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Genome-wide Association Studies 

1 Setting the pace 

1.a What can your spit tell you about your DNA? 

1.b Speaking the language: relevant questions and concepts 

1.c “The Human Genome Project” and its context 

2 The rise of GWAs 

3 Study Design Elements 

3.a Marker level 

3.b Subject level 

3.c Gender level (not considered in this course) 
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4 Pre-analysis Steps 

4.a Quality-Control 

4.b Linkage disequilibrium 

4.c Confounding by shared genetic ancestry 

5 Analysis Steps 

5.a Association / Regression 

5.b Causation 

6 Post Association Analysis Steps 

6.a Replication and validation 

6.b GWA Interpretation and follow-up  
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1 Setting the pace 

1.a What can your spit tell you about your DNA? 

From saliva to DNA 

• Your saliva contains a veritable mother load of biological material from 
which your genetic blueprint can be determined.  

• For example, a mouthful of spit contains hundreds of complex protein 
molecules – enzymes -- that aid in the digestion of food.  

• Swirling around with those 
enzymes are cells sloughed off 
from the inside of your cheek.  

• Inside each of those cells lies a 
nucleus, and inside each nucleus, 

chromosomes, which themselves 
are made up of DNA 
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Commercial kits 
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The 23andMe story 

• Wojcicki founded 23andme in 2006 with Linda Avey and Paul Cusenza 

with a goal of upending conventional models of health care:  

- put sophisticated DNA analyses into the hands of consumers,  

- giving them information about health, disease and ancestry,  

- and allowing the company to sell access to the genetic data to fuel 

research. 

• In 2013, that vision hit a snag. Wojcicki didn't think she needed regulatory 

approval to provide information about her customers' health risks. The 

US Food and Drug Administration (FDA) disagreed, and ordered the 

company to stop. 

(source: https://www.nature.com/news/the-rise-and-fall-and-rise-again-of-23andme-1.22801) 
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The 23andMe story 

• After years of effort, the pay-off came in April 2017, 

when the FDA agreed to allow 23andme to tell 

consumers their risks of developing ten medical 

conditions, including Parkinson's disease and late-onset 

Alzheimer's disease.  

 

• With more than 2 million customers, the company hosts by far the largest 

collection of gene-linked health data anywhere 

 

(source: https://www.nature.com/news/the-rise-and-fall-and-rise-again-of-23andme-1.22801) 
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From “risk prediction” to “my origin” to “SNP-based genetic tests” 

• As we will see, we can measure (genetic) variation between individuals at 
several positions on the genome, using so-called molecular markers such as 
Single Nucleotide Polymorphisms (SNPs) 

• To run a SNP test, scientists can embed a subject's DNA into for instance a 
small silicon chip containing reference DNA from both healthy individuals 
and individuals with certain diseases.  

• By analyzing how the SNPs from the subject's DNA match up with SNPs 
from the reference DNA, the scientists can determine if the subject might 
be predisposed to certain diseases or disorders. 
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Talking about “references”: benchmark genomes based on >> 13 individuals 
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Talking about “references”: reference genomes 

• A reference genome (also known as a reference assembly) is a digital 
nucleic acid sequence database, assembled by scientists as a representative 
example of a species' set of genes.  

• As they are often assembled from 
the sequencing of DNA from a 
number of donors, reference 
genomes do not accurately 
represent the set of genes of any 
single person. Instead a reference 
provides a haploid mosaic of 
different DNA sequences from 
each donor.  

• For example GRCh37, the Genome 
Reference Consortium human 

genome (build 37) is derived from 
thirteen anonymous volunteers 
from Buffalo, New York  
 

 
"Wellcome genome bookcase" by Russ London at en.wikipedia. 

Licensed under CC BY-SA 3.0 via Commons - 

https://commons.wikimedia.org/wiki/File:Wellcome_genome_bookc

ase.png#/media/File:Wellcome_genome_bookcase.png

https://en.wikipedia.org/wiki/Nucleic_acid_sequence
https://en.wikipedia.org/wiki/Genome
https://en.wikipedia.org/wiki/DNA
https://en.wikipedia.org/wiki/Genome
https://en.wikipedia.org/wiki/Haploid
https://en.wikipedia.org/w/index.php?title=GRCh37&action=edit&redlink=1
https://en.wikipedia.org/wiki/Human_genome
https://en.wikipedia.org/wiki/Human_genome
https://en.wikipedia.org/wiki/Buffalo,_New_York
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How many types of genetic tests exist? 

• There are >2000 genetic tests available to physicians to aid in the diagnosis 
and therapy for >1000 different diseases. Genetic testing is performed for 
the following reasons: 
 
- conformational diagnosis of a symptomatic individual 
- pre-symptomatic testing for estimating risk developing disease 
- pre-symptomatic testing for predicting disease 
- preimplantation genetic diagnosis 
- prenatal screening 
- newborn screening 
- carrier screening 
- forensic testing 
- paternal testing 
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How is genetic testing used clinically?                 Highlights 

• Diagnostic medicine: identify whether an individual has a certain genetic 
disease. This type of test commonly detects a specific gene alteration but is 
often not able to determine disease severity or age of onset. It is estimated 
that there are >4000 diseases caused by a mutation in a single gene. 
Examples of diseases that can be diagnosed by genetic testing includes 
cystic fibrosis and Huntington's disease. 
 

