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Introduction 

According to a recent study by Levy et al, the interchromosomal difference between the genome 

sequences of two human beings is five times larger than previously estimated – only 99.5% similarity 

exists between the two chromosomal copies (Levy et al. 2007). Only a small proportion of those 

genomic variations are located in regions that can be identified to encode a protein. Until recently, 

most of the association studies have focused on genes and the importance of the non-coding 

genomic landscape has not been emphasized. The results of the ENCODE (Encyclopedia of DNA 

elements) project have revealed that a large proportion of non-coding DNA is involved in gene 

regulation and that there are non-protein-coding transcripts practically everywhere in the human 

genome (Birney et al. 2007). These findings indicate the importance of genome-wide association 

studies (GWAS) as a tool for detecting genetic causes of complex diseases. 

Association analyses are based on the linkage disequilibrium between loci. In case of a tight linkage 

between the marker and the disease causing locus, it is possible to localize the disease gene by 

genotyping neighboring markers. The difference in allele or genotype frequencies of a marker can be 

observed between the case and control samples if the marker locus itself is causing the disease or is 

in linkage with the susceptibility locus (Risch and Merikangas 1996). 

As the disease causing locus can be investigated through neighboring markers, it is possible to 

describe most of the common variants with a reduced number of tagging SNPs. One of the crucial 

prerequisites for a successful association study is estimating the power  to detect association (Purcell 

et al. 2003).  Additionally to the sample size, the frequencies of causal and marker alleles and the 

disease penetrance, the power is determined by the correlation between causal allele and observed 

marker. Therefore, it is important to estimate the coverage of selected marker sets to evaluate how 

successfully they can capture the genetic variation of an observed genomic region. 

Due to the large variance of allelic association in different regions of the human genome and also 

between populations, it is necessary to create an empirical LD map of the population under 

observation. The detailed structure of the LD patterns gives us an opportunity to create optimal sets 

of tagging SNPs for association studies. In addition, it is important to estimate how similar the LD 

patterns are between populations. In the case of close populations, the tagging SNP sets could be 

transferrable, creating an opportunity for fixed SNP panels. 

The first part of this thesis provides an overview of genetic markers, the concept of linkage 

disequilibrium and its variability in the human genome. This is followed by an introduction to 

association studies and a discussion of marker selection strategies for effectively finding the disease 

causing genes and alleles. The research part of this dissertation is focused on: 1) Describing the 

variability of LD and comparing the patterns of LD among European populations 2) Evaluating the 

performance of the tagSNPs and their transferability among European populations 3) Evaluating the 

coverage of whole-genome marker sets for genome-wide association studies. 



 
1. Review of literature  

1.1. Linkage disequilibrium in human genome 

1.1.1. Genetic markers 

Rapid development of technology and progress in molecular biology has boosted the number and 

size of association studies in the last decade. It is now possible to make an association study with 

thousands of cases and controls genotyped for hundreds of thousands of markers across the human 

genome.  

The first genetic markers which were sufficiently numerous and adequately spaced across the human 

genome were restriction fragment length polymorphisms (RFLPs). They were introduced as a genetic 

mapping tool in 1975 (Grodzicker et al. 1975) and in 1980 Botstein et al. describes the construction of 

the human genetic linkage map using restriction fragment length polymorphisms (Botstein et al. 

1980). RFLPs are generally based on single-nucleotide changes and therefore have heterozygosities 

below 50% (Ott 1999). 

Many more polymorphic markers were described by Nakamura et al. in 1987 (Nakamura et al. 1987).  

These are called variable number of tandem repeats (VNTRs). These polymorphic sequences contain 

20-50 copies of 6-100 bp repeats. There are approximately 150,000 minisatellites across the human 

genome, of which approximately 20% are polymorphic i.e. VNTRs (Feuk et al. 2006). As minisatellites 

were not believed to be as easy to clone and characterize as microsatellites and also are 

concentrated mostly in telomeric regions of chromosomes, they were replaced by microsatellite 

markers (Weber 1990). Still there is some renewed interest in VNTRs as they might have important 

functional roles (Nakamura et al. 1998) and according to more recent studies they are abundant and 

widespread across the human genome (Näslund et al. 2005). 

Microsatellites , also referred to as short tandem repeats (STRs) or simple sequence repeats (SSRs) 

are repeats of 1-6 bp units totaling < 200 bp in length (Toth et al. 2000). With the advent of PCR in 

the late 1980s, the genotyping of STRs became straightforward and they became the markers of 

choice for genome mapping (Ellegren 2004). They are mostly (CA)n repeats, but also any other short 

motifs, accounting for approximately 3% of the  human genome sequence (Lander et al. 2001).  

