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Abstract
Höglund, J. 2022. The effect of common and rare variants on inflammatory traits and
diseases. Digital Comprehensive Summaries of Uppsala Dissertations from the Faculty of
Medicine 1825. 49 pp. Uppsala: Acta Universitatis Upsaliensis. ISBN 978-91-513-1450-1.

Genome wide association studies (GWAS) have identified thousands of loci associated to an
immense number of traits and diseases. Most associations have been to common variants, but
rare variant associations are progressively being reported. Common genetic variants often have
a small effect individually but can contribute to disease risk when being several, whereas rare
genetic variants often have a large effect individually. In so-called complex diseases, a number
of variants together contribute to alterations in disease risk. However, to what extent common
and rare variants contribute in combination or separately, still needs to be characterized for
many types of diseases.

In Paper I, we performed a GWAS on whole-genome sequence (WGS) data from a Swedish
cohort (NSPHS, Northern Swedish Population Health Study). The same cohort have previously
been genotyped, and our aim was to assess the differences and possible gains of analysing WGS
data instead of genotyped data. We demonstrated that we were able to gain both power and
precision in increasing the support for previous associations as well as detecting novel ones.

In Paper II, we assessed the ABO blood grouping system by analysing the ABO genotypes in
UK Biobank. We genetically determined the ABO genotypes of all participates and investigated
whether individuals with different ABO genotypes pose different risks for cardiovascular and
inflammatory disease. We were able to fine-map previous associations between the ABO blood
groups and cardiovascular disease, including proteins involved in coagulation. We confirmed
that non-O individuals have a higher risk of blood clots, even heterozygous carriers of A and B.
These results show the potential importance of implementing ABO genotypes in the clinic.

In Paper III, we used whole-exome sequence (WES) data from UK Biobank to assess the
genetic contribution to changes in eosinophil count. We performed gene-based analyses with
five different analysis models and found novel associations to eosinophil count. We further
found associations that appears to be mainly driven by rare variants in previously known
eosinophil loci. Even if WES analysis is limited to coding variation, these are promising results
for further validation.

In Paper IV, we built upon Paper I and performed gene-based tests in relation to more than
400 protein levels measured in NSPHS. We utilised several different models, including only
coding variation, only regulatory and others and used these variant-sets in different models. By
taking common GWAS variants into account, we demonstrated that novel findings could still
be found. We further demonstrated that the majority of all variants in NSPHS are rare but the
majority of variants carried by each individual are common.

This thesis has highlighted the utilisation of different kinds of genetic data, and how it can aid
in both improving, fine-mapping and increasing associations to complex diseases. This work
had aided in the advancements in genetic epidemiology and medical genetics. It has explored
both genotyped, WGS and WES variants, highlighting how rare and common variants can be
detected and characterise in relation to inflammatory disease, both as single variants and in
aggregate.

Keywords: GWAS, inflammation, biomarkers, WES, WGS, NSPHS, UK Biobank, association
study
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Abbreviations 

ANNOVAR ANNOtate VARiation 

CADD combined annotation dependent depletion 

CNS central nervous system 

CVD cardiovascular disease 

CVD II & III cardiovascular panel II and III 

DNA deoxyribonucleic acid 

DVT deep vein thrombosis  

eQTL expression quantitative trait locus 

GWA genome-wide association 

GWAS genome-wide association study 

HGP Human Genome Project 

IBD identical by descent 

indel insertion and deletion 

INF I inflammatory panel I 

LD linkage disequilibrium 

LOF loss of function 

MAF minor allele frequency 

Mb mega (106) base pair 

MI myocardial infarction  

NCHGR the National Center for Human Genome Research 

NEU I neurological panel I 

NGS next generation sequencing 

NSPHS Northern Swedish Population Health study 

ONC II oncology panel I 

PC principal component 

PCR polymerase chain reaction 

PE pulmonary embolism  

PEA Proximity Extension Assay 

QC quality control 

SKAT Sequence Kernel Association Testing 

SNP single nucleotide polymorphism 

SNV single nucleotide variant 

T1D type 1 diabetes 

T2D type 2 diabetes  

UKB UK Biobank 



VEP variant effect predictor 

WES whole-exome sequencing 

WGS whole-genome sequencing 

Genes and proteins 

ABO alpha 1-3-N-acetylgalactosaminyltransferase and alpha  

1-3-glactosyltransferase 

ADA adenosine deaminase 

CCL11 C-C motif chemokine ligand 11 (eotaxin) 

CCL23 C-C motif chemokine ligand 23 

CCL4 C-C motif chemokine ligand 4 

CD40 Tumour necrosis factor receptor superfamily member 5 

CXCL5 C-X-C motif chemokine ligand 5 (ENA-78) 

FUT1 fucosyltransferase 1 (H blood group) 

FUT2 fucosyltransferase 2 

FVIII coagulation factor VIII 

GTA A glycosyltransferase 

IL-13 interleukin 13 

IL-15RA interleukin 15 receptor subunit alpha 

IL-18R1 interleukin 18 receptor 1 

IL-25 interleukin 25 

IL-33 interleukin 33  

IL-5 interleukin 5 

NPAT nuclear protein, coactivator of histone transcription 

RMI1 RecQ mediated genome instability 1 

TF tissue factor 

TGFB1 transforming growth factor beta-1 (latency-associated peptide) 

TM thrombomodulin 

TNFSF14 TNF superfamily member 14 

TSLP thymic stromal lymphopoietin 

vWF von Willebrand factor 
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Introduction 

The human genome 

In April 1953, Nature published the first three articles about the structure of 

DNA – the molecule that holds the blueprint for all living organisms. The 

structural description of the double helix by Watson and Crick1, came to be 

one of the most important scientific discoveries in human history. Later, in 

October 1990, the Human Genome Project (HGP), with James D. Watson 

himself as the first director of the National Center for Human Genome 

Research (NCHGR), was initiated. By April 2003, the first fully sequenced 

human genome draft was completed2. Now, 20 years has passed since the first 

analysis in February 2001 accompanying the publication of the first draft of a 

human genome, and it has led to an immense number of valuable discoveries. 

One realisation that was revealed, was that any two human genomes are more 

than 99.9% identical3. In 2015, a typical genome was estimated to differ from 

the reference human genome at 4.1 to 5.0 million sites, and around 20 million 

sites were estimated to differ due to insertions and deletions4. Consequently, 

the parts that do differ holds crucial information in the form of genetic 

variation. 

Genetic variation 

During normal cellular mechanisms, spontaneous errors can occur – so called 

mutations. To name a few, small scale variation arises commonly and can 

occur during chromosomal segregation, DNA repair, recombination and DNA 

replication. Every time DNA gets replicated, there is a possibility of 

replication errors to arise, for example by base pair mismatches, slippage in 

the replicational process or other endogenous processes. When mutations arise 

in somatic cells, every time that specific cell divide, the mutation will be 

present in the new cell as well. However, it will never be passed on to the next 

generation. Mutations need to arise in germ cells, to be able to be inherited to 

the offspring. The fact that mutations can be passed down, and hence are 

inherited, is what lays the foundation for genetic diversity.  
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Figure 1: Schematic visualisation of the molecular structure of DNA. DNA is 
composed of four different kinds of nucleotides, that are joined together forming 
strands. The strands coil in a helix shape manner - the double helix. Densely packed 
together, these form chromosomes. 

Rare and common genetic variation 

When examining genetic variation in contemporary populations, it will 

become apparent that different genetic variants occur in different frequencies, 

i.e., the allele frequencies can differ both within an individual, within a 

population and across populations. Differences in allele frequencies can hold 

information both of the age of the mutation, as well as the deleteriousness of 

the variation. Common variants tend to be old and rather harmless, as they 

have been able to accumulate in and across populations, whereas rare variants 

tend to be younger in age and deleterious variants tend to be more uncommon. 