 

Divide between  

Medical aims and Research aims? 
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How is genetic testing used clinically?                                       Highlights 

• Predictive medicine: determine whether an individual has an increased risk 
for a particular disease. Results from this type of test are usually expressed 
in terms of probability and are therefore less 
definitive since disease susceptibility may also be 
influenced by other genetic and non-genetic (e.g. 
environmental, lifestyle) factors. Examples of 
diseases that use genetic testing to identify 
individuals with increased risk include certain forms 
of breast cancer (BRCA) and colorectal cancer.  

 

Can you handle the truth?  
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How is genetic testing used clinically?                                       Highlights 

• Pharmacogenomics: classifies subtle variations in an individual's genetic 
makeup to determine whether a drug is suitable for a particular patient, 
and if so, what would be the safest and most effective dose.  Learn more 
about pharmacogenomics & precision medicine → DNA passports … are no 
longer science fiction! 
 

• Whole-genome and whole-exome sequencing: examines the entire 
genome or exome to discover genetic alterations that may be the cause of 
disease.  Currently, this type of test is most often used in complex 
diagnostic cases, but it is being explored for use in asymptomatic 
individuals to predict future disease → increasingly feasible by improved 
technology + reduced costs  

  

http://www.ama-assn.org/ama/pub/physician-resources/medical-science/genetics-molecular-medicine/current-topics/pharmacogenomics.page?
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1.b Speaking the language 

What is genetic epidemiology? 

 

(Ziegler and Van Steen, Brazil 2010)  
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What is genetic epidemiology? 

                                                      Hard to define!   

  

 

 

 

 

       + 

(IGES presidential address A Ziegler, Chicago 2013) 
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What are the key concepts in genetic epidemiology? 
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What are relevant questions in genetic epidemiology? 

 

(Handbook of Statistical Genetics - John Wiley & Sons; Fig.28-1) 
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Where is the genetic information located? 

 

(Ziegler and Van Steen, Brazil 2010)  

 

 

 



Bioinformatics applications  

 

K Van Steen                                     25 
 

Where is the genetic information located? 

 

(Ziegler and Van Steen, Brazil 2010)  
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In humans, males have lower recombination rates than females over the 

majority of the genome, but the opposite is usually true near the telomeres 
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Result of crossover: recombination in meiotic products 

 

 

(Ziegler and Van Steen, Brazil 2010)  
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How much do individuals differ with respect to genetic information? 

 

 

 

 

 

 

 

 

 

 

(Ziegler and Van Steen, Brazil 2010)  
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How much do individuals differ with respect to genetic information? 

• Genotype: The two alleles inherited at a specific locus. If the alleles are the 
same, the genotype is homozygous, if different, heterozygous. In genetic 
association studies, genotypes can be used for analysis as well as alleles or 
haplotypes.   

• Haplotype: Linear arrangements of alleles on the same chromosome that 
have been inherited as a unit. A person has two haplotypes for any such 
series of loci, one inherited maternally and the other paternally. A 
haplotype may be characterized by a single allele  
 
  
 

 

http://www.dorak.info/epi/glosge.html 
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What are biomarkers?                Genetic info as biomarkers 

• A biological marker, or biomarker, is something that can be 

measured, which points to the presence of a disease, a physiological 

change, response to a treatment, or a psychological condition. 

• A molecular biomarker is a molecule that can be used in this way. 

Recall that DNA is a molecule! → genetic markers = polymorphic 

DNA sequences at a locus 

 

• Biomarkers are used in different ways at different stages of 

medicines development, including in some cases as a surrogate 

endpoint to indicate and measure the effect of medicines in clinical 

trials  

(www.eupati.eu) 
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The biomarker development process 

 

Validation/Evaluation 

(Quezada et al. 2017) 

Translational

Clinical Science

Basic 
Science
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What are the most popular genetic markers?   

Single Nucleotide Polymorphisms (SNPs) 

 

                                                                      

 

 

 

 

 

 

 

                      (Ziegler and Van Steen, Brazil 2010) 
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Do SNPs capture differences between human genomes? 

• Any two people plucked at random off the street are on average 99.9 

percent the same, DNA-wise (> 3 million positional differences) 

• Most genome variations are 

relatively small and simple, 

involving only a few bases—an 

A substituted for a T here, a G 

left out there, a short sequence 

such as CG added somewhere 

else 

 

 

(U.S.  National Library of Medicine)  
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Common genetic variations                    MAF (minor allele frequency)

 

 

 

Single 
Nucleotide  
Polymorphisms 
(SNPs) 

Frequency in 
general  
population 

 
G 

 
95% 

 
 

 
A 

 
5% > 1% 
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What is the central dogma of molecular biology?                  Simplified version 
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Information is everywhere: the programming of life 

 

 

http://www.youtube.com/watch?v=00vBqYDBW5s 

 

“Information: 

that which can be communicated through symbolic language” 

  

http://www.youtube.com/watch?v=00vBqYDBW5s
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What are genes?  Defining genes by their structure 
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What are genes?                                   Defining genes as units of inheritance

• The gene is the basic physical unit 

of inheritance.  

• Genes are passed from parents to 

offspring and contain the 

information needed to specify 

traits.  

• They are arranged, one after 

another, on the chromosomes 

• Chromosomes are not taken 

entirely by genes. 

 

 

 

 

 

 

 

 

  

 
 

(Figure : Human  chromosomes) 
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What is gene annotation? 

• An annotation (irrespective of the context) is a note added by way of 

explanation or commentary.  

• Genome annotation is the process of identifying the locations of genes and 

all of the coding regions in a genome and determining what those genes do.  