Single nucleotide polymorphisms (SNPs) are the most abundant form of genomic variation. According 

to their definition, SNPs are single base pair positions in genomic DNA at which different sequence 

alternatives exist wherein the least frequent allele have an abundance of 1% or greater (Brookes 

1999). More than 10 million SNPs have been identified in the human genome (Hinds et al. 2005). 

SNPs are usually bi-allelic, but might theoretically have up to four alleles. In the current dbSNP build 

127, there are thousands of validated SNPs with more than two alleles, but they still contribute 

approximately 0.2% of all SNPs. Therefore, a single SNP is a lot less informative than a mini- or 

microsatellite, but their large number and possibilities of automation make them a very attractive 

tool for mapping the human genome (Wang et al. 1998). Current genotyping platforms enable the 



genotyping of hundreds of thousands of SNPs quickly and affordably (Barrett and Cardon 2006; Pe'er 

et al. 2006). New SNP panels should also be able to detect other types of variability of genomes – 

copy number variations (CNVs), inversions, insertions, deletions and other complex rearrangements 

(Feuk et al. 2006). 

 

1.1.2. Linkage disequilibrium 

The concept of linkage disequilibrium (LD), also known as allelic association, dates back to 1917, 

when Jennings published his work on the linkage between factor pairs (Jennings 1917). In his study, 

he compared the frequencies of gametes derived from independent and linked pairs of phenotypic 

traits. LD occurs when two alleles at adjacent loci tend to co-occur more frequently than expected by 

their allele frequencies.   

The LD between a mutant allele in a disease locus and marker alleles at flanking loci is complete 

when the mutation occurs. If the evolutionary factors are ignored, the LD will decay due to 

recombination events. The decay in LD is related to the recombination fraction between loci. 

Recombinations between tightly linked loci are rare and therefore LD remains strong for many 

generations. The LD between loosely linked loci will decay quickly with generations until the 

frequencies of four possible haplotypes between bi-allelic loci are determined by their allele 

frequencies. Recurrent mutation (in either mutant or marker locus) might also decrease the 

association between these loci, but it would be a very rare case and there is no evidence that it 

contributes significantly to the erosion of LD between SNPs (Ardlie et al. 2002). Recombination 

events and mutations are not the only factors that affect the LD – demographic, molecular and 

evolutionary forces  also play major role in shaping the LD structure (De La Vega et al. 2005; Jorde 

2000; Pritchard and Przeworski 2001).  

Long range LD can be caused by an extreme founder effect or a bottleneck: a period, when the 

population size is so small that a few ancestors gave rise to most of the haplotypes that exist today 

(Reich et al. 2001). Also, the genetic drift is particularly important in shaping LD, if the population has 

gone through bottleneck of founder effect (Risch et al. 2003). It is also shown, that in principle, long-

range LD might be generated by a recent population mixture or by migration (Chakraborty and Weiss 

1988; Pfaff et al. 2001; Pritchard and Przeworski 2001; Zhu et al. 2005).  

Various aspects of population structure may affect the pattern of LD. For example, population 

subdivision might be an important factor in establishing the patterns of LD. In the study of 

Arabidopsis it was shown that inbreeding can cause high levels of LD (Nordborg et al. 2002). 

Positive selection causes a rapid rise of allele frequency, occurring so quickly that recombinations can 

not break the haplotype on which the selected mutation occurs. Therefore, positive selection causes 

an allele having unusually long-range LD (Przeworski 2002; Sabeti et al. 2002). For example, positive 

selection has created high LD around the human dopamine receptor D4 gene locus which has been 

found to be associated with hyperactivity disorder and also the personal trait of novelty seeking 

(Ding et al. 2001). Another well-known example is the positive selection around genes G6PD and 

CD40, which is related to resistance to malaria (Sabeti et al. 2002; Saunders et al. 2005). 



Gene conversion has been shown to be an important mechanism in the breakdown of LD over short 

distances (Przeworski and Wall 2001; Wiuf and Hein 2000) and also contributing to the decay of LD in 

human population level (Frisse et al. 2001). In the case of gene conversion, a short stretch of one 

copy of chromosome is transferred to another during meiosis - the effect is the same as that of two 

very close recombinations (Ardlie et al. 2002; Chen et al. 2007). 

It is well-known that the processes of generating LD are highly stochastic (Pritchard and Przeworski 

2001), therefore the variation in LD levels across different genomic regions is expected to occur by 

chance (Frisse et al. 2001).  

