• In the second step the data gets shared between the other nodes within GMCK-RD 
where teams of different clinical expertise further analyze the data. 

• In the third and final step the case goes from being “clinical” to “research” and 
access to the whole genome is opened for analysis and potential discovery of new 
unknown disorders. 
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For the last step there are several methods available to reach out to the global community 
by utilizing modules in Scout that allows for data sharing. The services that are currently 
available for matching similar phenotypes or genotypes are Beacon and Matchmaker 
exchange 

3.3.6 Data Sharing 
 
There are efforts being made for sharing results back to the community by publishing the 
findings and analyses in a public fashion. With regular intervals the clinics gather their 
latest result and report them to ClinVar, making it possible for the global community to 
take part of the results. Scout has been integral for sharing data within GMCK-RD, over 
time modules have been added that enable the sharing of case- and variant information via 
MME, the Beacon network and ClinVar.  
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4 RESULTS 
 
Several software tools have been implemented during the course of this thesis work, many 
that have been mentioned either as articles themselves, paper I (MultiQC) and paper II 
(LoqusDB), while others are mentioned within articles, these include Genmod, Scout, 
Stranger, Chanjo and MutAcc (paper III and IV). In addition to the tools that are explicitly 
mentioned in the articles there is a plethora of applications developed to enable the flow of 
data in a sequencing facility that processes and analyzes massive amounts of data. It is 
important to stress that the implementation of WGS on in the clinical setting is a great 
challenge and these tools are components of a larger complex system that together have 
solved this challenge.  
 
All these tools are implemented in the programming language Python and adapted to the 
later versions above 3.6. Most of the tools use a CLI for communicating with the user. In 
some cases, especially for the internal works, the user is often another application that is 
part of an automated process, in these cases the interface is a REST API. The code is open 
source and is hosted on GitHub with the intention to encourage collaboration on the code 
and the tools themselves. As an example, the decision support tool Scout has a lively 
community where users, both in the form of clinicians and developers, highlight issues, 
make requests and improve the code base. The power of collaboration should not be 
understated, this is the most important part of Scout’s success. MultiQC was created with 
collaboration in mind from the beginning, design choices and usage have all been adapted 
to simplify for others. The purpose of MultiQC is to gather data from the multiple steps in 
bioinformatic analyses and wrap all the information into one report. Since the number of 
tools to use is ever growing it would not be possible for one or a few maintainers to adapt 
MultiQC to the needs of all. Fortunately, it seems like it is straightforward how to extend 
MultiQC considering the growth pace of the number of modules. 
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4.1 PAPER I 
When running bioinformatic analyses many tools are executed in multiple steps, each of 
these steps alter the data in some way and they often produce a QC report so that the user 
can monitor the process. This leaves the user with several reports making it difficult to 
oversee if the analysis was successful. To address this problem, we developed MultiQC 
(paper I) - a tool to gather quality metrics and visualize them in one report. MultiQC is an 
established tool used by labs all over the world with a living community that continuously 
adds modules with support for more bioinformatic tools. 
MultiQC is a command line tool that collects information from multiple bioinformatic 
pipeline components and summarizes the information in a beautiful report. These reports 
are an outstanding way of discovering outliers and batch effects when running analyses on 
multiple samples. Up until today MultiQC has more than 100 modules developed by 
researchers from all over the world, indicating how easy it is to extend the tool. MultiQC is 
nowadays a standard component of almost every bioinformatic pipeline, as of August 2021 
MultiQC is being run about 100k times every day. 
 
 

 
  

 
Figure 3 - A MultiQC example report 
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4.2 PAPER II 
Population frequencies are essential to rare disease analysis - we developed a tool called 
Loqusdb to keep track of local variant observations. This will aid in the analysis by 
highlighting problematic sites due to the local setting and provide detailed information 
about the local population that might be lacking in public databases. 
In paper II we study the added value of keeping a database of local population variation 
for different types of genetic variation, we also present  LoqusDB to maintain such a 
database. To study the value of a local variant database we randomly removed 98 
individuals from the SweGen cohort and used the remaining 888 to build a database that 
represents genetic population variation in Sweden. We call this database SweGenDB. 14 
individuals were removed from the experiment due to problems during preprocessing. 
Finally, we annotated all genetic variants in the 98 individuals with the observations from 
the SweGenDB as well as the population frequencies from the largest public dataset 
available, gnomAD. Results were compared by counting how many variants we could 
dismiss when using a threshold of population frequency above 1%. To illustrate the 
differences in number of filtered variants we compared three different combinations of 
databases: 
 

1) Only gnomAD 
2) Only SweGenDB 
3) Any of the two databases 

 
Due to their different nature, we separated SNVs and SVs and performed two parallel 
analyses. 
 