• Once a genome is sequenced, it needs to be annotated to make sense of it  
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What is gene regulation?                            revised version of central dogma  
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How to hunt for genes to answer relevant questions ? 

• Developing new and better tools to make gene hunts faster, cheaper and 

practical for any scientist was a primary goal of the Human Genome Project 

(HGP). 

• One of these tools is genetic mapping, the first step in isolating a gene. 

Genetic mapping – in the early days – offered firm evidence that a disease 

transmitted from parent to child is linked to one or more genes. In general, 

it provides “clues” about where the gene lies. 

• Genetic maps have been used successfully to find the single gene 

responsible for relatively rare inherited disorders, like cystic fibrosis, but 

have also been useful as a guide to identify the possible many genes 

underlying more common disorders, like asthma. 
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How to generate a genetic map? 

• Initially, to produce a genetic map, researchers collect blood or tissue 

samples from family members where a certain disease or trait is prevalent.  

• Using various laboratory techniques, the scientists isolate DNA from these 

samples and examine it for the unique patterns seen only in family 

members who have the disease or trait.  

• Before researchers identify the gene responsible for the disease or trait, 

DNA markers can tell them roughly where the gene is on the chromosome.  

 

How is this possible? 
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How to generate a genetic map? (continued) 

• This is possible because of recombination, the process we have introduced 

before.  

 

As eggs or sperm develop within a person's body, the 23 pairs of 

chromosomes within those cells exchange - or recombine - genetic 

material. If a particular gene is close to a DNA marker, the gene and 

marker will likely stay together during the recombination process, and 

be passed on together from parent to child. So, if each family member 

with a particular disease or trait also inherits a particular DNA 

marker, chances are high that the gene responsible for the disease lies 

near that marker. 
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How to generate a genetic map? (What is Linkage Disequilibrium – LD?) 

(Bush et al. 2012)  
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How to generate a genetic map? (What is Linkage Disequilibrium – LD?) 
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How to generate a genetic map? (continued) 

 

• The more DNA markers there are on a genetic map, the more likely it is that 

one will be closely linked to a disease gene - and the easier it will be for 

researchers to zero-in on that gene.  

 

• One of the first major achievements of the HGP was to develop dense 

maps of markers spaced evenly across the entire collection of human 

DNA. 

 

(http://www.genome.gov/10000715#al-3) 
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1.c “The Human Genome Project” 
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Historical overview (interludium) 
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Historical overview 
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Historical overview 
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Historical overview 

 

  



Bioinformatics applications  

 

  Van Steen K 
 

Historical overview 
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Historical overview 

 

  



Bioinformatics applications  

 

  Van Steen K 
 

Historical overview 
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Historical overview 
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Historical overview 
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The sequence of the Human Genome – a milestone in modern medicine 

 

• In June 2000 came the announcement that the majority of the human genome had in fact 
been sequenced, which was followed by the publication of 90 percent of the sequence of 
the genome's three billion base-pairs in the journal Nature, in February 2001 
 

• Surprises accompanying the sequence publication included:  
 
- the relatively small number of human genes, perhaps as few as 30,000-35,000;  

    Note: 100,000 → 30,000-35,000 → 24,000 → 19,000-20,000 

- the complex architecture of human proteins compared to their homologs - similar 
genes with the same functions - in, for example, roundworms and fruit flies;  
 

- the lessons to be taught by repeat sequences of DNA. 
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Historical overview 
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Historical overview  
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 Historical overview 
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Historical overview: associating genetic variation to disease outcomes 
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Historical overview: GWAs as a tool to “map” diseases 

  

2008 third 
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Historical overview: 210 traits – multiple loci (sites, locations) 
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Historical overview: trait categories 
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Historical overview: trait categories and nr of SNPs 

Date: 3/3/2020 
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Historical overview: inter-relationships (networks) 

 
(Barrenas et al 2009: complex disease network – nodes are diseases)  
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Historical overview: inter-relationships (networks) 

 

(Barrenas et al 2009: complex disease GENE network – nodes are genes)  
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Historical overview: exome sequencing, full genome sequencing 

  



Bioinformatics applications  

 

  Van Steen K 
 

Historical overview: monitoring the progress 
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OMIM: molecular dissection of human disease 

• Online Mendelian Inheritance in Man (OMIM®) is a continuously updated 

catalog of human genes and genetic disorders and traits (i.e. coded 

phenotypes, where phenotype is any characteristic of the organism), with particular 

focus on the molecular relationship between genetic variation and 

phenotypic expression.  

• It can be considered to be a phenotypic companion to the Human Genome 

Project. OMIM is a continuation of Dr. Victor A. McKusick's Mendelian 

Inheritance in Man, which was published through 12 editions, the last in 

1998.  

• OMIM is currently biocurated at the McKusick-Nathans Institute of Genetic 

Medicine, The Johns Hopkins University School of Medicine. 

• Frequently asked questions: http://www.omim.org/help/faq 

http://www.omim.org/help/faq
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Accessing OMIM 
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Finding the trees for the forest 
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Finding the trees for the forest (click on “Asthma”) 
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Finding the trees for the forest (Click on ClinVar) 
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Finding the trees for the forest (click on the gene) 
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Finding the trees for the forest (scroll down for genomic context etc) 
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Finding the trees for the forest (additional phenotypes and markers) 
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Finding the trees for the forest (click on GTR instead of ClinVar) 
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2 The rise of GWAs 

 

(slide Doug Brutlag 2010) 
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What are GWAs? 