However, depending on how areas were populated, deleterious mutations can 

accumulate and become rather common. In a small enough population, 

deleterious variants can behave as if they were neutral5, where the main driver 

of changes in frequencies is pure chance, i.e., genetic drift. 
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Natural selection and variant deleteriousness 

First popularised in Charles Darwin’s book On the origin of species in 18596, 

natural selection is nowadays explained as the mechanism that drives 

evolution, by a process through species allows to adapt to their environments. 

Genetic variation can give rise to phenotypic variation, and organisms with 

different phenotypes can have difference in survival and reproductive success. 

Along generational time, a population can become more and more adapted to 

its environment by passing on fitness-increasing genetic variation to offspring, 

and thus, the beneficial variants will increase in frequency and the population 

as a whole will have an increased fitness. Additionally, natural selection also 

acts in the opposite direction, purging the genome from deleterious variants. 

By this phenomenon, deleterious variants tend to be rare, and conversely rare 

variants found in a population are more often detrimental than common 

variants. However, detrimental variants can increase in frequency if they 

happen to be located close to a beneficial. In such a selective sweep, 

detrimental variants can increase to a larger than expected frequency. 

 

Figure 2: A common example of how natural selection can shape different species is 
the finches found on the Galapagos islands, Darwin finches, where the shape and size 
of the beak have changed morphology depending on the available food source. 

Mendelian and non-Mendelian inheritance patterns 

Different types of variants are giving rise to changes in the phenotype in 

different ways. Dominant variants (or alleles), will alter the phenotype even if 

only one copy is inherited by the offspring, whereas two copies are needed if 

the variant is recessive. In terms of disease risk, a disease that is monogenic, 

namely caused by a defect in one single gene, are called Mendelian disorders. 

Often these disorders are rare and has a severe impact on an individual’s 
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phenotype, for example by severely altering the function of a protein. Other 

phenotypes (or diseases) are more polygenic, meaning several mutations need 

to be inherited or gained to develop a severe disorder. These traits are often 

called complex traits. As many changes are needed, and the per variant 

consequence is often less severe, there can be differences in severity of disease 

as well. To allow better characterisation of traits and diseases, genetic variants 

need to be annotated with information such as predicted function. 

Analysing genetic variation 

The ability to analyse genetic variation is fully dependent on methods of 

extracting genetic information and translate it to interpretable data. This is 

performed by sequencing the genetic material. Since the release of the first 

sequenced human genome, DNA sequencing techniques have gone from 

sequencing single DNA fragments to short read whole-genome sequencing 

with low coverage and long read whole-genome sequencing and high 

coverage, which has improved both research and medical care immensely.  

Genotyping 

SNP (single nucleotide polymorphism) genotyping is performed on DNA 

microarrays, sometimes called SNP chip (‘snip-chip’) or SNP array (‘snip-

array’). Depending on the research question, a microarray can contain a few, 

up to several hundreds of thousands of DNA probes. In spotted microarrays, 

probes are often oligonucleotides. They are synthesized prior to the spotting 

onto the array, and they correspond to regions of interest in the genome. 

Nowadays, large genotyping array are available, and the largest, whole 

genome genotyping microarrays often contain up to one million SNPs. Often, 

the SNPs on the array are chosen to capture either variation that has previously 

been associated to a trait or type of disease, or they are chosen to be able to 

capture as much variation as possible. Carefully chosen SNPs will, based on 

correlation patterns in the genome, be able to ‘tag’ the rest of the correlated 

variants in a genomic region or across a whole haplotype. The correlated 

variants can then be imputed with the help of a reference. 

Imputation 

When genotyped data is available, and a reference genome of the species of 

interest, there is a possibility to perform genotype imputation. In statistical 

terms, imputation is the process of replacing missing data with values based 

on the available data, such as filling in with the average. In genetics, the 

missing values (unobserved genotypes) are inferred based on known 

haplotypes in a population. In samples of unrelated individuals, over short 
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stretches, the individuals’ haplotypes will be related to each other due to being 

identical by descent (IBD). Due to recombination, there will be local patterns 

of IBD, and imputation methods attempt to identify this sharing of haplotypes 

between individuals and the haplotypes in a reference set. The haplotype 

sharing between the samples and the reference will then be the basis for 

imputing the missing alleles in the study samples7. Recombination makes 

genotypes within a haplotype share a correlation pattern, as they are in linkage 

disequilibrium (LD). Together with the reference genome, the gaps can be 

filled in, and thus a larger set of variants can be retrieved than the genotypes 

present on the array. Now, the most commonly used haplotype map is 

HapMap8. However, the more uncommon a variant is, the more evolutionarily 

recent it is, and thus, the less correlated to a haplotype it is. Thus, when using 

a general haplotype map like HapMap, imputation quality starts to drop quite 

rapidly at allele frequencies of around 1%9. 

 

Figure 3: Simplified visualisation of how correlation patterns can look like. The graph 
shows an example of a sequenced region, where variants are given an rs-id. The darker 
the colour, the more correlated are the variants. By carefully choosing variants when 
performing SNP genotyping, here depicted in dark pink, the rest of the variants can 
be imputed with the use of a reference. The correlation pattern is shown in blue; the 
darker the colour, the higher the correlation. These highly correlated regions are what 
forms haplotypes. 
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Whole-genome sequencing 

With advances in sequencing technology and decreasing sequencing costs, 

high-throughput sequencing such as next generation sequencing (NGS) 

started to revolutionising the market. NGS methods produce highly accurate 

short sequencing reads of about < 600bp, resulting in a cost-effective 

accumulation of vast amounts of sequencing data. One application is aimed 

towards whole genome sequencing (WGS) where an individuals’ full genome 

is sequenced, from which variants can be called without the need of 

imputation. As imputation is fully dependent on a reference genome, the 

ability to impute population specific variants and rare variants in general 

becomes heavily limited9. The NGS technologies allowed for deeper 

sequencing, increasing the coverage per variant, and thus increasing the ability 

to capture population specific and rare variants with higher confidence. 

Whole-exome sequencing 

Another way of overcoming the notion of limited amounts of data, is to focus 

on the coding regions of the genome. Many disease-causing variants in 

Mendelian disorders are within coding regions, making the introduction of 

whole exome sequencing (WES) crucial for detection of these variants, 

especially if they are de novo mutations. By limiting the sequencing to only 

coding variants, the sequencing depth can be increased, yet not deep enough 

to distinguish true low-frequency variants from sequencing artefacts. Analysis 

of low-frequency variants in large populations must still be performed with 

caution. 

Sequence annotation 

Variant annotation can be described as “the process of assigning functional 

information to DNA variants10. Annotation software often make use of several 

different kinds of annotation, like sequence conservation and how likely a 

variant is to alter protein structure and function. The most fundamental level 

of variant annotation is functional relationship, i.e., what relationship a variant 

has to coding sequences in the genome, and further how that change might 

alter the gene product. The outcome of the annotation will depend on the gene 

in which the variant is located and most likely, within which isoform of the 

gene the variant is affecting. Through alternative splicing, a gene can have 

several transcripts, giving rise to different isoforms, and depending on where 

the variant is located, the function might vary between the transcripts. Some 

of the more common tools are Ensembl’s variant effect predictor (VEP)11, 

mainly focusing at functional annotation, ANNOVAR (ANNOtate 

VARiation)12, which also incorporates other information like disease 

associations and clinical relevance, and lastly the so-called combined 
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annotation dependent depletion (CADD)13, that combines more than 50 

different types of  

annotation into one score. The higher the score, the more deleterious is the 

variant. 

 

Figure 4: An example of annotation based on functional consequence relative to a 
coding sequence (gene). A variant’s functional annotation will vary depending on 
where it is located relative to the gene. 