 

1.1.3. Measures of LD 

The most common LD measure, D, quantifies the disequilibrium as the difference between the 

observed frequency of the two-locus haplotype and the frequency, it would be expected to have if 

those two loci would segregate randomly. The formula was developed by Lewontin more than 40 

years ago (Lewontin 1964): 

 

Where PAB is the observed frequency of two locus haplotype with allele A in the first locus and B in 

the second locus, PA is the frequency of allele A in first locus and PB is the frequency of allele B in 

second locus (Table 1). Although the measure D is good for explaining LD, its numerical value is not a 

very good tool for measuring the strength of and comparing levels of LD due to its dependence on 

allele frequencies. To make the LD measure less dependent on allele frequencies, another measure 

D’ was proposed by Lewontin in the same paper (Lewontin 1964): 

 

Where the quantity in the denominator is the absolute maximum D that could be achieved with the 

given allele frequencies at the two loci. D’ = 1 between two loci only if they haven’t been separated 

by recombination. In this case, at most three out of four possible two-locus haplotypes are observed 

in a sample (Figure 1). Values of D’ < 1 show that complete LD has been disrupted. The problem with 

the D’ measure is that it is strongly inflated in small samples, even with common alleles, but 

especially for SNPs with rare alleles. Because the magnitude of D’ is dependent on sample size, it 

should not be used for comparisons of the strength of LD between studies (Ardlie et al. 2002). 

One of the most popular LD measure is r2 (also denoted by Δ2), which is currently the measure of 

choice for quantifying and comparing the LD (Hill and Robertson 1968). This common scaling of D is 

calculated: 

 



It is equal to , where the  statistic can be obtained from a 2x2 table of haplotype 

frequencies and N is the total number of haplotypes in the sample. This provides a means of testing 

the statistical significance of r. In the paper by Pritchard and Przeworski, they show that r2 arises 

naturally in the context of association mapping (Pritchard and Przeworski 2001). It can be shown that 

in order to achieve the same power of association as you would have genotyping disease causing 

allele, you need to increase the sample size by 1/r2, where r2 is the coefficient of LD between marker 

and disease mutation (Kruglyak 1999). 

Another common two-locus disequilibrium statistic δ can be calculated as: 

 

Where PB is the population frequency in the disease allele. Several studies have shown that δ and D’ 

give more reliable estimates of physical distance between the disease locus and the marker than D 

and r2 (Devlin and Risch 1995; Guo 1997). Devlin and Risch have showed that δ is directly 

proportional to the recombination fraction and thereby a desirable measure for genetic distance 

(Devlin and Risch 1995), but the measure becomes unpredictable, when the marker is very close to 

the disease locus (Guo 1997). This might be one reason why popular marker selection methods are 

based on D’ and r2 statistics and δ has not been used for this purpose. 

 

1.1.4. The extent of LD in human genome 

As the recombination rates vary across the human genome, the length and strength of LD between 

loci is not solely defined by the physical distances between loci. Many studies have shown that the 

LD structure is highly variable in different regions of the human genome – close markers are not 

always in strong LD (Ardlie et al. 2001; Clark et al. 1998; Moffatt et al. 2000) and sometimes LD has 

been reported between quite distant markers (Abecasis et al. 2001; Daly et al. 2001; Gabriel et al. 

2002; Patil et al. 2001; Reich et al. 2001). At the extreme, variations in several orders of magnitude 

are observed between meiotic recombination frequencies per unit of physical distance (Lichten and 

Goldman 1995). It has been proposed that the human genome might consist of non-recombining 

blocks separated by regions of high recombination, so called recombination “hot-spots” (Ardlie et al. 

2001; Jeffreys et al. 2001; Lichten and Goldman 1995). This theory was also supported by the study 

of Jeffreys et al. where they estimated the recombination frequencies in sperms and found three 

clusters of recombinational hotspots accounting for 94% of  the observed recombinations of HLA 

class II region (Jeffreys et al. 2001). A possible cause for this has been shown in that the in human 

genome recombination rates tend to be  higher in regions with higher gene density (Fullerton et al. 

2001). There is also some evidence to indicate that mammalian recombination hot-spots might be 

associated with GC rich repetitive DNA sequences (Petes 2001). It has even been shown that the 

recombination hotspot reduces the effect of strong positive selection - the rapid decay in LD 

upstream of the HbC allele demonstrates the large effect the ß-globin hotspot has in decreasing the 

effects of positive selection on linked variation (Wood et al. 2005). 

Another important fact is that the LD varies remarkably across populations - the pattern of LD might 

give information about population history and migrations (Plagnol and Wall 2006; Reich et al. 2001). 



The highest levels of LD are usually observed in isolated populations due to genetic drift (Peltonen et 

al. 2000). These populations can successfully be used for studying rare diseases – they have greater 

phenotypic homogeneity and similar environmental conditions, reduced genetic diversity and higher 

prevalence of some diseases. Due to high LD, sparsely spaced markers can describe most of the 

genetic variations. Valuable isolates are for example Finns, Amish, Sardinians and Bedouins, which 

show high frequencies of certain Mendelian diseases (Peltonen et al. 2000). The lowest values of LD 

are described in African populations (Reich et al. 2001). They are possibly caused by the differences 

in demographic history as the biological determinants of LD are expected to be constant across 

populations (Gabriel et al. 2002). If a population has been stable, and of a large enough size sufficient 

amount of time, there can be enough recombinations to reduce LD between distant markers to 

unmeasurable levels (Goldstein 2001). In European and Asian populations, clear LD block structure is 

reported, hinting that large blocks of LD can be described by a few markers (Gabriel et al. 2002; 

Goldstein 2001).  