• A genome-wide association study is an approach that involves rapidly 
scanning markers across the complete sets of DNA, or genomes, of many 
people to find genetic variations associated with a particular trait.  
 

• Recall: a trait can be defined as a coded phenotype, a particular 
characteristic such as hair color, BMI, disease, gene expression intensity 
level, … 
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Genome-wide association studies: basic principles 

The genome-wide association study is typically (but not solely!!!) based on a 

case–control design in which single-nucleotide polymorphisms (SNPs) across 

the human genome are genotyped ...                         (Panel A: small fragment) 
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Genome-wide association studies: basic principles 

 
• Panel B, the strength of association between each SNP and disease is 

calculated on the basis of the prevalence of each SNP in cases and 

controls. In this example, SNPs 1 and 2 on chromosome 9 are associated 

with disease, with P values of 10−12 and 10−8, respectively 

                                                                                                                      (Manolio 2010) 
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Genome-wide association studies: basic principles 

 

• The plot in Panel C shows the P values for all genotyped SNPs that have 

survived a quality-control screen (each chromosome, a different color).  

• The results implicate a locus on chromosome 9, marked by SNPs 1 and 2, 

which are adjacent to each other (graph at right), and other neighboring 

SNPs.                                                                                                                      (Manolio 2010) 
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Genome-wide association studies: key components 
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Genome-wide association studies: key components 

 

• To carry out a GWAs, several tools are needed, which include those that 
deal with data generation and data handling: 
 

- Computerized data bases with reference human genome sequence 

- Map of human genetic variation 

- Technologies that can quickly and accurately analyze (whole genome) 

samples for genetic variations that contribute to disease 

 
 

(http://www.genome.gov/pfv.cfm?pageID=20019523) 
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Detailed flow of a genome-wide association study 

 

(Ziegler 2009) 
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How to access GWAS results?                                       View the GWAs catalogue  
                                                                     (http://www.genome.gov/gwastudies/)  

                           2317 studies (6/10/2014) 
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DisGeNet ! 

The information in DisGeNET can be accessed in several ways:  

• The web interface, through the Search and Browse functionalities  
• The Resource Description Framework (DisGeNET-RDF) representation via the 

SPARQL endpoint, and the Faceted Browser  
• The DisGeNET Cytoscape App  
• Scripts in the most commonly used programming languages  
• The disgenet2r package. 
• The SQLite database  
• Tab separated files.  

DisGeNET is a versatile platform that can be used for different research purposes 
including the investigation of the molecular underpinnings of human diseases and 
their comorbidities, the analysis of the properties of disease genes, the generation of 
hypothesis on drug therapeutic action and drug adverse effects, the validation of 
computationally predicted disease genes and the evaluation of text-mining methods 
performance. 

https://www.disgenet.org/search
https://www.disgenet.org/browser/0/0/0/0/_a/_b./
https://www.disgenet.org/rdf
http://rdf.disgenet.org/sparql/
http://rdf.disgenet.org/fct/
https://www.disgenet.org/app
https://bitbucket.org/ibi_group/disgenet2r
https://www.disgenet.org/static/disgenet_ap1/files/current/disgenet_2018.db.gz
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Rise of bioinformatics determines rise of GWAs (1) 
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Rise of bioinformatics determines rise of GWAs (2) 
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Rise of bioinformatics determines rise of GWAs (3) 
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Rise of bioinformatics determines rise of GWAs (4) 
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Bioconductor  
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(http://www.bioconductor.org/)  
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3 Study Design 

Components of a study design for GWA studies 

• The design of a genetic association study may refer to 

- study scale: 

▪ Genetic (e.g., hypothesis-drive, panel of candidate genes) 

▪ Genomic (e.g., hypothesis-free, genome-wide) 

- marker design: 

▪ Which markers are most informative in GWAs? Common variants-

SNPs and/or Rare Variants (MAF<1%) 

▪ Which platform is the most promising? Least error-prone? Marker-

distribution over the genome? 

- subject design  
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3.a Marker Level 

• Costs may play a role, but a 

balance is needed between costs 

and chip/sequencing platform 

performance  

• Coverage also plays a role (e.g., 

exomes only or a uniform spread).  

• When choosing Next Generation 

Sequencing platforms, also rare 

variants can be included in the 

analysis, in contrast to the older 

SNP-arrays (see right panel).  
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From common variants towards including rare variants 

• Hypothesis 1 for GWAs: Common Disease – Common Variant (CDCV): 

 

- This hypothesis argues that genetic variations with appreciable 

frequency in the population at large, but relatively low penetrance (i.e. 

the probability that a carrier of the relevant variants will express the 

disease), are the major contributors to genetic susceptibility to common 

diseases (Lander, 1996; Chakravarti, 1999; Weiss & Clark, 2002; Becker, 

2004).  

- The hypothesis speculates that the gene variation underlying 

susceptibility to common heritable diseases existed within the founding 

population of contemporary humans  → explains the success of GWAs? 

  

http://www.sciencemag.org/cgi/content/summary/274/5287/536
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&dopt=Citation&list_uids=9915503
http://dx.doi.org/10.1016/S0168-9525%2801%2902550-1
http://dx.doi.org/10.1016/S0306-9877%2803%2900332-3
http://dx.doi.org/10.1016/S0306-9877%2803%2900332-3
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Identified # of traits for which a molecular basis exists: importance of SNPs 

 

 

 

 

 

Complex disease (definition):  

The term complex trait/disease 

refers to any phenotype that  

does NOT exhibit classic Mendelian 

inheritance attributable to a single 

gene;  

although they may exhibit familial 

tendencies (familial clustering, 

concordance among relatives).  

