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CHAPTER 3: GENOME-WIDE ASSOCIATION STUDIES 

1 Setting the pace 

1.a “The Human Genome Project” 

1.b The concept of a genetic marker 

1.c The rise of Genome-Wide Association studies (GWAs) 

2 Components of a GWAs 

3 Study Design 

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 

3.a Quality-Control: The Travemünde criteria 

Hardy-Weinberg equilibrium  

3.b Linkage disequilibrium 

3.c Confounding: population stratification 

5 Testing for Associations 

6 Replication and Validation 

7 GWA Interpretation and Follow-Up  
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1 Setting the pace 

1.a “The Human Genome Project” 
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Historical overview 
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Historical overview 

 

 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;  

- 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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Terminology: Genes 

 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 structures called 

chromosomes.  

 A chromosome contains a single, 

long DNA molecule, only a portion 

of which corresponds to a single 

gene. 

 

 

 

 

 

 

  
 

(Figure : Human  chromosomes) 
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Terminology: 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  

 

 links to giving an “interpretation”  
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Terminology: Alleles 

 Allele: one of several alternative forms of DNA sequence at specific 

chromosomal location 

 Polymorphism: often used to indicate the existence of at least 2 alleles at a 

single “locus” 

 Homozygosity (homozygous): both alleles identical at locus 

 Heterozygosity (heterozygous): different alleles at locus 

 

 Genetic marker: polymorphic DNA sequence at single locus 

[Mutations ~polymorphisms (see later)] 
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Historical overview  
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News about the HGP 
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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 
quarter 
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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: 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: 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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Historical overview: exome sequencing, full genome sequencing 
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1.b The concept of a genetic marker 

The evolution of molecular markers (Schlötterer 2004) 
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Be critical  

(date of 

publication = 

2004) 

 

Hence, it is 

important to 

keep the 

historical time 

lines and 

achievements in 

mind 
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The evolution of molecular markers 

 Nowadays, genetic markers represent sequences of DNA which have been 

traced to specific locations on the chromosomes and associated with 

particular traits.  

 They demonstrate polymorphism, which means that the genetic markers in 

different organisms of the same species are different.  

 A classic example of a genetic marker: 

the area of the DNA which codes for blood type in humans –  

all humans have and need blood, but the blood of individual humans can be 

very different as a result of polymorphism in the area of the genome which 

codes for blood. 

 

 

http://www.wisegeek.com/what-are-chromosomes.htm
http://www.wisegeek.com/what-is-a-genome.htm
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Types of genetic markers – example 1: microsatellites 

 

 

                                                                                            (Ziegler and Van Steen, Brazil 2010) 
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Types of genetic markers – example 2: single nucleotide polymorphisms 

                                                                                                   
(Ziegler and Van Steen, Brazil 2010) 
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Why are SNPs preferred over STRs? 

 

                                                                                            (Ziegler and Van Steen, Brazil 2010) 
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1.c The rise of Genome-Wide Association studies (GWAs) 

Definition 

 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 for improved public health 
 

 Once new genetic associations are identified, researchers can use the 
information to develop better strategies to detect, treat and prevent the 
disease. 
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View the GWAs catalogue (http://www.genome.gov/gwastudies/)  
 
                           2317 studies (6/10/2014) 
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What do we need to carry out a genome-wide association study? 

 The tools include  
 

- computerized databases that contain the reference human genome 
sequence,  
 

- a map of human genetic variation and  
 

- a set of new technologies that can quickly and accurately analyze 
(whole-genome) samples for genetic variations that contribute to the 
onset of a disease.  

 

(http://www.genome.gov/pfv.cfm?pageID=20019523) 
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Genome-wide association studies in practice 

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 in practice 

 
 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 in practice 

 

 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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2 Components of a GWAs 
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Detailed flow of a genome-wide association study 

 

(Ziegler 2009) 
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GWAs belong to Bioinformatics research (1) 
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GWAs belong to Bioinformatics research (2) 
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GWAs belong to Bioinformatics research (3) 
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GWAs belong to Bioinformatics research (4) 
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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., 

exones 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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Hypothesis: Common Disease – Common Variant (CDCV) 

 This hypothesis predicts that the genetic risk for common diseases will 

often be due to disease-predisposing alleles with relatively high 

frequencies; there will be one or a few predominating disease alleles at 

each of the major underlying disease loci (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? 

 Whether the CDCV hypothesis is true for most diseases is yet unknown but 

there are a few prototypical examples: the APOE e4 allele in Alzheimer 

disease 

 An alternative hypothesis = Commond Disease Rare Variant (CDRV) 

hypothesis  

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/S0168-9525%2801%2902550-1
http://dx.doi.org/10.1016/S0306-9877%2803%2900332-3


Bioinformatics             LECTURE 3 -    51 

 

 
 

Number of traits for which molecular basis exists 

 

 

 

 

 

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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Dichotomous Traits                                      Quantitative Traits 

 

 

Food for thought: 

 The higher the MAF, the lower the effect size  

 Rare variants analysis is in its infancy …. 
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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.  Cases usually mild cases, etc 

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. Lower power when compared with 

case-control studies 

3. Sensitive to genotyping errors 
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4 Pre-analysis steps  

3.a Quality control – The Travemünde Criteria 

Standard file format for GWA studies 
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Standard file format for GWA studies (continued) 
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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 (here: SNP level) 

- X-chromosomal SNP level 

 

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

criteria” (obtained in the town Travemünde) 
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Example of QC 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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Reading genotype calling cluster plots 

  

 

Allele signal intensity 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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What is Hardy-Weinberg Equilibrium (HWE)? 