Understanding the nature of LD is essential for planning the association studies. LD enables scientists 

to map the locations of mutations that cause genetic diseases by genotyping other marker SNPs (Hey 

2004). Knowing the possible causes and locations of recombination hot spots and cold spots could 

make it possible to represent much of the genomic variations using only a small number of SNPs 

found within the region. 



 

1.2. The selection and evaluation of genetic markers for 

association studies 
 

1.2.1. The principles of association studies 

Common inherited disorders are difficult to study because they are the result of a combination of 

various genes and environmental factors (Gambano et al. 2000). These disorders tend to be inherited 

in families, but they don’t follow the typical mendelian inheritance patterns. Therefore, they are 

usually referred to as non-mendelian disorders, or complex disorders. Pedigree based linkage 

analysis is a successful method for studying mendelian disorders, but has not been as successful in 

the studies of complex genetic traits. This indicates a need for identifying different approaches 

(Goddard et al. 2000). The possibility of using  dozens or even hundreds of past generations of 

recombination to achieve the fine-scale gene localization is one of the advantages of association 

studies (Jorde 2000). The linkage disequilibrium mapping has proved itself as a valuable tool for 

finding disease related genes (Feder et al. 1996; Fujita et al. 1990; Kerem et al. 1989; Petrukhin et al. 

1993). Due to its success in localizing Mendelian disease genes, it is hoped that this approach is also 

useful for localizing genes of complex diseases, even in whole-genome association studies (Risch and 

Merikangas 1996). 

Association analyses are based on linkage disequilibrium. With tight linkage between the disease and 

marker loci, the possibility of recombination is small and the allelic association can be used to localize 

the disease gene. The allele frequency of marker locus is different in case and control samples if the 

marker locus itself is causing the disease or is in tight linkage with the susceptibility locus (Cardon 

and Bell 2001; Gambano et al. 2000; Risch and Merikangas 1996).  

There are two complementary approaches for selecting markers. The first approach exploits the LD 

between loci in many parts of the genome. If a subset of SNPs is genotyped, they capture 

information about adjacent loci and regional haplotypes. There are several strategies for selecting 

informative subsets of SNPs (also referred to as tagging SNPs or tagSNPs), which will be discussed 

later (2.2.2.1). The second approach tries to access the variation of the genome with likely functional 

effect. Obvious targets are non-synonymous coding variants, as they alter the aminoacid sequence in 

the gene product (Hattersley and McCarthy 2005). Their advantage is that the number of common 

coding SNPs (cSNPs) is several orders of magnitude smaller than the number of common SNPs overall 

(Carlson et al. 2004a). Recently, the structural variants and non-protein-coding sequence has gained 

attention with their possible influence to phenotype (Birney et al. 2007; Feuk et al. 2006). Therefore, 

genotyping only non-synonymous coding variants might lead to false negative results. 

The association study design can also be classified according to its magnitude. Due to the cost of 

genotyping and multiple testing corrections, the candidate gene approach has been widely used. In 

thit case, one or only a few genes are studied. These genes are selected according to the results of 

previous studies, or on the basis of other evidence that the gene might be associated to the studied 

disease.  



There are numerous association studies that cannot be replicated, which has led to skepticism about 

that approach. Therefore, the importance of a good study design is crucial for a successful 

association study (Cardon and Bell 2001). Current genome-wide association study (GWAS) contains 

multiple steps:  

 The Genome-wide SNP Genotyping: Current SNP panels contain hundreds of thousands or 

even millions of SNPs, which can be quickly and automatically genotyped for each individual. 

To reduce the cost of large-scale association study, it is possible to use DNA pooling 

(Docherty et al. 2007; Sham et al. 2002). 

 Validation with subset of SNPs: SNPs showing the strongest association with a disease are 

selected to the next step. Independent case and control samples are tested for association 

with custom SNP panels. In case of the genome-wide marker set, the number of SNPs 

analyzed is rather high and the multiple-testing problem arises. Analysis of each single SNP 

can be treated as an independent test and multiple testing correction must be used for 

declaring a significant association in GWAS  (Risch and Merikangas 1996). To overcome this 

problem, the multi-stage screening approach can be used, assuming a smaller number of 

susceptibility markers are genotyped in the second stage. The significance level for declaring 

association doesn’t have to be as strict as for all markers in the whole-genome marker panel 

(Hirschhorn and Daly 2005). It has been shown that the joint analyzing the data from both 

stages almost always has more power to detect genetic association then the replication 

based analysis (Skol et al. 2006). Therefore, the joint analysis for all two-stage genome-wide 

analysis should be used. 