 
 
 

 
Figure 4 - SV cluster representation 

Illustration of SV representation in loqusdb. a visualizes a structural variant where A and B are the start 
and end coordinates. b illustrates how the same SV is represented in loqusdb with dynamic intervals 
around each endpoint. Size of intervals varies with size of SV. 
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Databases are constructed by loading all variants from an analysis using the CLI included 
in LoqusDB. SNVs/INDELs are straight forward, if the coordinates and the nucleotide 
change is identical to a previous finding the observation count is increased otherwise a new 
object is created. However, SVs are more complicated since current short read sequencing 
technologies are not optimal to accurately identify large genomic aberrations, resulting in 
inaccurate and variable representations of SVs. LoqusDB handles this problem by allowing 
“floating” representations of structural variants, meaning that the start and end coordinates 
are allowed to differ within a defined interval. The size of the interval is proportional to the 
size of the SV in such a way that small SVs have small intervals and larger SVs allow for 
larger interval sizes. In this way, LoqusDB increases the chance of representing the same 
biological event even though the sequencing instrument and variant caller failed to do so.  
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We found that the number of potentially disease-causing mutations can be significantly 
reduced in an unbiased way based on how common they are when curating a population 
variation database with information from local sequences using the method described in 
paper II.   

 

 

 

Figure 5 - Comparison of local frequency database versus gnomAD 

Violin plots presenting the number of filtered variants using a local frequeny database (SweGenDB) versus a 
public database (gnomAD). The local frequency database consists of 888 individuals. The frequency filter was 
applied on SNV calls (a) and SV calls (b) 
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4.3 PAPER III 
 
In paper III we study how the shift to whole genome sequencing in the clinic impacts rare 
disease patients in the Stockholm region. In total 4437 individuals from the ClinGen cohort 
have been sequenced with WGS, where 3219 where patients and the rest were patient 
relatives, most often parents. In this cohort 40% (n=1285) of the patients received a 
molecular diagnosis between the years 2015-2019. The solve rate varies depending on the 
patient’s phenotype group. In line with previous studies (Wright, FitzPatrick, and Firth 
2018) we observed that the solve rate varied between 19-54% depending on the phenotype. 
These disease-causing variants originate from 754 genes indicating vast heterogeneity. In a 
few cases recurrent variants were observed where the top recurrent genes where COL2A1 
and FKRP (n=12), MECP2 (n=11) and DYNC1H1 (n=10). However, most of the genes with 
disease causing variants were singletons (n=496 or 66%). In some cases, recurrent variants 
were observed, both known founder mutations, such as c.826C>A in FKRP and a known 
repeat expansion in RFC1, and mutations previously unknown to be recurrent such as 
c.1969G>T in CAPN1 that was found in two unrelated individuals from the same region 
outside of Sweden. SV variant calling was not introduced as a part of the clinical test up 
until 2017 due to the complex nature and lack of resources to annotate them with relevant 
information. In the beginning SVs were mostly investigated if there was an SNV variant in 
a gene of interest that could not by itself explain the phenotype. However, there is a non-
negligible number (n=64) of cases in the ClinGen cohort that have been explained by SVs. 
Most of these (70%) are copy number variations (CNVs), some are STR expansions, and 
the remaining are genomic rearrangements. 
 
When studying the inheritance patterns of disease-causing mutations, it was straightforward 
in families where both parents are sequenced (16%). However, most of the cases (84%) 
were single sample analyses or singletons. Whenever data was unavailable, a follow up 
Sanger sequencing of the region of interest was performed in both parents to confirm 
pattern of inheritance. This resulted in that the pattern of inheritance could be established in 
870 (68%) of the disease-causing variants revealing that the most common pattern was 
autosomal recessive inheritance (54%) followed by autosomal dominant and x-linked de 
novo (27%), autosomal dominant (12%), inherited x-linked (5%) and mitochondrial 
inheritance (1%). 
 