 

PINK : Human Mendelian traits 

BLUE middle line : All complex traits 

BLUE bottom line + red extension: 

Human complex traits 

(Glazier et al 2002)  
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Distribution of SNP “effects“  

Dichotomous Traits                                      Quantitative Traits 

 

 

Food for thought: 

• The higher the MAF, the lower the effect size  

• Rare variants analysis is in its infancy in 2009 …. 
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From common variants towards including rare variants 

• Hypothesis 2 for GWAs: Common Disease – Rare Variant (CDRV): 

 

- This hypothesis argues that rare DNA sequence variations, each with 

relatively high (moderate to high) penetrance, are the major contributors 

to genetic susceptibility to common diseases. 

- Some argumentations behind this hypothesis include that by reaching an 

appreciable frequency for common variations, these variations are not as 

likely to have been subjected to negative selection. Rare variations, on 

the other hand, may be rare because they are being selected against due 

to their deleterious nature. 

 
There is room for both hypothesis in current research !  

(Schork et al. 2009) 
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3.b Subject Level 
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Popular design 1: cases and controls 

Avoiding bias – checking assumptions: 

1.  Cases and controls drawn from same population 

2.  Cases representative for all cases in the population 

3.  All data collected similarly in cases and controls 

 

Advantages: 

1. Simple 

2. Cheap 

3. Large number of cases and controls 

available 

4. Optimal for studying rare diseases 

 

 

Disadvantages: 

1.  Population stratification 

2.  Prone to batch effects and other biases 

3.  Case definition / severity 

4.  Overestimation of risk for common 

diseases 
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Popular design 2: family-based 

Avoiding bias – checking assumptions: 

1.  Families representative for population of interest 

2.  Same genetic background in both parents 

 

Advantages: 

1. Controls immune to population 

stratification (no association without 

linkage, no “spurious” (false positive) 

association) 

2. Checks for Mendelian inheritance 

possible (fewer genotyping errors) 

3. Parental phenotyping not required (late 

onset diseases) 

 

 

4. Simple logistics for diseases in children 

5. Allows investigating imprinting (“bad 

allele” from father or mother?) 

Disadvantages 

1. Cost inefficient 

2. Sensitive to genotyping errors 

3. Lower power when compared with 

case-control studies 
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Some more power considerations 

• Rare versus common diseases (Lange and Laird 2006) 
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4 Pre-analysis steps  

4.a Quality control  

Standard file format for GWA studies
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Standard file format for GWA studies (continued) 
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Note: data flow prior to analysis depends on calling algorithm 

 

(Ziegler and Van Steen 2010) 
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Note: data flow prior to analysis depends on calling algorithm 

 

 

(Ziegler and Van Steen 2010) 
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Why is quality control (QC) important? 

 

BEFORE QC → true signals are lost in false positive signals  

 

(Ziegler and Van Steen 2010)  
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Why is quality control important? 

AFTER QC → skyline of Manhattan (→ name of plot: Manhattan plot): 

 

(Ziegler and Van Steen 2010) 
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What is the standard quality control? 

• Quality control can be performed on different levels: 

 

- Subject or sample level 

- Marker level (in this course: SNP level) 

- X-chromosomal SNP level (not considered here) 

 

• Consensus on how to best QC data has led to the so-called “Travemünde 

criteria” (obtained in the town Travemünde) – see later 
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Marker level QC thresholds may be genotype calling algorithm dependent 

  

Allele signal intensity genotype 

calling cluster plots for two 

different SNPs from the same study 

population.  

Upper panels:  Birdseed genotypes 

Lower panels: BEAGLECALL 

genotypes.  

The plots on the left show a SNP 

with poor resolution of A_B and 

B_B genotype clusters and the 

increased clarity of genotype calls 

that comes from using BEAGLECALL 

(Golden Helix Blog) 
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Quality control at the marker level 

• Minor allele frequency (MAF): 

- Genotype calling algorithms perform poorly for SNPs with low MAF 

- Power is low for detecting associations to genetic markers with low 

MAF (with standard large-sample statistics) 

• Missing frequency (MiF) 

- 1 minus call rate  

- MiF needs to be investigated separately in cases and controls because 

differential missingness may bias association results 

• Hardy-Weinberg equilibrium (HWE) 

- SNPs excluded if substantially more or fewer subjects heterozygous at a 

SNP than expected (excess heterozygosity or heterozygote deficiency) 
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What is Hardy-Weinberg Equilibrium (HWE)? 

Consider diallelic SNP with alleles A and a 
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What is Hardy-Weinberg Equilibrium (HWE)? 

  

(Ziegler and Van Steen 2010) 

q 
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Distorting factors to HWE causing evolution to occur 

1. Non-random mating 
 

2. Mutation - by definition mutations change allele frequencies causing 
evolution 

 
3. Migration - if new alleles are brought in by immigrants or old alleles are 

taken out by emigrants then the frequencies of alleles will change causing 
evolution 

 
4. Genetic drift - random events due to small population size (bottleneck 

caused by storm and leading to reduced variation, migration events leading 
to founder effects) 

 
5. Natural selection – some genotypes give higher reproductive success 

(Darwin)  
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The Travemünde criteria 

 
(Ziegler 2009) 
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The Travemünde criteria 

 
(Ziegler 2009) 
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4.b Linkage disequilibrium 

• Linkage Disequilibrium (LD) is a measure of co-segregation of alleles in a 
population – linkage + allelic association 
 
Two alleles at different loci that occur together on the same chromosome 
(or gamete) more often than would be predicted by random chance.  
 