Making use of genetic variation in a population 

Genome-wide association studies 

Now, after reference maps have become widely available, performing 

genome-wide genetic scans (a so-called genome wide association study, 

GWAS) has become much more accessible. A GWAS is an observational 

study, where each observed genetic variant is tested for association with a trait, 

like a disease in human. It works both in a case-control setting, where it tests 

the log odds of an individual developing disease given being a bearer of certain 

variant, or in continuous traits, e.g., where it tests whether a genetic variant is 

associated with a higher (or lower) average of, for example, a protein. The 

number of registered unique trait-variant associations have increased 

dramatically during the last 10 to 15 years since the first GWAS was 

conducted14. 

With increasing population sizes being sequenced, variants of lower 

frequency can be analysed, however the more variants included, the higher 

risk of a false positive association. Common practice is to adjust for multiple 

testing, taking the number of independent tests performed into account, but 

lately is has also been increasingly common to perform replication studies. A 

replication study tries to replicate the findings from one GWAS in another 

independent cohort. If the association is replicated, it can be seen as more 

robust. 
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Figure 5: The latest diagram (downloaded 2022-03-23) of all deposited variant 
associations in the GWAS catalog14. The associations (dots) are coloured based on the 
type of trait association being reported. 

Variant collapsing methods 

The low frequency of most sequence variants15 seriously limits the power of 

using single variant tests like a GWAS for analysing WGS data16. These 

limitations can be minimised, by collapsing rare variants and analysing them 

jointly in a burden test17–19. Burden tests are powerful when the effects of all 

collapsed variants have similar magnitudes and directions. It can be when two 

different missense variants influence the protein function to the same degree 

and are both disadvantageous instead of one being disadvantageous and the 

other being beneficial. By filtering on the predicted deleteriousness of rare 

variants, and including only loss of function (LOF) variants, or  variants 

annotated as ‘possibly deleterious’, studies have shown that the burden of 

damaging rare variants is associated with complex traits and diseases20,21. 

Filtering variants based on deleteriousness can be useful, but variants can also 

be weighted by their allele frequency under the assumption that rare variants 

are more pathogenic than the common ones. In addition to filtering variants 

away, all variants can be kept and weighted by their predicted 

deleteriousness22. However, while rare variants are more likely to have a 

functional consequence than common variants, most genetic variants 

throughout the full allele frequency spectrum are neutral23. Therefore, 

methods that do not assume uniform directionality and magnitude of all tested 

variants are more appropriate to use when analysing WGS data. One such 
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method is the Sequence Kernel Association Test (SKAT)22. It modulates the 

effect of multiple genetic variants together in a multivariable approach. In 

SKAT, each variant can be assigned a weight that reflects its expected impact 

on the test statistics. Commonly, either rare variants are upweighted since they 

are more likely to be deleterious and the power to detect the effect of a rare 

variant is typically limited by a small number of observations, or variants 

annotated as damaging are upweighted. 

Application in specific traits and diseases 

Proteins as biomarkers 

Proteins are often strongly genetically regulated24,25 and have been shown to 

be less polygenic (be influenced by more than one gene) than other complex 

traits and diseases. This increases the power to study the genetic effect on 

protein levels in a smaller cohort where WGS data is available. When used for 

diagnosis, an ideal protein should be uniquely present or overexpressed in the 

tissue of interest and not be influenced by confounding factors, such as genetic 

variants24,25. If the protein meets these criteria, it can be used as a biomarker. 

However, genetic factors commonly have a considerable effect on protein 

levels and introduce noise when proteins are used for diagnosis. Estimating 

the and characterise the genetic effect on the variation in protein levels, can 

aid in the work towards establishing proteins as biomarkers of disease.  

Proximity Extension Assay 

Levels of biomarkers and circulating proteins can be measured with the 

protein extension assay (PEA). Briefly, it is an affinity-based assay, where a 

pair of oligonucleotide-labelled antibody probes bind to the targeted protein. 

If the two probes are in close proximity, a PCR target sequence is formed, the 

resulting sequence is detected and then quantified using standard real-time 

PCR. The samples are analysed on ten different plates with 96 wells each26. 

Of the 96 wells, 92 are samples, one is a negative control and three are positive 

controls, both used to determine the lower detection limit and to normalize the 

measurements. The PEA is provided in panels. In paper I, the inflammatory 

panel INF I was analysed (92 proteins in total) and in paper III, the 

cardiovascular CVD II and CVD III, inflammatory INF I, oncology ONC II, 

and neurological NEU I panels were analysed. 
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Figure 6: Schematic figure of the three steps of PEA: assay, extension and 
amplification. Antibodies bind to their targets (immunoassay), a PCR target sequence 
is formed (extension), and the sequence is detected and quantified (amplification). 

Complex diseases 

Inflammatory traits and diseases 

Inflammation is the process of a biological response to harmful stimuli, like 

pathogens, or irritants like allergens. The response includes many systems and 

cells, and its goal is the elimination of the initial cause of cell injury to then 

initiate tissue repair. There are five cardinal signs of inflammation: calor, 

dolor, rubor, tumor et function laesa, i.e., heat, pain, redness, swelling and 

loss of function27. Inflammation can be either acute, with an increased 

movement of granulocytes from blood into the injured tissue and a 

propagation of inflammatory response through the vascular and the immune 

system, or chronic, with a prolonged inflammation where there is also a 

destruction and healing of the tissue from an inflammatory process happening 

simultaneously. Inflammation itself is a healthy response, although when the 

same inflammatory reaction is targeting the body’s own healthy cells or 

tissues, abnormal inflammation forms, which can result in inflammatory 

damage in the form of inflammatory diseases. 

One example of inflammatory disease is arthritis, which is acute or chronic 

inflammation affecting one or more joints. It can involve both joint swelling, 

deformities, pain and stiffness. The most common form of arthritis is 

osteoarthritis of the hip and knee. Osteoarthritis can be triggered both by 

genetic and environmental factors. Osteoarthritis of the hip and knee have the 

greatest global impact on quality of life, ability of work, but also health care 

costs28. Rheumatoid arthritis is another example that can be defined as a 

“chronic, inflammatory autoimmune symmetrical polyarthritis that primarily 

targets joints”29, where polyarthritis is referring to the fact that it affects more 

than one joint. 

Another example of inflammatory disease is allergic reactions such as 

asthma. On role of the immune system is to destroy damaging molecules and 
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other substances that are entering the body. However, if the body is reacting 

to a harmless substance as if it was harmful (reacting to an allergen), it will 

try to destroy it and cause an allergic reaction. Asthma can be triggered by 

allergens; however, other environmental factors can also trigger it. Most 

importantly, both genetic and environmental factors seem to play a significant 

role. 

 

Figure 7: Simplified explanation of an allergic reaction. An allergen is inhaled and 
travels through the airways. There, the allergen is causing damage to the epithelium, 
causing the release of alarmins IL-33, IL-25 and TSLP. The innate immune cells are 
then activated and release proinflammatory cytokines like IL-5 and IL-13 that will 
recruit eosinophils and mucus production respectively. Lastly, T helper cells and 
adaptive immune cells are activated via dendritic cells. 
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Eosinophils 

White blood cells play an essential role in our immune system. Eosinophils 

are white blood cells that are known to be important mediators of allergic 

responses. They can be distinguished from other white blood cells by their 

bilobed nuclei and large acidophilic cytoplasmic granules. Eosinophils are 

tissue leukocytes, primarily found in the gastrointestinal tract. Before residing 

in the tissue, eosinophils circulate in the bloodstream with a half-life of 8 to 

18 hours. Therefore, although tissue specimens are required for precise 

measurement estimating eosinophil count is routinely performed using 

peripheral blood samples30. Eosinophils play various complex roles in the 

body. They are involved in antigen presentation, releasing of cytokine 

mediators in response to acute and chronic inflammation, reacting to parasites 

and homeostasis of the body immune responses30. The number of eosinophils 

is stringently regulated in healthy individuals, and they make up a small 

fraction of white blood cells31. In certain pathologic situations, regulation is 

disrupted which may lead to a range of clinical consequences. Many allergic 

reactions, infections, autoimmune disorders, malignancies and even 

transplanted organ rejections have been associated with a too high number of 

eosinophils (eosinophilia), defined as blood eosinophil count of more than 500 

per microliter30,32.  