 Independent replication: Independent replication from different population to validate the 

results. 

In the case of a complex disease, the number of cases and controls should be relatively high. This is 

due to the modest genetical effects of single causal alleles (Cardon and Bell 2001; Hattersley and 

McCarthy 2005). Current association studies use thousands or even tens of thousands of individuals 

to analyze the effect of disease causing alleles (Herbert et al. 2006; Sladek et al. 2007; Smyth et al. 

2006).  

1.2.2. The selection of genetic markers for association studies 

In 1998, Chapman and Wijsman claimed that single-marker LD testing with bi-allelic markers was 

feasible only for rapidly growing genetic isolates because the mapping resolution was not high 

enough (Chapman and Wijsman 1998). Since then, the number of SNPs in the public databases has 

been rising and currently more than 10 million validated SNPs are available (Hinds et al. 2005).  

Alleles of closely located SNPs are often correlated, resulting in a reduced genetic variability and the 

defining of a limited number of „haplotype blocks” (Patil et al. 2001). Some of these haplotypes 

might extend only for a few kilobases (kb) and others may extend more than 100 kb (Abecasis et al. 

2001; Clark et al. 1998; Reich et al. 2001). The extent of LD is formed by mutation, recombination, 

selection, population history and stochastic events. This suggests that a comprehensive description 

of the haplotype structure of the human genome is possible only by empirical studies with dense SNP 

sets.  



The first large-scale publicly available SNP set was generated by Perlegen Sciences, Inc. in 2001 (Patil 

et al. 2001). It contained 20 independent copies of chromosome 21, representing the African, Asian 

and European chromosomes. In this study, 35,989 SNPs were identified and 24,047 of them had 

minor allele represented more than once in their dataset. 

In October 2002 the International HapMap Project was launched with the goal of determining the 

common variants of the DNA sequence in the human genome and then determining their 

frequencies and identifying correlations between them (Gibbs et al. 2003). A total of 269 DNA 

samples were studied:  

1. 90 CEPH samples from US Utah population with Northern and Western Europe ancestry. 

These samples were collected by Centre d’Etude du Polymorphisme Humain and contained 

info of 30 trios of two parents and one adult child. 

2. 90 Yoruba people in Ibadan, Nigeria (also 30 trios). 

3. 44 unrelated Japanese in Tokyo, Japan. 

4. 45 unrelated Han Chinese in Beijing, China. 

The sample sizes were found to be sufficient to identify 99% of the haplotypes with an allele 

frequency of 5% and higher (Gibbs et al. 2003). In the first genotyping phase, the goal was to 

genotype 600,000 markers with an average spacing of 5kb. This was completed in 2005, when a 

resource consisting over a million accurate SNP genotypes in 269 individuals was released (Altshuler 

et al. 2005). Two years later, in 2007, the second genotyping phase was finished, adding over 2.1 

million validated SNPs to the database. 

The genome-wide genotype information of the HapMap project can be used for locating 

recombination hotspots, LD blocks, and regions with low haplotype diversity. This enables improved 

selection of tagging SNPs (tagSNPs), thereby increasing the power of an association analysis. In the 

next phase of the HapMap project, seven additional populations from the USA, Kenya and Italy have 

been selected for genotyping.  The main goals for the next phase are the comparison of genome-

wide patterns of variation and assessing the transferability of tagSNPs between populations. 

 

1.2.2.1. TagSNP selection methods 

In the case of an „indirect” association study, the marker set will be selected to describe most of the 

common variations in the genomic region under observation.  There are many algorithms available to 

select the most informative set of common single-nucleotide polymorphisms (tagSNPs).   

The tagSNP selection methods can be based on haplotype blocks (haploblocks) – regions with a low 

recombination rate. In 2001, Patil et al described a greedy tagSNP selection algorithm, which was 

based on minimizing the number of tagSNPs required to describe most of the common haplotypes in 

each block for the entire chromosome (Patil et al. 2001). As a greedy algorithm gives an approximate 

solution, Zhang et al. developed a dynamic programming algorithm for haplotype block partitioning 

as an optimal solution to the problem (Zhang et al. 2002). In order to describe 80% of the most 

common haplotypes on the entire 21 chromosome, with 24,047 common SNPs genotyped, 3,582 

SNPs in the 2,575 haplotype blocks were required. The main disadvantage of this solution is the high 

variability of haplotype block borders and selected SNPs. The marker and haploblock selection is 



highly dependent on the underlying samples and marker density (Cardon and Abecasis 2003; Carlson 

et al. 2004b). 

To make the haplotype block selection less dependent on marker density, several haploblock 

selection methods were proposed based on LD measures. Block borders, according to the four-

gamete test (Hudson and Kaplan 1985), can reflect the LD regions with no evidence of recombination 

(Wang et al. 2002). According to this method, the haplotype block is extended as long as four 

possible haplotypes of a pair of bi-allelic loci are not present (Figure 1). The addition of the fourth 

haplotype indicates a recombination event and therefore identifies the block border. 