• It is a very important concept for GWAs, since it gives the rational for 
performing genetic association studies  
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4.c Confounding by shared genetic ancestry – “population 

stratification” 

 

 

 

 

(Cois 2014) 

  

 

 

 

 

 

 

(Cois 2014) 
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Confounding by shared genetic ancestry: heterogeneity in populations 

• There can be population structure in all populations, even those that 

appear to be relatively “homogeneous” 

 

(Sabatti et al. 2009) 



Bioinformatics applications  

 

  Van Steen K 

Confounding by shared genetic ancestry : creating a PC space 

• In European data, the first 2 principal components “nicely” reflect the N-S 
and E-W axes ! 

 

Y-axis: PC2 (6% of variance); X-axis: PC1 (26% of variance) 
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Confounding by shared genetic ancestry : creating a PC space 

• In European data, the first 2 principal components “nicely” reflect the N-S 
and E-W axes ! 

 

Y-axis: PC2 (6% of variance); X-axis: PC1 (26% of variance)  
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                    The versatile use of PCs in genetic epidemiology 
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Not everything in life is linear! 
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5 Analysis Steps 

5.a Testing for Genetic Associations (focus on SNPs) 

 

(Ziegler and Van Steen 2010)  
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The linear regression model 

  



Bioinformatics applications  

 

  Van Steen K 

Linear vs non-linear 
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Regression inference 

 

  

(see later) 
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What is R-squared? 

• R-squared is a statistical measure of how close the data are to the fitted 

regression line. It is also known as the coefficient of determination, or the 

coefficient of multiple determination for multiple regression. 

• The definition of R-squared is fairly straight-forward; it is the percentage of 

the response variable variation that is explained by a linear model:  

 

R-squared = Explained variation / Total variation  

(compare with well-known formula for  cor(X,Y)) 

 

• R-squared is always between 0 and 100%: 

- 0% indicates that the model explains none of the variability of the 

response data around its mean; 100% indicates that the model explains 

all the variability of the response data around its mean. 
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Graphical representation of R-squared 

• Plotting fitted values by observed values graphically illustrates different R-

squared values for regression models. 

 

 
• The regression model on the left accounts for 38.0% of the variance while 

the one on the right accounts for 87.4%. The more variance that is 

accounted for by the regression model the closer the data points will fall to 

the fitted regression line.  
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General linear test approach 

• The full model (continuous response, say “BMI”): 

𝑌 =  𝛽0 +  𝛽1𝑋1 +  𝛽2𝑋2 + 𝜀 

• Fit the model by f.i. the method of least squares (this leads to estimations b 

for the beta parameters in the model) 

• It will also lead to the error sums of squares (SSE): the sum of the squared 

deviations of each observation Y around its estimated expected value 

• The error sums of squares of the 

full model SSE(F): 

∑[𝑌 − 𝑏0 −  𝑏1𝑋1 −  𝑏2𝑋2]2  

=  ∑(𝑌 − �̂�)2 
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General linear test approach 

• Next we consider a null hypothesis H0 of interest: 

𝐻0: 𝛽1 = 0 

𝐻1: 𝛽1  ≠ 0  

• The model when H0 holds is called the reduced or restricted model. When 

𝛽1 = 0, then the regression model reduces to  

𝑌 =  𝛽0 +  𝛽2  𝑋2  +  𝜀 

• Again we can fit this model with f.i. the least squares method and obtain an 

error sums of squares, now for the reduced model: SSE(R) 

 

Which error sums of squares will be smaller? SSE(F) or SSE(R)  
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General linear test approach 

• The logic now is to compare both SSEs. The actual test statistic is a 

function of SSE(R)-SSE(F): 

𝐹∗ =  
𝑆𝑆𝐸(𝑅) − 𝑆𝑆𝐸(𝐹)

𝑑𝑓𝑅 −  𝑑𝑓𝐹
∶  

𝑆𝑆𝐸(𝐹)

𝑑𝑓𝐹
 

which follows an F distribution when H0 holds 

• The decision rule (for a given alpha level of significance) is: 

If 𝐹∗  ≤ 𝐹(1 − 𝛼; 𝑑𝑓𝑅 −  𝑑𝑓𝐹 , 𝑑𝑓𝐹), you cannot reject H0 

If 𝐹∗  > 𝐹(1 − 𝛼; 𝑑𝑓𝑅 −  𝑑𝑓𝐹 , 𝑑𝑓𝐹), conclude H1 
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Recall: rejection and non-rejection regions 
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What are different shapes of an F distribution (parameters m, n)? 
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Why F test? 
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Special cases of an F distribution  
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Tests in GWAS using the regression framework 

• Example 1:  

𝑌 =  𝛽0 +  𝛽1𝑆𝑁𝑃 +  𝜀 

- 𝐻0: 𝛽1 = 0 

- 𝐻1: 𝛽1  ≠ 0 

- dfF = n − 2 (this links to df in 

variance estimation)  

- dfR = n − 1 (this links to df in 

variance estimation) 

 

It can be shown that for testing 𝛽1 = 0 versus 𝛽1  ≠ 0 

- 𝐹∗ =
𝑆𝑆𝐸(𝑅)−𝑆𝑆𝐸(𝐹)

𝑑𝑓𝑅− 𝑑𝑓𝐹
∶  

𝑆𝑆𝐸(𝐹)

𝑑𝑓𝐹
=   

𝑏1
2

𝑠2(𝑏1)
 = (𝑡∗)2 
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Tests in GWAS using the regression framework 

• Example 2: 

𝑌 =  𝛽0 +  𝛽1𝑆𝑁𝑃 +  𝛽2𝑃𝐶1 + 𝛽3𝑃𝐶2 +  𝜀 

- 𝐻0: 𝛽1 = 0 

- 𝐻1: 𝛽1  ≠ 0 

- dfF = n − 4 

- dfR = n − 3 

 

How many dfs would the corresponding F-test have? 