For some cases that were still unsolved after the initial analysis and where there was a 
strong suspicion of a genetic explanation for the disease the analysis was expanded to 
include the whole genome. Up until 2019, this has led to 17 novel disease gene discoveries 
and/or mechanisms for disease. This type of analysis is time consuming and new 
discoveries are continuously being done. The study in paper IV is one example of this 
situation, however since the finding was done after 2019 it is not counted among the 17 
mentioned above.  
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4.4 PAPER IV 
 
In paper IV we performed WGS of all five family members in a family with a previously 
unknown Mendelian condition. The proband is a girl with non-consanguineous parents who 
has a syndromic neurodevelopmental disorder. In the neonatal period she, in resemblance to 
a diseased older sister, presented with hypotonia (abnormally low muscle tone), apneas 
(lack of breathing), disappearance of the Moro reflex as well as Staphylococcus aureus 
parotitis (bacterial infection of the major salivary glands). At the time of the study the girl 
was 8 years of age and the condition had stabilized, present symptoms are severe 
developmental delay, hearing impairment, gastrointestinal problems, and a striking lack of 
tear fluid, saliva and sweat. This causes the respiratory mucosa to be dry and requires 
frequent inhalation of hypertonic sodium chloride to prevent life threatening breathing 
stops. 
 
The routine clinical analysis of known genes from the in-house curated gene panels gave no 
results and the family was opened to “research analysis” expanding the study to include all 
genes. We found two variants inherited in a compound heterozygote fashion in SLC12A2, 
including an SNV (c.2006-1G>A) which was predicted to alter a canonical splice site and a 
one base pair deletion (c.1431delT) causing a frameshift in exon 8. From a bioinformatic 
perspective, both variants follow the pattern of highly deleterious mutations by causing 
severe loss-of-function of the protein product.  
 
This disease gene was not described in the literature at the time of analysis. However, one 
patient was later reported with a phenotype  referred to as the “Kilquist syndrome” 
(MIM:609080),  resulting from a homozygous 22-kb deletion which caused a splicing 
defect of SLC12A2. No SLC12A2 (NKCC1) protein could be found in the patient, which in 
this case was a 5,5-year-old boy. The phenotype of this case was similar to our patient’s, 
and there was also a close resemblance to the phenotypes of corresponding mouse models. 
Taken together, this establishes biallelic loss-of-function variants in SLC12A2 as causing a 
distinct novel human disease. 
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5 DISCUSSION AND FUTURE PERSPECTIVES 
 
A recent publication estimates that there are at least ~ 6,100 – 14,400 rare disorders 
remaining to be discovered (Bamshad, Nickerson, and Chong 2019). Numbers like these 
will increase the pressure on finding new methods to discover and communicate findings on 
researchers and clinicians. Even though whole genome sequencing is entering the clinic, 
only a small part of the data is understandable now, most variants will be labeled as VUS in 
the following years to come. To increase the diagnostic yield from today’s ~30% there is a 
need for more multinational initiatives, improvements in technology and analysis tools. 
Initiatives such as the International Rare Disease Research Consortium (IRDiRC) are trying 
to push the field forward and have stated the goal that all genetic diseases will be diagnosed 
within a foreseeable future and suggest actions that are necessary to get there (Boycott et al. 
2017). Laboratories need resources so that every patient can become a research patient, 
expanding the analysis from known disease genes to the whole genome. Negative cases 
need to be reanalyzed in a controlled way, as it has been shown that reanalysis of 1-3 years 
old WES data increased diagnostic yield with 10% (Wenger et al. 2017). However, the 
million-dollar question is:  
 
What is explaining the last 50-70% of the undiagnosed rare disease cases?  
 
Of course, it is not certain that all these diseases have a genetic cause so it is unlikely that 
diagnostic rate will ever be 100% for genetic tests in the future. In fact, it is likely that most 
of the unsolved genetic diseases could be explained by the types of variants that we already 
today have methods to find, the protein coding LoF variants. Even if laboratories do find 
candidate variants in an increased pace it seems like the reporting of the findings are 
decreasing (Bamshad et al. 2019). The reason for this change is probably that novel 
findings do not have the same academic value; it is not worth the effort it takes to collect 
evidence that is needed to publish.  
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5.1 TECHNOLOGIES 
There are constant improvements and new innovations to the technology in the field of 
genomics. Current short read technologies are improved by increased read lengths and 
increased throughput to the same cost. At the same time other ways to access information 
are becoming more interesting as they take the step from research and enter the clinic. 
There is fascinating work being done in areas of methylation profiling and 
proteomics/metabolomics, however I will focus on the technologies that I believe are going 
to reach the clinics soon and that will have an immediate impact on discovery rates. 