Another method is based on the solid spine of LD (Barrett et al. 2005). This method searches for a 

„spine” of LD, where the first and last marker of the haplotype block are in strong LD with all of the 

intermediate markers, but does not require that the intermediate markers are necessarily in LD with 

each other. 

The third and most popular haploblock selection method is based on the confidence intervals of D’.  

It is a normalized measure of allelic association which reflects the history of recombinations between 

the SNP pairs. As the point estimate of D’ tends to be biased upward, if a small number of samples or 

rare alleles are analyzed, Gabriel et al. defines the 95% confidence interval for each D’ estimate 

(Gabriel et al. 2002). The authors of this method claim that haplotype blocks defined by this method 

are robust to study-specific differences, like the frequencies of SNPs and sample sizes. 

However, the haploblock borders tend to fluctuate in different populations or even in the same 

population if different set of samples is selected. Cardon and Abecasis claimed in their paper in 2003 

that the confidence intervals method  shares the same problems as all methods that are based on LD 

measures: it is unclear how haplotype ancestry is reflected in a matrix of pairwise LD coefficients that 

are not independent and therefore the defined blocks are subjective and arbitrary (Cardon and 

Abecasis 2003). 

For the marker selection from the haplotype blocks, the haplotype tagging SNP method  (htSNPs) has 

been proposed (Johnson et al. 2001). HtSNPs are defined as a minimum number of informative SNPs, 

which can be used to distinguish between all common haplotype variants in a block. A single SNP can 

distinguish between two haplotypes; two SNPs could distinguish between up to four haplotypes, etc. 

The disadvantage of this tagSNP selection method is that the relationship between the tagSNPs 

selected to describe haplotypes and the power to detect disease risk associated with the existing 

polymorphism are poorly addressed (Carlson et al. 2004b).  

The htSNPs are not the most efficient way of describing common haplotypes for association studies, 

due to the correlation or overlap between neighboring haploblocks (Daly et al. 2001). This indicates 

that tagSNP selection methods, which allow for interblock disequilibrium or ignore block boundaries 

altogether, could be more effective than those who treat chromosomes as a series of discrete blocks 

(Cardon and Abecasis 2003). 

For a haploblock independent tagSNP selection, an algorithm based on the r2 LD statistic was 

proposed by Carlson et al., because r2 is directly related to the statistical power to detect disease 

associations with markers (Carlson et al. 2004b). The r2-bin method is based on a greedy algorithm. 

The SNP exceeding the r2 threshold, with a maximum number of other SNPs, is identified. This 



maximally informative SNP and all the associated markers are grouped as a first r2-bin. One tagSNP is 

selected from each bin and can be selected for assay on the basis of genomic context, ease of assay 

design, or other user specified criteria. The binning process is iterated, analyzing not-binned markers 

as long as all markers are in bins. If an SNP does not exceed the r2 threshold with any other SNP in 

the region, it is placed in a singleton bin. As expected, r2-bin based tagSNPs are more powerful than 

an equivalent number of either haplotype-selected htSNPs or randomly selected SNPs for detecting 

the association between a tagSNP and disease phenotype (Carlson et al. 2004b). 

It should be pointed out, that most of the tagSNP selection methods are focused on describing of the 

common variants. Rare mutations and SNPs with low minor allele frequency may not be detected by 

reduced number of marker SNPs. 

1.2.2.2. Commercial SNP sets 

Currently, two major companies are providing fixed SNP panels for genome-wide SNP genotyping – 

Illumina Inc. and Affymetrix Inc. Both of these companies are offering very high throughput and 

accuracy with low cost per SNP analysis. There are obvious advantages of having fixed SNP panels, 

including the possibility of combining datasets across laboratories and designing statistical methods 

for commonly used panels (Barrett and Cardon 2006). These SNP panels could be used for DNA 

pooling (Macgregor 2007; Steer et al. 2007) and for detecting copy number variations in the human 

genome regions (Komura et al. 2006; Peiffer et al. 2006). 

Mapping 10K Array Sets from Affymetrix GeneChip series were introduced in 2003, when a work 

about rapid genotyping of 14,548 SNPs in three different human populations was published (Kennedy 

et al. 2003). This was followed by Mapping 100K (Di et al. 2005) and Mapping 500K Array sets 

(Nicolae et al. 2006). The HumanHap  300 and later the HumanHap 550 Array Sets from the Illumina 

Infinium series were developed after the end of the Hapmap’s first genotyping phase, providing 

318,000 and 555,000 tagSNPs accordingly. While the SNPs included on the Affymetrix SNP panels are 

selected on the basis of their technical quality and are evenly distributed across human genome, 

SNPs on the Illumina platforms are selected using the r2-bin method from HapMap genotype data 

(Pe'er et al. 2006). The HumanHap 300 is based on CEPH data, therefore the most efficient option for 

describing the genome variation of Northern and Western European populations. The HumanHap 

500 has been altered by adding tagSNPs to describe the variation of other HapMap populations as 

well (JPT+CHB, YRI). To provide even more comprehensive coverage in African and African-American 

populations, the new Illumina HumanHap 650Y has been developed, with over 100,000 Yoruba-

specific tagSNPs. 