 

Figure 8: Schematic picture of an eosinophil. 
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Cardiovascular diseases 

Cardiovascular diseases (CVD) are diseases and conditions that affect the 

heart of the blood vessels. CVD are the leading cause of death globally (World 

Health Organisation, WHO, accessed 2022-03-10). One of the main types of 

CVD is coronary heart disease which then can lead to angina (restricted blood 

flow to the heart leading to chest pain), heart attacks and even heart failure. 

Another main type is stroke, characterized as an acute injury of the central 

nervous system (CNS) with a vascular cause. Most of them are ischemic due 

to a reduced blood flow. The reduced blood flow generally stems from arterial 

occlusion (closing up)33. This can cause brain damage and will in worst case 

lead to death. Many risk factors are lifestyle induced, such as inactivity, 

smoking, diet and alcohol intake, but there is also a genetic and hereditary 

component to it. Whether it is by genetic or lifestyle reasons, high blood 

pressure (hypertension) is one of the most important risk factors, as high blood 

pressure can damage blood vessels. 

Another type of cardiovascular trait that can lead to complications is the 

forming of blood clots. If a blood clot blocks a vein, carrying blood from body 

to heart, it is called venous thrombosis. If it is formed in a deep vein, i.e., a 

vein that is not on the surface of the skin, it is called deep vein thrombosis, 

DVT. If these clots are dislodged, they can travel to the lung vasculature and 

cause pulmonary embolism, PE34. Apart from being harmful in itself, 

thrombosis can also lead to further complications such as stroke and heart 

attack. 
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Figure 9: Visualisation of the steps from a normal vessel to thrombosis. 1. Normal 
vessel without complications. 2. Fatty streak: lipid-laden foam cells are expanding in 
the vessel. 3. Intermediate lesion: A lesion is formed. 4. Atheroma: the accumulation 
of lipids is continuing at the inner wall. 5. Fibrous plaque: the fatty streak has evolved 
into a plaque across the vessel walls. 6. Rupture and thrombosis: When the lesion 
contains too high amounts of lipid, it becomes unstable, the plaque will rupture and 
may result in the formation of thrombosis35. If it dislodges, it can travel up in the 
lungs, causing pulmonary embolism.  

ABO blood grouping system 

The ABO blood group antigens were first identified by Karl Landsteiner in 

the beginning of the 20th century, and its alleles give rise to the four major 

blood groups A, B, AB, and O. Since then, several associations have been 

reported between particular ABO blood groups and an increased susceptibility 

to disease, ranging from cardiovascular diseases to infections. 

The blood groups are determined by the ABO gene on chromosome 9. ABO 

encodes an enzyme with a function to convert a precursor enzyme (the H 

antigen, encoded by FUT1 when expressed on red blood cells, and by FUT2 

when found in secretions)36 to a mature antigen via sugar donation37. The 

proteins responsible for this conversion are encoded by the A and B alleles, 

synthesizing the A and B antigen, respectively. The O allele encodes an 

enzymatically inactive protein product, leaving the H antigen as is (referred to 

as the O antigen). Individuals with blood group AB will therefore have both 

A and B antigens while individuals with blood group O will have neither. 

These three ABO alleles – A, B, and O – were long thought to be all, but since 

the blood grouping system started to become more systematically 

investigated, several sub-alleles and minor alleles have been found38. One 

example is the A1 and A2 sub-alleles where both encode GTA, but where the 

ABO allele A2 express a much lower enzyme activity than A139. 

Consequently, A2 individuals have a lower expression of the A antigen. 
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Figure 10: Schematic explanation of the ABO blood grouping system. For each blood 
group, an explanation of the type of cell blood cell, the coding genotypes, the 
antibodies in the plasma, what group(s) it can donate to, and what type(s) they can 
receive from, is shown.  

Investigated cohorts and ethical statement 

Northern Sweden Population Health Study 

NSPHS is a population-based cohort form northern Sweden with over 1000 

participants. Levels of 450 protein biomarkers have been measured in plasma 

using the Olink Proseek Multiplex panels. WGS has been performed at 

SciLifeLab in Stockholm, using Illumina short read technology (X-ten) to 30x 

per individual for the whole cohort. The NSPHS was approved by the local 

ethics committee at the University of Uppsala (Regionala 

Etikprövningsnämnden, Uppsala, 2005:325, and an extension of the project 

was approved 2016-03-09) in compliance with the declaration of Helsinki40. 

Informed consent to the study was given by all participants, including the 

examination for environmental and genetic cause of disease. If a person was 

not of age (< 18 years), a legal guardian signed additionally. 

UK Biobank 

UK Biobank (UKB) recruited 502 682 individuals, aged 37–73 years at 

recruitment, from across the UK during 2006–2010. Most participants were 

invited once, whereas a subset of participants was invited to revisit the 
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assessment centre. Genotyping has been performed in UKB using two 

different custom-designed microarrays, UK BiLEVE and Axiom. These 

contain 807 411 and 820 967 SNPs respectively, and overlap with 95% 

common content. Imputation of over 90 million SNPs was performed using 

UK10K and 1000 genomes phase 3 as reference panels.  

In addition to genotyped and imputed datasets, UKB has also released WES 

data, in which the second release, 200 643 UKB participants have been 

sequenced. Exomes were captured using the IDT xGEN Exome Research Panel 

v1.0 including supplemental probes. Multiplexed samples were sequenced with 

dual-indexed 75x75bp paired-end reads on the Illumina NovaSeq 6000 platform 

using S4 flow cells. Coverage exceeds 20X at 95.2% of sites on average in each 

sample and among targeted bases. Reads were then processed and analysed using 

the OQFE protocol (https://hub.docker.com/r/dnanexus/oqfe) as described 

previously41. Subsequently, initial QC was performed by Regeneron as described 

in the initial WES data release42. This included contamination, sex discordance, 

discordance with microarray data checks and unresolved duplicate sequences.  

The UKB resource was given ethical approval by the North West 

Multicentre Research Ethics Committee (covering the United Kingdom), 

National Information Governance Board for Health and Social Care (covering 

England and Wales) and Community Health Index Advisory Group (covering 

Scotland). The UKB possesses a generic Research Tissue Bank approval 

granted by the National Research Ethics Service. This approval lets applicants 

conduct research on UKB data without having to obtain separate ethical 

approvals. Additionally, the UKB study was approved by the National 

Research Ethics Committee (REC reference 11/NW/0382). Informed consent 

to the study was given by all participants. An application for using data from 

UKB has been approved (Paper III; application nr: 8260, Paper; application 

nr: 15479). The UKB analysis performed in this study has also been approved 

by the Swedish Ethical Review Authority (dnr: 2020-04415). 

https://hub.docker.com/r/dnanexus/oqfe


 

 27 

Relevance and aim 

Paper I 

The majority of GWAS have been performed in populations with genotyped 

and imputed data. Low-frequency and rare variants might not be present or 

tagged by or tagged by the available SNP on a genotyping array, due to low 

LD between common SNPs and rare variants. Consequently, the lower the 

MAF the less reliable imputation.  

A way to partly reduce this limitation is by the use of WGS. WGS in 

combination with a kinship-structured cohort as study population can also aid 

in increasing the power to detect low-frequency variants. 

As genetic factors often have a large influence on the levels of proteins, 

this project focused on several proteins that are putative or established 

biomarkers for inflammation and inflammatory traits, with the aim to further 

characterize the genetic contribution to biomarker levels.  

To date, few GWAS been performed using WGS. Additionally, even fewer 

GWAS on inflammatory biomarkers using WGS have been performed. This 

study is one of few that used WGS in a GWAS approach to investigate the 

role of low frequency and rare variants associated with inflammatory 

biomarkers. This project aims to further characterize the genetic structure 

underlying inflammatory biomarker associations and hence to extend the 

knowledge of the genetic contribution to biomarkers. 