How many dfs would a corresponding t(2) test have? 
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The impact of different encoding schemes for SNPs 

 Coding scheme for statistical modeling/testing 
Indiv. 
genotype 

X1 X1 X2 X1 X1 X1 

 Additive 
coding  
 

Genotype 
coding 

(general mode 
of inheritance) 

Dominant 
coding (for 
a) 

Recessive 
coding (for 
a) 

Advantage 
Heterozygous 

AA 0 0 0 0 0 0 
Aa 1 1 0 1 0 1 
aa 2 0 1 1 1 0 
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Which encoding scheme provides a good fit to the data? 

  



Bioinformatics applications  

 

  Van Steen K 
 
 

Which encoding scheme provides a good fit to the data? 

 

Robust vs overkill ?  



Bioinformatics applications  

 

  Van Steen K 
 
 

Which encoding scheme provides a good fit to the data? 

 

Most commonly used  
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Regression analysis in R 
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Model diagnostics  

• There are 4 principal assumptions which justify the use of linear regression 

models for purposes of prediction:  

- linearity of the relationship between dependent and independent 

variables  

- independence of the errors (no serial correlation)  

- homoscedasticity (constant variance) of the errors  

▪     versus time (when time matters) 

▪     versus the predictions (or versus any independent variable)  

- normality of the error distribution.  (http://www.duke.edu/~rnau/testing.htm) 

 

• To check model assumptions: go to quick-R and regression diagnostics 

(http://www.statmethods.net/stats/rdiagnostics.html) 

http://www.statmethods.net/stats/rdiagnostics.html
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QQ plots for model diagnostics – Q for Quantile 

 

• Quantiles are points in your data below which a certain proportion of your 

data fall.  

What is the 0.5 quantile for normally distributed data? 

• Here we generate a random sample of size 200 from a normal distribution 

and find the quantiles for 0.01 to 0.99 using the quantile function:  
 

quantile(rnorm(200),probs = seq(0.01,0.99,0.01)) 

 

• Q-Q plots take your sample data, sort it in ascending order, and then plot 

them versus quantiles calculated from a theoretical distribution.  

The number of quantiles is selected to match the size of your sample data.  

The quantile function in R offers 9 different quantile algorithms!  

See help(quantile) 
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QQ plots for model diagnostics – Q for Quantile 

 

• A Q-Q plot is a scatterplot created by plotting two sets of quantiles against 

one another. 

• If both sets of quantiles come from the same distribution, we should see 

the points forming a line that’s roughly straight.  

• Here’s an example of a Normal Q-

Q plot when both sets of quantiles 

truly come from Normal 

distributions.  

 

https://data.library.virginia.edu/files/example_qq.jpeg
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Examples of QQ plots: no straight line 
 

• QQ plot of a distribution that’s skewed right; a Chi-square distribution with 

3 degrees of freedom against a Normal distribution 
qqplot(qnorm(ppoints(30)), qchisq(ppoints(30),df=3)) 
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Examples of QQ plots: some frequent scenarios 
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What if my Y is binary? Testing for association between case/control status 

and a SNP 

• Fill in the table below and perform a chi-squared test for independence 

between rows and columns → genotype test → 2 df 

 AA Aa aa 
Cases    
Controls    

 

• Fill in the table below and perform a chi-squared test for independence 

between rows and columns → allelic test (ONLY valid under HWE) → 1df 

 A a 
Cases   
Controls   

Sum of entries = 

cases+controls 

Sum of entries is  

2 x (cases + controls ) 
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Toy example of chi-square test of independence 

 

What is the df ? 
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The flexible regression framework           in the context of confounders 

Instead of  

𝑌 =  𝛽0 +  𝛽1𝑆𝑁𝑃 +  𝜀; Y continuous 

and modelling  

𝐸[𝑌|𝑆𝑁𝑃] =  𝛽0 +  𝛽1𝑆𝑁𝑃 (without error term!) 

consider 

𝛽0 +  𝛽1𝑆𝑁𝑃 =  𝜼 representing the linear combination as it can never be 

equal to a binary variable (0/1 response; control/case status) 

and model 

𝒈(𝐸[𝑌|𝑆𝑁𝑃]) =  𝛽0 +  𝛽1𝑆𝑁𝑃 =  𝜼 

where g() is called a link function between response and linear predictor 

 

and thus 

𝐸[𝑌|𝑆𝑁𝑃] = 𝒈_𝒊𝒏𝒗(𝜼) 
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For a binary trait Y:  

𝐸[𝑌|𝑆𝑁𝑃] = 𝑃𝑟𝑜𝑏(𝑌 = 1|𝑆𝑁𝑃) 

=
exp(𝜼)

(1 + exp(𝜼))
=

1

(1 + exp(−𝜼))
= 𝒈_𝒊𝒏𝒗(𝜼) 

           where  

g_inv is the logistic function (sigmoid function) 