  

(Ziegler and Van Steen 2010)  

q 
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What is Hardy-Weinberg Equilibrium (HWE)? 

Consider diallelic SNP with alleles A and a 
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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 

Mapping the “relationships” between SNPs  (Christensen and Murray 2007) 

(HaploView software)  
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Linkage disequilibrium (LD) between genetic markers 

 Linkage Disequilibrium (LD) is a measure of co-segregation of alleles in a 
population – 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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Distances among SNPs 

 The measure D is defined as the difference between the observed and 
expected (under the null hypothesis of independence) proportion of 
“haplotypes” bearing specific alleles at two loci: pAB - pA pB 
  

 A a 
B pAB paB 
 b pAb pab 

 

 A haplotype is a linear arrangement of alleles on the same chromosome 
that have been inherited as a unit. 
 

 Because of its interpretation, the measure r2 (coefficient of determination) 
is most often used for GWAs 
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How far does linkage disequilibrium extend? 

(Hecker et al 2003) 

 LD is usually a function of distance between the two loci. This is mainly 
because recombination acts to break down LD in successive generations 
(Hill, 1966).  
 

D’ (Lewontin’s D prime) is 
the absolute ratio of D 
compared with its 
maximum value.  
 
D’ =1 : complete LD 

 

http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=retrieve&db=pubmed&list_uids=5980116&dopt=Abstract
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Recombination 

 

(Ziegler and Van Steen, Brazil 2010)  
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4.c Confounding: population stratification 

What is spurious association? 

 Spurious association refers to false positive association results due to not 
having accounted for population substructure as a confounding factor in 
the analysis 
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What is spurious association? 

 Typically, there are two characteristics present: 
- A difference in proportion of individual from two (or more) 

subpopulation in case and controls 
- Subpopulations have different allele frequencies at the locus. 
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What are typical methods to deal with population stratification? 
 

 Methods to deal with spurious associations generated by population 
structure generally require a number (at least >100) of widely spaced null 
SNPs that have been genotyped in cases and controls in addition to the 
candidate SNPs. 
 

 These methods large group into: 
 

- Principal components 

- Structured association methods: “First look for structure (population 

clusters) and second perform an association analysis conditional on the 

cluster allocation” 

- Genomic control methods: “First analyze and second downplay 
association test results for over optimism”  see later 
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Principal components (and omics: http://cdn.intechopen.com/pdfs-wm/30002.pdf) 
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Principal components 

 

       

 Find eigenvectors of the covariance matrix 

for standardized (x1, x2, …) [SNPs] 

 These will give you the direction vectors 

indicated in Fig3 by phi_1 and phi_2 

 These determine the axes of maximal 

variation 
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Principal components 
 

 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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5 Testing for Associations 

One SNP at a time  

 

 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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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 colums  genotype test 

 AA Aa aa 
Cases    
Controls    
 

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

between rows and colums  allelic test (ONLY to be used under HWE) 

 A a 
Cases   
Controls   
 

Sum of entries = 

cases+controls 

Sum of entries is  

2 x (cases + controls ) 
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Testing for association between case/control status and a SNP 

 The genotype test involves a 2df test (note that two variables X1 and X2 

were needed for genotype coding).  

 It has been shown that usually, the additive coding gives adequate power, 

even when the true underlying mode of inheritance is NOT additive (note 

that the additive coding can be achieved by only using 1 variable (X1)). 

 For large sample sizes, a “test for trend” (risk for disease, or average trait 

increases/decreases with increasing number of “a” copies) theoretically 

follows a chi-squared distribution with 1df.  

 How can we adjust such a test for population substructure?  
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Genomic control  

 In Genomic Control (GC), a 1-df association test statistic is computed at 
each of the null SNPs, and a parameter λ is calculated as the empirical 
median divided by its expectation under the chi-squared 1-df distribution. 

 Then the association test is applied at the candidate SNPs, and if λ > 1 the 
test statistics are divided by λ.  
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6 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 

  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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7 GWA Interpretation and Follow-Up  

Finding the causal locus 

 

(Ziegler and Van Steen, Brazil 2010)  
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Finding the causal locus 

 

(Duerr et al 2006) 
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Finding the causal locus 

 

 Cis-acting variants are 

found close to the 

target genes and 

trans-acting variants 

are located far from 

the target genes, 

often on another 

chromosome.  

 Different allelic forms 

of the cis- and trans-

acting variants have 

different influence on 

gene expression.  
(Cheung and Spielman 2009) 
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Finding function 

 Evaluating the functional properties of gene sets is commonly used both to 

verify that the genes implicated in a biological experiment are functionally 

relevant and to discover unexpected shared functions between those 

genes.  

 Many functional annotation databases have been developed in order to 

classify genes according their various roles in the cell. E.g., the 

comprehensive Gene Ontology (GO) is one of the most widely used by 

many functional enrichment tools  

 
(Glass and Girvan 2014) 
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Functional annotation in R 
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Finding function 

 Once a genomic region of interest has been sequenced, bioinformatic 

analysis can be used to determine if the sequence is similar to that of a 

known gene.  

 This is where sequences from model organisms are helpful.  

 For example, let's say we have an unknown human DNA sequence that is 

associated with the disease cystic fibrosis.  

- A bioinformatic analysis finds a similar sequence from mouse that is 

associated with a gene that codes for a membrane protein that 

regulates salt balance.  

- It is a good bet that the human sequence also is part of a gene that 

codes for a membrane protein that regulates salt balance. 

Links to DNA-seq lectures (sequence comparisons)  
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Finding function 

 

 

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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 “The more we find, the more we see, the more we come to learn. 

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

 

Sir Tim Rice, Aida, 2000 
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