Paper II 

The ABO gene contains three major alleles that encodes different antigens; A, 

B, and O, which determine an individual’s blood group. Numerous 

associations have been reported between particular ABO blood groups and an 

increased susceptibility to disease. Among these are cardiovascular diseases 

and infections. It has been shown that individuals with an O blood group have 

a lower risk of cardiovascular diseases, but also that the same individuals 

express lower plasma levels of coagulation proteins such as coagulation factor 

VIII (FVIII) and von Willebrand factor (vWF). 

Associations between the ABO blood groups and inflammatory reactions 

such as allergies, have also been found. In contrast to cardiovascular disease, 

these association have had more conflicting results.  



 

 28 

As of yet, most studies have mainly focused on the blood group A, B, AB 

and O, but little attention has been given to the possible differences between 

heterozygous and homozygous carriers of A (AO versus AA) and B (BO 

versus BB). Consequently, there is a need to systematically examine ABO 

genotype associations with disease.  

This project aims to firstly evaluate potential differences in susceptibility 

to common cardiovascular and inflammatory diseases between homozygous 

and heterozygous individuals and secondly, to link ABO associations to 

biological mechanisms by comparing the ABO effects between diseases and 

a set of disease-related plasma proteins. 

Paper III 

White blood cells, which eosinophils belong to, play an essential role in our 

immune system. Eosinophils are known to be important in the mediation of 

allergic responses. Further on, they are also involved in antigen presentation, 

reacting to certain parasites and the releasing of cytokines in the response to 

inflammation. However, an increased count of eosinophils (> 500 per μl) is 

associated allergic reactions, autoimmune disorders, malignancies and even 

transplant rejection. 

Genetic factors have been presumed to contribute to the variation in 

eosinophil count. However, most genetic studies to date, have primarily 

investigated the effect of common variation, or rare LOF variants only. To fill 

this gap, this study investigates the effect of common, as well as all types of 

rare variants combined, using WES data from 200 000 individuals in the UKB, 

utilizing different weighting schemes to explore the underlying genetic 

architecture of the genetic variation.  

This project aims to further investigate the role of rare variants altering 

eosinophil counts, either with or without the contribution of common variants, 

as this might have considerable implications in a wide variety of inflammatory 

diseases like rheumatoid arthritis and asthma. 

Paper IV 

Thousands of genetic variants have been associated with common diseases 

and other health-related traits. However, the identified variants explain a 

limited part of the heritability of most common diseases and traits. A part of a 

complex trait’s heritability might be attributed to the effect of rare genetic 

variants, as rare variants are often more likely to be more functionally 

important than common. When gene-based analyses are performed, the 

variants are often filtered on the predicted deleteriousness of rare variants, or 
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including LOF variants only. Additionally, it is also common to either weight 

variants by MAF of filtering out all common variants.  

In this project, we analysed SNVs (single nucleotide variant; normally a 

variant with an allele frequency below 1%) and indels in NSPHS, identified 

by deep coverage WGS in relation to the protein levels of 414 plasma proteins. 

The aim was to identify the contribution or rare genetic variants, on top of the 

common variants, that can already be identified using a standard GWAS 

approach. As many of the plasma proteins chosen, have been shown to have 

high heritability, they suit very well for investigating the effect of rare 

variants. Additionally, as we have access to WGS data, we could analyse the 

contribution of both coding and non-coding variants. 
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Summary of included papers 

Paper I 

Methods  

Individuals from NSPHS with both WGS and biomarker data were included 

in this analysis. Levels of inflammatory biomarkers measured with by Olink 

proteomics were analysed. These have been measured at three time-points, 

first two with the Cardiovascular I and Oncology I panel and the third on the 

Inflammatory panel. Of the biomarkers analysed at the first two timepoints, 

31 are also inflammatory and served as technical replicates. After quality 

control, up to 957 individuals had available inflammatory biomarker data in 

the dataset from the first two timepoints (ONC_CVD) and up to 892 from the 

third (INF). Biomarkers with measurements in less than 400 individuals were 

excluded from downstream analyses. 

The R package GenABEL43,44 was used to perform GWAS, adjusting for 

related individuals. All biomarker values were adjusted for sex, age and batch 

effect prior to, or in the GWA analyses. A total of 12 210 410 SNVs were used 

in the analyses. A MAF threshold of 0.15% was used in primary analyses in 

order to reach enough statistical power. Conditional analyses were performed 

on all biomarker data until there were no longer any additional significant 

results. Heritability estimates were calculated for each biomarker and SNP 

heritability was calculated for each top GWAS hit.  

Colocalization with published GWAS data, eQTL data in blood and 

comparison with previous biomarker studies were performed. If the top SNVs 

of two different GWASes are in LD (R2 > 0.8), the phenotypes are considered 

colocalized. Top SNVs and SNVs in LD (R2 > 0.8) were extracted and used 

as query to test for colocalization in the GWAS catalog14 and the eQTL dataset 

from Westra et al45. Top SNVs were further compared to the results from 

previous studies with genotyped/imputed data in the same cohort26,46. 

Replication was tested for with circulating cytokines in a Finnish population47. 

A total of 19 biomarkers overlapped between the studies and could be tested 

for replication. 
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Results and discussion 

A total of 1005 individuals with both WGS data and biomarker data were 

included in this study. A total of 16 890 549 biallelic SNVs were called and 

the average number of individual measurements per biomarker was 915 

(median 929, range: 430-957) in the technical replicate (ONC_CVD) and 829 

(median 871, range: 424-892) in INF. After filtering on MAF and Hardy-

Weinberg equilibrium, 12 210 10 SNVs remained for downstream analyses. 

For the 72 individual biomarkers analysed, 5812 genome-wide significant (P 

< 1.62 x 10-8) associations were identified, and for 41 biomarkers there was at 

least one associated SNV. 

For CCL4 and CXCL5, two independent associations each were identified, 

making it a total of 43 independent associations. A total of 11 biomarkers had 

significant associations in both technical replicates. Adjusting for the most 

significant SNV resulted in 15 biomarkers having a secondary signal and 

adjusting for the secondary signal as well, resulted in seven biomarkers having 

a tertiary, significant signal, close to the primary one.  

Twenty of the biomarkers with significant associations in this project did 

not have any significant associations in previous GWAS using 

genotyped/imputed data in the name cohort. Of these, 15 loci have not been 

reported in any previous study of the same biomarkers. Due to the lack of a 

similar dataset, replication could only be tested for a subset of the results, 

using GWAS results of circulating cytokines in a Finnish population47. Nine 

signals for seven biomarkers replicated at least nominally. 

Colocalization, i.e., the same top variant, with cis-eQTLs in peripheral 

blood was found for five of the primary top SNVs, associated with the levels 

of three different biomarkers (CD40, CXCL5 and IL-15RA). Additionally, 

two secondary hits associated with IL-18R1 and TNFSF14 respectively and 

one tertiary hit associated with CCL23, were also found to be colocalized. 

Colocalization with data from the GWAS catalog was found for eight 

biomarkers. Biomarker association signals colocalized with association 

signals for one or several inflammatory diseases. Signals were regarded 

colocalized if a top SNV or any SNV in LD (R2 > 0.8) with an identified SNV, 

was also the top SNV for an inflammatory disease.  