(squashing the linear predictor to an acceptable range) 

 

> Z <- rnorm(10000)  

> ginv.of.Z <- (1/(1+exp(-Z)))  

> plot(Z,ginv.of.Z) 
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Since 

𝑃𝑟𝑜𝑏(𝑌 = 1|𝑆𝑁𝑃) =
exp(𝜼)

(1+exp(𝜼))
 

we have 

 

𝑃𝑟𝑜𝑏(𝑌 = 1|𝑆𝑁𝑃)

1 − 𝑃𝑟𝑜𝑏(𝑌 = 1|𝑆𝑁𝑃)
= exp (𝜼) 

 

and thus 

 

𝒈(𝐸[𝑌|𝑆𝑁𝑃]) =  𝛽0 +  𝛽1𝑆𝑁𝑃 = log (
𝑃𝑟𝑜𝑏(𝑌 = 1|𝑆𝑁𝑃)

1 − 𝑃𝑟𝑜𝑏(𝑌 = 1|𝑆𝑁𝑃)
) = 𝜼 

 

g is called the logit function 
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Which encoding scheme? Same as before; independent from trait type but 

dependent on the nature of the marker 

• Analyses based on phased haplotype data rather than unphased genotypes 
may be quite powerful…  
 

 

       Test 1 vs. 2 for M1:                         D + d vs. d 
       Test 1 vs. 2 for M2:                         D + d vs. d 
       Test haplotype H1 vs. all others:    D vs. d 

• If the Disease Susceptibility Locus (DSL) is located at a marker, haplotype 
testing can be less powerful 
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5.b Causation 

“Association does not imply causation” 

• Meaning: 

 

In all observational epidemiologic studies, findings of an association 

between a substance or exposure and a health effect do not necessarily 

imply causation.  

For example, a study might show that the habit of carrying matches is 

associated with an increased likelihood of later developing lung cancer. 
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"Correlation (as a measure of association) is not causation"  

• Meaning:  

 

Just because two things correlate does not necessarily mean that one 

causes the other.  

As a seasonal example, just because people in Belgium tend to spend more 

in the shops when it's cold and less when it's hot doesn't mean cold 

weather causes high street spending. 
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Establishing causation: causal variants for human complex traits  

• Wet lab efforts 

- Gene knock-out experiments 

▪ The findings of animal experiments may not be directly applicable 

to the human situation because of genetic, anatomic, and 

physiologic differences 

• Dry lab efforts 

- As opposed to association studies that benefit from LD, the main 

challenge in identifying causal variants at associated loci analytically lies 

in distinguishing among the many closely correlated variants due to LD.  
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Bioinformatics applications  

 

  Van Steen K 
 
 

6 Post Association Analysis Steps 

6.a Replication and Validation 

The difference 

        

                                                                                               (Igl et al. 2009) 
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Guidelines for replication studies 

• Replication studies should be of sufficient size to demonstrate the effect  

• Replication studies should conducted in independent datasets  

• Replication should involve the same phenotype  

• Replication should be conducted in a similar population  

• The same SNP should be tested  

• The replicated signal should be in the same direction  

• Joint analysis should lead to a lower p-value than the original report  

• Well-designed negative studies are valuable 

  Note that SNPs are most likely to replicate when they 
- show modest to strong statistical significance, 
- have common minor allele frequency, 
- exhibit modest to strong genetic effect size (~strength of 

association) 
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6.b GWA Interpretation and follow-up  

Entering the field of functional genomics 

 

(Ziegler and Van Steen, Brazil 2010)  
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Finding the “relevant” loci – naïve approach 

 

(Duerr et al 2006) 
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Some criteria to assess the functional relevance of a variant 

 

(Rebbeck et al 2004) 
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Finding the “relevant”  loci - via “functional genomics” 

 

 

 

 

 

 

 

 

 

    (https://data.broadinstitute.org/mpg/depict/) 
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Finding the “relevant”  loci - via 

“functional genomics” 

FUMA on GWAS summary statistics. 

SNP2GENE prioritizes functional SNPs and 

genes, outputs tables (blue boxes), and 

creates Manhattan, quantile–quantile (QQ) 

and interactive regional plots (box at right 

bottom).  

GENE2FUNC provides four outputs; a gene 

expression heatmap, enrichment of 

differentially expressed gene (DEG) sets in a 

certain tissue compared to all other tissue 

types, overrepresentation of gene sets, and 

links to external biological information of 

input genes. 

(https://fuma.ctglab.nl/) 
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Natural to look at gene expression (in its full complexity!) 

 

 

Q: "How can something as complicated as a 

human have only 25 percent more genes 

than the tiny roundworm C. elegans?"  

Part of the answer seems to involve 

alternative splicing:  
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From SNPs to genes as units of (follow-up pathway) analysis 

• Pathway analysis allows the interpretation of variants with respect to the 

biological processes in which the affected genes and proteins are involved. 

• Examining the cumulative effects of numerous variants and visualizing 

them at the pathway level, can empower detection of genetic risk factors 

for complex diseases. 

• Visualizing tools can largely aid in making sense of GWAS data! 

Next plot:  

Highlighted green are the tools in which the specific feature described is present, red 

highlights indicate features that are either not present or partially present in the tools 

reviewed. 

(Cirillo et al 2017) 
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(Cirillo et al 2017) 
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ore we come to learn. 

The more that we explore, the more we shall return.” 

 

Sir Tim Rice, Aida, 2000 

Questions? 

 

 