5.1.1 RNA-seq  
Transcriptome sequencing (or RNA-seq) has a great potential to improve the interpretation 
of genomic variant findings by studying how RNA expression levels vary. It has been 
shown how RNA-seq, used as a complement to DNA sequencing, improves the diagnostic 
yield of rare disease patients for some phenotype groups in a clinical setting (Cummings et 
al. 2017). One of the advantages with transcriptome sequencing is that it can be performed 
using similar methods like MPS and be executed on the same instruments as regular DNA 
sequencing, facilitating for labs to start producing data. However, the drawback of this 
approach is that many genes have tissue-specific regulation so the results are dependent on 
what tissues the sequenced sample was taken from. It is not always clear what the relevant 
tissue would be for a particular syndrome and in some cases the tissue of interest might be 
very difficult to access. 

5.1.2 Long read sequencing 
There are two main players in the area of long read sequencing (LRS), Oxford Nanopore 
(Jain et al. 2016) and SMRT sequencing from PacBio. Short read sequencing technologies 
are well suited to discover SNVs and short INDELs, however when genomic variants get 
larger than the read length the accuracy of calling them drops significant (Mahmoud et al. 
2019). The same situation applies to complex regions, such as long stretches of repeats. 
MPS usually have read lengths around 150 bp while the LRS technologies currently have a 
read length on average around 10-30 kb which makes it more well suited for discovery of 
SVs and to map complex regions. Challenges with current LRS include: 
 

- Input material: Since insert sizes are much larger it is necessary to use high quality 
DNA, which is not always available. Also these technologies require larger amounts 
of DNA for library preparation. 

- Error rate: error rates are much higher than MPS, meaning that every time a 
genomic base is read the risk of reporting the wrong nucleotide is increased. 

- Cost: the cost of sequencing a genome is significantly higher with LRS than using 
MPS 

 
Using LRS in combination with MPS would be an excellent solution to the error rate 
problem since we can infer the correct readings from the short reads and the structure of the 
individual genome from LRS. However, until the cost for using LRS is dropping it will 
most probably stay in the field of research.  
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5.2 VARIANT TYPES 
Except from the most obvious category unknown disease-causing genes, there are several 
plausible explanations to what genetic components that are disease causative. The more 
complex ideas evolve around compound effects, such as pathogenic combinations of a 
certain methylation profile together with DNA mutations or oligogenic disease where 
variants in multiple genes explain the disease. There is little evidence for these suggestions 
today, however we will probably see an increase of reported cases. Here I will not delve 
further into the most complex ones and instead mention some words about current 
challenges. 

5.2.1 Mosaicism 
Mosaic mutations are mutations that are only found in a proportion of  cells in the human 
body. These mutations arise from de novo changes in early cell divisions in the 
development of the embryo. There are known cases of mosaic disease causing mutations 
(Westenfield et al. 2018), but these are hard to detect with a regular genetic test such as 
WES or WGS due to the low fraction of cells that harbor the mosaic mutation if not 
sequencing the affected cell type. Hopefully these will be detected if more comprehensive 
analyses are performed where multiple tissue types are sequenced for every patient. 

5.2.2 Structural Variants 
Structural variants have been identified to be disease causing for many years (Stankiewicz 
and Lupski 2010) and, as mentioned in the text above, WGS has improved the possibility to 
find SVs (Willig et al. 2015). When detecting SVs using short read technologies the 
algorithm usually searches for three types of phenomenon after read mapping: 
 

- Discordant read pairs: These are reads where the insert size and/or orientation of the 
reads differ from what was expected. 

- Soft clipped reads: Reads where only a part is mapped to the reference 
- Split reads: This is the case when one part of the read is mapped to one loci and the 

rest to another 
 
All these situations are indications of structural variations of the genome compared to the 
reference. As mentioned earlier there are large parts of the genome that are repetitive, in 
these regions we will see the above due to the complexity of mapping short reads to these 
regions. It becomes hard if there are actual structural variants in the repetitive regions and 
even worse when looking at repeat expansions, short sequences that are repeated multiple 
times where the number of multiples determine if an individual gets affected. The most 
promising solution for discovery of SVs is without a doubt LRS which have the potential to 
read through long stretches of the genome and catch full sized SVs and repetitive regions in 
a single read. However, even if we find all the structural variants in the patients, they are 
hard to interpret since there are fewer resources, such as population frequency databases, 
compared to SNVs. Most likely this is one of the categories that will explain more diseases 
soon.  