Out of 72 inflammatory biomarkers, as many as 41 biomarkers were found 

to have plasma levels associated with one or many SNVs. Of these, 67% had 

an association within 1 Mb of the gene encoding the biomarker and the rest an 

association on another chromosome. Generally, the biomarker level 

heritability was quite high, with some top SNVs explaining as much as 25% 

of the variability. The results were compared to previous GWA analyses26,46 

using genotyped/imputed data. In addition to previous results, novel 

associations for 18 biomarkers were found when WGS data was used, of 

which 15 had not been identified in any previous study. The present study 

shows that, when using WGS data in GWAS, the power of identifying novel 
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loci can be increased. Associations for 58% of the biomarkers analysed were 

found, which is a markedly higher fraction than the 30% identified in the same 

cohort with genotyped/imputed data. Overall MAF agrees well between the 

genotyped/imputed dataset and the WGS data and imputation quality was 

generally good. In some cases, such as ADA, CCL11 and TGFB1, the top hits 

in the present study were at most suggestive hits in the previous study. These 

associations were in regions with not many variants genotyped or imputed but 

many variants called in the WGS data. 

A total of eight biomarkers colocalized with variants previously associated 

with an inflammatory disease. This suggests that variation in biomarker levels 

might mediate disease association, although the direction of causality was not 

determined. A subset of the top SNVs also overlapped with eQTLs in blood. 

The top variants, rs352045 and rs425535, for CXCL5 colocalized with an 

eQTL for CXCL5 RNA levels in blood. The variant rs425535 and an 

additional highly correlated variant, rs352046 have previously been associated 

with significantly higher CXCL5 plasma concentrations48 and with higher 

CXCL5 mRNA expression levels49 respectively. Elevated levels of CXCL5, 

and strong expression at protein level, have previously been associated with 

ulcerative colitis50, and CXCL5 has previously been suggested as a possible 

candidate gene for inflammatory diseases51,52. Since the variants rs425535 and 

rs352046 have been shown to be associated with elevated CXCL5 expression 

and protein levels, this might further indicate that the variants play a role in 

disease pathogenesis.  

However, limitations are still to be found, with one being the limited 

sample size. Even if sample sizes can be drastically reduced by analysing 

quantitative traits that are less complex, a sample size of < 1000 individuals is 

insufficient to make a robust assessment. Another limitation is the lack of 

reproducibility. As the study was performed in a kinship-structured cohort, 

results are not generalisable to mixed populations or populations of another 

ancestry. This also affects reproducibility along with the fact that only a 

limited number of cohorts are available that have measurements of the same 

inflammatory biomarkers and have WGS data available.  

In summary, by using high coverage WGS, an increase in both power and 

precision was achieved, despite the limited sample size. Several new loci 

associated with inflammatory biomarkers were found. This demonstrates the 

need of deep coverage WGS data to be able to fully understand the genetic 

structure of common diseases and complex traits. 
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Paper II 

Methods 

This project consisted of a main analysis and a sensitivity analysis conducted 

in UKB and one analysis in NSPHS. In the main analysis, 487 409 individuals 

were included, and in the sensitivity analysis, the 361 974 individuals self-

reported as of British descent and classified as Caucasian by genetic principal 

components, were included. We focused on inflammatory and cardiovascular 

disease. The diseases with at least 1000 registered cases in the smaller dataset 

(361 974) were investigated, resulting in 17 inflammatory and seven 

cardiovascular diseases. All participants were assigned their respective ABO 

genotype, based on three ABO gene allele-defining variants: rs8176746 

(Leu266Met)37, rs8176747 (Gly268Ala)37, and the O blood type causing 

deletion rs8176719 (261DelG)53. Furthermore, additional analyses were 

performed in UKB after having subtyped all individuals carrying at least one 

A allele, into A1 and A2 (i.e., the two most common subtypes), using the 

variant rs1053878[C/T]54, where the C allele tags A1 and the T allele A2. In 

NSPHS, 867 individuals passed both WGS and plasma protein QC, and 438 

proteins passed QC, and were analysed in relation to ABO genotype 

classification. 

First, to test whether ABO genotypes were associated with disease or 

plasma protein levels, we assessed their total contribution to the regression 

model by a likelihood ratio test. For all diseases and plasma proteins that 

passed the likelihood ratio test, ABO genotypes were tested pair-wisely in a 

logistic (diseases) or linear (plasma proteins) regression. ABO genotypes were 

analysed as a six-level factor (OO, OA, AA, OB, BB, AB) variable. 

Results and discussion 

In the UKB, the most common genotype was OO (43.3%), followed by AO 

(35.9%), BO (9.0%), AA (7.5%), AB (3.6%) and BB (0.6%). Subclassifying 

A alleles to A1 and A2, the most common genotype was OO (43.1%), 

followed by A1O (27.1%), A2O (9.0%) and BO (9.0%), A1A1 (4.2%), A1A2 

(2.8%), A1B (2.7%), A2B (0.9%), BB (0.6%) and A2A2 (0.5%) being the 

most uncommon. In NSPHS the most common was AO (36.1%), followed by 

OO (32.6%), AA (13.6%), BO (10.7%), AB (5.2%), and BB (1.7%).  

In the likelihood ratio test, ABO genotypes were associated with deep vein 

thrombosis (DVT), pulmonary embolism (PE), myocardial infarction (MI), 

type 2 diabetes (T2D) and type 1 diabetes (T1D). For T2D, homozygous OO 

was associated with lower odds for disease. However, when restricting the 

analysis to the unrelated British Caucasian, the results did not remain 

significant. For T1D, being a homozygous carrier for the B allele was 

associated with higher odds of disease. For DVT, PE, and MI, the OO 
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genotype was associated with lower odds of disease, which agrees with 

previous studies, where the O blood group is protective. Additionally, for 

DVT and PE, patterns suggesting an additive effect of being a heterozygous 

or homozygous carrier compared to having an OO genotype. In other words, 

homozygous (AA, BB and AB) carriers had higher odds of disease compared 

to heterozygous (AO and BO) carriers. The heterozygous effect persists even 

when subclassifying A allele carriers into A1 and A2. 

ABO contributed to the association of 39 out of 438 proteins tested. One 

notable example is vWF, where the OO genotype was associated with lower 

plasma levels. Additionally, a difference between heterozygous (AO) and 

homozygous (AA) A carriers could also be seen, with higher protein levels for 

AA compared to AO. 

Of these results, the association with T1D have not previously been 

reported. Furthermore, 23 out of the 39 putative biomarkers associated with 

variation at the ABO locus, have not previously been reported. Many also 

confirmed previous associations, such as the association with vWF, TF and 

TM, all linked to coagulation. 

Our findings for cardiovascular disease are consistent with previous 

studies, but in addition to previous studies, we were able to discern a 

difference between individual genotypes. As for DVT and PE, we found 

moderate differences in the levels of vWF between heterozygous and 

homozygous A allele carriers. The aim of including inflammatory diseases, 

was trying to unravel previous ambiguous associations. There have been some 

conflicting results in previous literature, and given that no diseases passed the 

likelihood ratio test, it might be that there is no true correlation between 

variation at the ABO locus and inflammatory diseases and allergic reactions. 

In conclusion, we have shown that variation at the ABO locus is associated 

with common disease risk and the levels of plasma proteins. We confirmed 

previous associations and tried to disentangle the  previous associations that 

had low support. By subdividing blood groups into ABO genotypes, we were 

able to show differences also at a genotype level. Additionally, we found an 

association with the ABO B genotypes and T1D that has not been captured in 

previous genetic studies. 

Paper III 

Methods 

This project was conducted using the WES data comprising 192 633 

individuals, and the genotyped/imputed data comprising 365 954 individuals 

from UKB. Eosinophils had been measured in all participants. Only autosomal 

chromosomes were tested, and only canonical transcripts were used. They 

were annotated with VEP11 and CADD13, and the variants annotated as either 
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“high” or “moderate” effect were used for further analysis. Main analysis 

consisted of gene-based combined variance tests using five weighting 

schemes in SKAT22. To be able to control for associations that can be captured 

with a standard GWAS in the same cohort, we performed a GWAS on the 

genotyped data. As conditional gene-based analyses, we then adjusted all 

SKAT analyses for all identified lead GWAS hits. We performed SKAT 

analyses only considering the rare variant below a set threshold, starting at 

MAF 0.01%, increasing in seven steps up to 5%, to investigate what type of 

variant frequency distribution might be driving the per-gene associations. 