To capture other types of genetic differences, such as copy number variations, even larger SNP 

panels have been designed. The first the Affymetrix SNP Array 5.0, was introduced with the Mapping 

500K Array Set combined with 420,000 additional non-polymorphic probes that can measure other 

genetic differences. The Illumina Inc. responded by developing the Human1M BeadChip, featuring 

over one million markers to interrogate human genetic variation, using SNPs and CNV probes. The 

latest Affymetrix Genome-Wide Human SNP Array 6.0 features 1.8 million genetic markers, including 

more than 906,600 SNPs and 946,000 CNV probes. 

 



1.2.3. The evaluation of the performance of genetic markers 

It is important to estimate the power of detecting association with the existing marker set in any 

study design and disease scenario. In the case of sparser marker set, a larger number of samples 

must be collected in order to achieve sufficient power to detect the hypothesized effect (Purcell et al. 

2003). A a simple way to evaluate the performance of markers is by using the square of the 

correlation coefficient (r2) between a marker and a putative causal allele (Pritchard and Przeworski 

2001). This pairwise measure has become a standard for evaluating the performance of marker sets 

(Barrett and Cardon 2006; Pe'er et al. 2006). This coverage measure can be biased upwards if 

tagSNPs themselves are part of the coverage calculation or part of the reference set was used to 

select tag SNPs. Therefore, the coverage measure must be corrected considering the number of 

markers and the count of tagSNPs in the reference set and the estimate for the total number of SNPs 

in a described region (Barrett and Cardon 2006). 



 

2. Results and discussion 

2.1. Aims of the present study 
1. To define the extent and LD patterns of European populations. This information is essential 

for the marker selection of association studies. The extent of LD is necessary for estimating 

the number of SNPs necessary to describe certain genomic regions. The comparison of LD 

patterns across European populations provides information as to whether SNP panels can be 

universally used for association studies in different populations (Ref I, II). 

2. To evaluate the performance of tagSNPs and calculate how well the tagSNPs of one 

population sample can be used to describe the variability of another population. Different 

haploblock and tagSNP selection methods have been proposed for marker selection. It is 

necessary to evaluate whether the selected tagSNP set can describe the full heterogeneity of 

the genomic regions. The genotype information of four HapMap population samples is used 

for marker selection of association studies from different populations. Therefore, it is 

necessary to know how much information might get lost by transferring the tagSNPs (Ref II, 

III). 

3. To evaluate how well can new whole-genome SNP panels describe the variability of the 

Estonian population. The currently available whole-genome SNP panels are the cheapest and 

most convenient way of performing genotyping studies. As the SNP selection strategies 

differ for these panels, it is necessary to compare different marker sets to choose the best 

one for the Estonian population samples (Ref IV). 

2.2. Population samples 
Three different sets of population samples were used in this study (Table 2). Also, publically available 

HapMap population samples were used for comparisons(Gibbs et al. 2003).  

In the chromosome 22 study, three populations were used – 77 CEPH (Coriell Cell Repositories) 

family DNAs, 90 unrelated DNAs from UK and 51 unrelated Estonian DNAs. CEPH and UK population 

markers were genotyped using the Third Wave Technologies Invader assay (Mein et al. 2000). The 

Estonian population samples were genotyped using APEX technology (Kurg et al. 2000). In the CEPH 

DNA panel 1,504 were successfully genotyped, in the UK panel 1,285 and in the Estonian panel 908 

SNPs were successfully genotyped. Monomorphic markers and markers with segregation error, 

Hardy-Weinberg equilibrium deviations and other quality issues were not used in this analysis. 

In study of four gene regions across nine European populations, 90 – 170 samples were genotyped. 

In addition to CEPH and Estonian samples, German populations from Pomerania (SHIP) , Schleswig-

Holstein (POPGEN) and urban regions of the southern part of Germany (KORA); two alpine 

populations from Vinschgau (VIN) and from Grödnertal and Gadertal (LAD); an Italian population 

from the Emilia-Romagna region (BRISI) and Calabria (CALA). SNPs were selected from four different 

genomic regions, which all contain candidate genes for complex diseases. For each region, SNPs were 



selected evenly, covering the gene and 76-174 kb of flanking regions in both sides of the gene. SNPs 

were genotyped by the primer extension reaction of multiplex PCR products, with the detection of 

allele-specific extension products by matrix-assisted laser desoption/ionization time-of-flight (MALDI-

TOF) mass spectroscopy. 