5.2.3 Silent coding mutations 
Synonymous mutation in exons were previously thought to have no effect on the functional 
consequence. Today we know that these can affect splicing, protein folding, expression 
levels of the gene etc. There are tools and validation strategies to evaluate synonymous 
mutations but they pose a challenge to interpret (Hunt et al. 2014). Combining DNA with 
RNA sequencing is the straightforward strategy for discovery of pathogenic silent coding 
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mutations. As of today there are no known prioritization tools available that combine these 
two sources of information; however it is most likely that they will appear in the near 
future. 

5.2.4 Non-Coding Variation 
The non-coding part of the genome consists of sequences that have important roles in gene 
regulation. There are non-coding RNA genes that, unlike regular genes that code for 
proteins, produce functional RNA molecules. Other examples of interesting non-coding 
parts of the genome are enhancers, suppressors, transcription factor binding sites and 
untranslated regions of coding genes. Any variation that affects the binding of proteins of 
transcription machinery can interfere with the expression of the target gene. These 
noncoding regulatory sequences are cell-type specific, and identification of these regions 
require cell-type specific high-throughput experiments. ENCODE (Dunham et al. 2012) 
and Roadmap Epigenomics (Kundaje et al. 2015) projects identified many of the known 
regulatory regions. Identification of mutations in these sequences requires multiple layers 
of information from these types of studies to enable evaluation. Usually, identification of 
gross deletions or duplications spanning over these sequences are easier compared to 
identification of SNVs in these sequences. For accurate pathogenicity prediction of non-
coding variants it is necessary to perform functional studies such as RNA-seq and 
proteomics.  

5.3 THE IMPORTANCE OF SHARING DATA 
Thousands of genomes are sequenced every week in labs all over the world and the pace 
will most probably increase for many years to come. It has been estimated that by 2025 
more than 60 million patients will have had their genomes sequenced (Birney, Vamathevan, 
and Goodhand 2017). All this information is a potential gold mine if treated in a structured 
way, using quality-controlled data along with extensive phenotypic information about the 
patients. That situation would facilitate for sophisticated algorithms to match patients based 
on both genotypes and phenotypes to find evidence for candidate mutations. Unfortunately, 
there are some obstacles on the way, where the hardest one has to do with legal issues. 
Most countries apply strict regulations to protect patient data, restrictions and regulations 
that have not been adapted to the genomic revolution resulting in those delicate decisions 
end up on the clinicians table with serious consequences as a potential risk. Even though 
patients sign informed consents where they comply with data sharing the regulations make 
it hard for clinicians and researchers to share information outside of the hospital setting. It 
is often in the patient’s interest to share their genomic information since that might improve 
the chance of finding an explanation to the disease and get them in contact with others in a 
similar situation. With the lack of solutions in place it has become increasingly popular that 
families reach out to the community on their own using social media (Might and Wilsey 
2014). There are attempts to avoid the regulations by encouraging families to find others in 
a more controlled way (https://mygene2.org/MyGene2/). However, the preferred road 
ahead would be to direct more resources towards variant sharing and investigate if more 
can be done to the legal situation. 
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6 CONCLUDING REMARKS 
I got into the field of genomics about 10 years ago, starting at a research facility today 
known as the National Genomics Infrastructure (NGI). It was just after WES had been 
announced and the whole field was in the middle of a technical revolution. It has been a 
fascinating journey and I feel privileged to have had the opportunity to join this revolution 
and hopefully been a microscopic part of it as well. My impression is that the velocity of 
the development and discoveries have slowed down a bit the last 3-4 years. However, the 
future looks bright, and I believe that we have only seen the beginning of how genomics 
will impact individual health and health care in the years to come. The technologies 
described above looks very promising, with LRS having the potential to be most disruptive 
in a positive way. Apart from that I sincerely hope that the scientific community drop the 
prestige around academic value in the form of high impact publications, leading to a 
protectionist way of treating patients and data. Instead, we need to always put the patient 
and the families first and direct resources towards intelligent data sharing which will have 
the greatest impact on the whole field. My prediction is that within 10 years most of us will 
have our genomes sequenced with full access to the data that we can analyze either on our 
own by utilizing commercial tools or together with a clinician in a health care setting. 
Cancer patients will have multiple WGS runs performed for both tumor tissue and multiple 
tissue types for extensive profiling etc. Overall this will be a good thing, however like with 
all technical advances that happens fast we need education and carefulness. 
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