These analyses were performed both with and without conditioning on lead 

GWAS hits. As sensitivity analyses, we performed gene-based tests including 

only participants self-identifying as white British, adjusted for 10 and 15 

genetic principal components (PCs), self-reported ethnicity and the 

occurrence of asthma, eczema or hay fever. We further conducted a meta-

analysis, first analysing Europeans and non-Europeans separately and then 

combining the results in a meta-analysis. In addition to adjusting for all lead 

GWAS hits, we defined gene-based results as non-GWAS-overlapping if the 

associated gene was located more than 5 Mb from the closest lead GWAS 

SNP(s). Associations within 5 Mb were considered as the same locus.  

Lastly, we performed enrichment analyses to identify possible 

overrepresented gene sets. We used several different gene lists, such as Gene 

Ontology pathways, ClinVar and the GWAS Catalog. In addition, we assessed 

which genes that had been associated to eosinophils before, by intersecting all 

results with all associations to eosinophil count in the catalogue. We also 

verified our results in the online interactive browser Genebass, which consists 

of results from more than 3000 phenotype associations from the UKB 300 000 

WES release55.  

Results and discussion 

In the GWAS, a total of 28 828 significantly associated variants at 106 loci 

located on all 22 autosomal chromosomes were identified. After conditional 

GWAS analysis, ensuring that all independent GWAS associations would be 

accounted for in the gene-based analysis, 205 lead SNPs, distributed over the 

106 loci, remained.  

Across all gene-based models, 220 genes distributed over 19 chromosomes 

displayed genome-wide significant association with eosinophil count. After 

clustering the genes into independent loci based on genomic distance, we 

found a total of 55 independent loci. There was a large overlap between the 

weighting schemes, where 3 of the 55 lead genes were identified by all, 32 

(48%) were identified by four, 10 (18%) by three, and lastly 5 (9%) by both 

two and one respectively. A total of 14 genes out of 220 were found to be non-

GWAS-overlapping, and when adjusting for common GWAS SNPs, as many 

as 26 (12%) were still significantly associated in at least one of the models.  
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In the analyses investigating only rare variants, 18 out of the 220 genes 

showed significant association at least in the low frequency spectrum (MAF 

1% - 5%). Adjusting for common GWAS SNPs, seven genes seemed to be 

driven mainly by low-frequency and rare variants.  

 

Figure 11. Venn diagram and table showing the overlap between SKAT models. The 
Venn diagram shows the overlap between analyses adjusted by lead GWAS hits 
(GWAS adjusted), genes that are associated when only considering rare and low-
frequency variants (passes RareOnly), genes that have been reported to be previously 
associated to eosinophil count (previously associated) and genes that do not physically 
overlap with GWAS loci in our analysis (non-GWAS-overlapping). Adapted from 
Paper III; Höglund et al. (2022, in review). 

In addition, we found additional associations with common variants in genes 

that have not previously been associated to eosinophil count. No results 

changed markedly in the sensitivity analysis adjusting for additional PCs, 

ethnicity and disease, indicating robustness of our results. In the meta-

analysis, all results remain significant as well. 
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We included the 55 independent lead genes in the gene set enrichment 

analysis. The most overrepresented ontologies and pathways were all related 

to cytokine signalling. Considering traits and diseases the most 

overrepresented gene sets were as expected for eosinophilic traits. However, 

our lead genes were also enriched for genes that have previously been 

associated with inflammatory diseases such as asthma, allergic disease, 

rheumatoid arthritis and psoriasis.  

We identified two completely novel eosinophil loci (NPAT and RMI1) in 

our gene-based analysis, that are not overlapping with a GWAS locus neither 

in our, nor in previous studies. We found a clear enrichment of genes that have 

previously been associated with several inflammatory traits and diseases, 

which supports the important role played by eosinophils in the development 

of inflammatory diseases. Considering only low-frequency and rare variants, 

the association with SH2B3 seems to be driven by variants below a MAF of 

0.3% after adjusting for GWAS lead hits. It is likely partly driven by 

rs72650673-A (MAF 0.2%), a variant that has been associated with other 

blood traits but not explicitly to eosinophil count. 

We found a novel association with NPAT, which encodes a protein that is 

involved in the cell cycle. It has previously been associated with plateletcrit, 

which is the measurement of platelets (thrombocytes) in the blood. Both an 

increased and decreased number of thrombocytes can be indicative of disease. 

NPAT have previously been associated with monocytes as NPAT activates 

transcription of histones, there is a possibility that overexpression of NPAT in 

monocytes give rise to an altered differentiation of myeloid progenitor cells. 

This in turn might change the fraction of monocytes compared to eosinophil 

counts, and our association might be detected as a result of altered fraction of 

leucocyte types. Our second novel association was with RMI1 which is 

important during homologous recombination. RMI1 was not part of any 

overrepresented gene sets and have not been extensively studied in terms of 

disease traits, apart from a few cancers, of which leukaemia is one. RMI1 has 

also been associated with myeloid white blood cell count. Reduced expression 

of RMI1 has been shown to be associated with disease, and as with NPAT, 

even if this might not explain our association, it might be explained by altered 

eosinophil count as a result of the disruption of correct myeloid cell 

propagation and differentiation.  

In summary, we have identified two novel loci for eosinophil count. We 

also report several novel rare variant associations in previously associated 

genes. We also found associations between common variants in genes and 

eosinophil count that have never previously been reported. Even if a relatively 

low number of associations appeared to be driven by rare variants, they are 

more likely to have a large phenotypic effect, compared to common variants. 

It is in other words important to consider that rare variants with larger effect 

can have a large impact at an individual level, even if their effects are less 

pronounced at population level. 
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Paper IV 

Methods 

In this project, 872 individuals from NSPHS were analysed, and the 

expression levels of 414 plasma protein from the Olink Proseek Multiplex 

panels CVD II, CVD III, INF I, ONC II and NEU I. Genetic variants were 

annotated with CADD and Eigen values (a weighted scoring system 

commonly used for non-coding variants56). Narrow-sense heritability was 

estimated assuming an additive genetic model and the proportion of additive 

genetic variance that is due to each variant respectively was estimated. It this 

way, the fraction of the narrow-sense heritability that is explained by rare 

variants could be estimated. Variants were annotated into three different SNV-

sets;  

1. CDS-set: all SNVs and indels mapped to any coding sequence of each 

gene and 40bp up/downstream to include variants important for 

splicing 

2. Reg-set: all SNVs and indels mapping to regulatory regions, 

transcription start sites and possible promoter regions, and 

3. Flank-set: all variants of each gene, including variants 100kb 

up/downstream of the genes, to capture possible regulatory effects 

that fall outside the ranges of the Reg-set 

All proteins were analysed both in cis, i.e., in relation to the gene encoding the 

protein (creating Cis-Reg-sets, Cis-Flank-sets, and Cis-CDS-sets), and in 

trans, i.e., in relation to all genes in the genome (creating Trans-CDS-sets, 

Trans-Reg-sets and Trans-Flank-sets). In all analyses, only the top 1% most 

damaging variants were included as defined by having a CADD or Eigen score 

above 10 and we considered variants below MAF 2.39% to be rare. All sets 

were analysed with SKAT using seven models: 

1. Model 1: unweighted 

2. Model 2: weighted by CADD or Eigen scores 

3. Model 3-5: weighted by MAF with three different beta-distributions 

4. Model 6: CommonRare, analysing common and rare variants 

separately and then combining, and 

5. Model 7: Rare Only, only analysing rare variants. 
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Figure 12: Diagram of the variant sets used in the different analyses. CDS Coding 
sequence; UTR Untranslated region; TF Transcription factor. CDS-set all coding 
sequences including 40bp up- and downstream; Reg-set all regions annotated as 
regulatory in direct proximity to the genes; Flank-set the whole gene-region including 
100kp up- and downstream of the genes. Adapted from Paper IV; Kierczak et al. 
(2022, accepted). 

 

GWAS were performed on all proteins to be able to adjust for all associations 

that can be identified in a standard single-marker test. Conditional gene-based 

tests were only performed if there was an overlap in the SKAT and GWAS 

results, and only the SNV-set with the lowest P-value per locus from the first 

analysis was used. However, all seven SKAT models were utilised. 

These conclusions of the primary study were validated by performing gene-

based tests using the UKB WES data and all 27 available biomarker 

measurements. Here, the analyses were performed with SAIGE (Scalable and 

Accurate Implementation of GEneralized mixed models) as it is able to control 

for sample relatedness in large scale datasets. All models as in the primary 

analyses were used, except for CommonRare (model 6) as that one is not 

implemented in SAIGE, but only genome-wide analyses were performed, as 

the UKB protein biomarkers are not biomarkers encoded by one single gene. 

Results and discussion 

A large fraction of identified variants were considered rare, but on average, 

only 2.27% of the variants in each individual were considered rare in the 

cohort. A larger fraction of rare variants was considered deleterious than 

common, however the contribution of rare variants to the narrow-sense 

heritability is still limited: 4.28% when CADD values were used as allelic 

weights and 3.83% when Eigen values were used. At least 3.41% of the 

narrow-sense heritability is likely to be explained by variants with MAF ≤ 

2.39% and 1.37% by variants with MAF ≤1%.  
We extended the heritability calculations to data from the UKB, evaluating 

in all participants with WES (N = 148 435), a random selection of 10% (N = 

14 844) and a random selection of 1% (N = 1484). The fraction of singletons 

becomes larger with increasing sample size, but the fraction of singletons in 

UKB was also larger than in the NSPHS. A larger fraction of the damaging 

variants in UKB was also considered rare.  
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In the GWAS in NSPHS, 274 proteins had at least one significant SNV or 

indel, with 217 proteins having any Cis and 107 any Trans associations. 

Among the lead GWAS variants, the rare tend to have larger effect sizes.  

In the SKAT analyses 237 of the 405 proteins encoded by genes located on 

autosomal chromosomes were associated with at least one of the Cis-sets. 

Among these, 198 were associated with a Cis-Reg-set, 190 with a Cis-Flank-

set and 182 with a Cis-CDS-set. 

There were 206 proteins that had overlapping Cis-associations detected 

both in the GWAS and with SKAT. There were seven proteins detected only 

in the GWAS and 31 with SKAT. Among proteins with overlapping results, 

62 were still significantly associated in the SKAT analyses after adjusting for 

common GWAS hits. In total, 34 Trans-associated loci were identified for 31 

proteins in the SKAT analyses and 45 loci for 41 proteins in the GWAS. They 

were also overlapping considerably and of the 26 that overlapped, only seven 

remained significantly associated with SKAT after conditioning on the lead 

GWAS SNVs.  

As the largest fraction of the additive genetic variance is expected to be 

explained by common variants, it was quite expected that the models with no 

or slight upweighting of rare variants resulted in the largest number of 

associations. For the Cis-associations, there was a large number of proteins 

that were only associated in the gene-based analyses, which clearly highlight 

the potential of increasing statistical power in gene-based analyses.  

Rare variants are more likely to be population specific, and thus, their 

associations are harder to replicate in other cohorts. A replication cohort needs 

to have a similar genetic background, which is why we were unable to 

replicate the individual rare variant associations. However, the analysis in 

UKB validated the main conclusions of our study. In contrast to many other 

studies, we considered SNVs and indels of any allele frequency, as well as 

both coding and non-coding variants.  

We found that different settings are optimal for different genetic 

architectures, and for the regions that appeared to be driven by one single 

variant, GWAS appeared to be the most powerful method. Overall, however, 

the SKAT analyses were more powerful than GWAS as they identified 

additional signals that did not reach GWAS genome-wide significance. 

CADD and Eigen values did interestingly not influence the results 

dramatically.  

In summary, this is one of the most comprehensive association studies to 

date, aiming to identify the effect of rare and common genetic variants using 

WGS data. We were able to compare several different strategies for gene-

based test. However, as the underlying genetic architecture is not known, there 

is no possibility of selecting one single model. It is worth highlighting that the 

CommonRare function in SKAT outperformed the other methods by the 

number of associations identified and also performed reasonably well for 

associations that are driven by multiple rare variants.  
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In conclusion, this study shows that gene-based tests identify more 

associations to common variants than to rare and that is partly explained by 

the fact that a much larger fraction of the phenotypic variance explained is due 

to common variants rather than rare. Though, for genotype-based precision 

medicine interventions, it is of high importance to further investigate the effect 

of rare variants with large effect for the individual risk of developing a disease. 
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Concluding remarks and future perspectives 

The work leading to this thesis have primarily been focused on investigating 

how rare variation is contributing to the association of common traits and 

diseases, in addition to associations with common variation already 

established, as well as novel common variants. Since GWAS were first 

performed a plethora of variant-trait associations have been found, registered 

and advanced to functional validation and even clinical implementation. With 

the advances in sequencing technology, the analysis of rare variants has been 

enabled, making it possible to expand into lower allele frequencies than even 

possible before. 

In Paper I, we demonstrated that expanding into WGS data, we are able to 

gain both power and precision in increasing the support in previous 

associations as well as detecting novel ones. During a time, when WGS is 

slowly starting to become the standard, this paper contributes to the foundation 

of the capabilities of increasing sequence depth and coverage. Though our 

sample size was limited, these results still show promises. 

In Paper II, we were able to further fine-map previous associations 

between the ABO blood groups and cardiovascular disease, as well as to 

proteins involved in coagulation. We were able to dissect the previously 

supported notion that non-O individuals have a higher risk of blood clots, by 

discerning differences in risk between heterozygous and homozygous carriers 

of both the A and the B allele, including individuals of blood group AB. Not 

only did these results add further insight to previously established 

associations, but shows the possible importance of implementing genotyping 

in the clinic, should an individual already be at risk for a disease strongly 

associated to different blood groups. 

In Paper III, we demonstrated the use of utilising WES data in association 

testing. We demonstrated novel associations between genes and eosinophil 

counts, and found previously established associations that seems to be driven 

by rare variation. Even if this analysis is limited to the coding regions of the 

genome, these results show promise in the possibility of taking them further 

into functional validation. 

In Paper IV, we expanded the work of Paper I by increasing the analyses 

to gene-based sets. By taking common GWAS variants into account, we 

demonstrated that novel findings could still be found and it opened up for fine-

mapping previous associations and paved the path for trying to find the causal 
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gene(s). We demonstrated that the majority of all variants in our population 

were rare, yet the majority of variants carried by each individual are common. 

This leads to the fact that around 2% of the heritability of the traits could be 

explained by rare variant in this population.  

Even if these papers have advanced the field of genetic epidemiology and 

human medical genetics, knowledge and available data are ever increasing. 

New, improved and expanded datasets are being released every year. As of 

now, UKB have release exomes from 450 000 participants and are not far 

away from their first release of whole-genome data. The capacity of 

sequencing a large number of individuals is also increasing, which will aid 

immensely at further increasing the possibility to identify rare variants 

contributing to risk of disease. With precision medicine being an ever-

increasing field, annotating and describing rare and population specific 

variation has the possibility to greatly improve the advancement of possible 

precision treatments. 

However, the research field is still skewed. Most of the scientifically 

available datasets have a heavy bias towards western populations. Still, the is 

a low representation of local minority populations and individual not of 

European or American descent. We as a scientific community need to put 

effort in and allocate resources to a broader set of populations and parts of the 

world. Not only is this of importance for representation, but many traits and 

diseases have been shown to differ immensely in both prevalence and 

incidence across the globe. Different populations are carriers of different risk 

alleles and not until we have the data needed, are we able to fully disentangle 

the genetic effect in diseases of interest for all in need of aid and treatment. 
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