In the third and fourth study of two ENCODE regions on chromosome 2 (ENr112 on 2p16.3 and 

ENr131 on 2p37.1), 1,090 ethnical Estonian population samples were genotyped. These regions differ 

in their average recombination rates and content of known genes. From two regions, 1420 SNPs 

were randomly selected and genotyped using the Illumina GoldenGate® Assay. As a marker 

validation, genotyping success >= 95%, p-level for HWE >=0.001 and two cut-off levels of MAF were 

used. 

Additionally, the publically available SNP genotype data from the HapMap Consortium was used. 

Nearly 4 million non-redundant validated SNPs of 60 founders of CEPH (Utah residents with ancestry 

from northern and western Europe), 60 founders of Yoruba (Ibadan, Nigeria) and 90 unrelated 

individuals from mixed Asian (Han Chinese in Beijing and Japanese in Tokyo) population samples 

have been genotyped in the International HapMap project. In the marker validation process, each 

marker was tested for Mendelian inconsistencies (< 2), genotyping success (>80%), p-level of HWE 

>=0.0001 and duplicate discrepancies (<2). Markers had to be polymorphic in at least one of the 

studied populations. 

 

2.3. Linkage disequilibrium patterns in European populations 

(Ref I, II) 
Each copy of a chromosome in a given population might be a unique mosaic of ancestral 

chromosomes. Still, those haplotypes do not occur in the population at frequencies expected by 

random recombination events in the past. This is caused by linkage disequilibrium (LD) – consecutive 

marker alleles tend to be correlated with each other. Knowing the pattern of LD is critical for marker 

selection strategies in association studies. To study the pairwise LD in European populations, it was 

measured along the complete sequence of human chromosome 22 (Table 2 Ref I). To describe the 

pairwise LD between markers, the most commonly used D’ and r2 statistics were calculated. 

According to the results, the LD decays with distance, but shows very large variability (Figure 1 in ref. 

I). The analysis of the LD with a sliding window reveals that the LD pattern is highly variable across 

the chromosome (Figure 2 in ref. I). Regions with nearly complete LD up to 804kb were interspersed 

with regions of little or undetectable LD. When the LD patterns of different European population 

samples were compared, a strong correlation between high and low recombination spots was 

revealed. This study demonstrates that the recombination rates are similar across different European 

populations and it is possible to create genome-wide maps of LD. 

To study the LD patterns of nine distinct European populations, another genotyping study was 

performed with markers from four genomic regions (Table 2 Ref II). Pairwise LD plots were drawn for 

each population and each genomic region. Standard LD plots of pairwise LD revealed similar patterns 

across population samples (Figure A2 [online only] in ref. II). To compare the LD structure across 

populations in a robust probability-based assessment, haplotype blocks were calculated with block 



overlaps allowed. The bootstrap frequencies of specific boundary positions were evaluated. The 

calculations were based on a sample size of 100 individuals per population, to exclude variation in 

sample size as a potential cofounder. The general patterns of LD were found to be similar across 

populations (Figure 2 in ref. II). The LMNA gene region shows the most conserved block starts and 

ends across the populations studied. Only one, the largest haploblock varied across the populations 

being shifted in the range of 7-15 kb. The overall variability of block structure among the populations 

was explored using multidimensional scaling of all four gene regions. Most extreme block structures 

were indicated for EST, LAD, VIN, BRISI, and CALA population samples (Figure 3 in ref. II). The German 

populations, SHIP, POPGEN, KORA, and the reference population, CEPH, appeared in the center, 

indicating an intermediate block structure. In general, a conservation of LD patterns across European 

population samples was observed. Still, the bootstrapping procedure revealed shifts in the positions 

of LD block boundaries between population samples. 

2.4. Evaluation of the performance of the tagSNPs and their 

transferability among populations (Ref II, III) 
One of the main purposes of the HapMap project is defining the most common haplotypes of the 

human genome and then making this information freely available in the public domain (Gibbs et al. 

2003).  Tagging SNPs, calculated according to this information, should be able to adequately describe 

other similar populations, i.e. Yoruba population information to describe other African populations, 

CEPH – Northern and Western Europeans and Chinese and Japanese mixed samples – Asian 

populations. Therefore, it is important to evaluate how well tagSNPs can be transferred among 

different populations. 

TagSNP transferability was measured in two different studies (Table 2 Ref II, III).  The first study 

evaluates the performance of tagSNPs in 9 different European populations, giving an overview of 

how well each CEPH tagSNPs covered different European populations. The second study focused on 

the Estonian population and addressed the questions regarding the effect of sample size, SNP 

density, and the minor allele frequency of SNPs to the tagging performance.  In both studies the 

tagSNPs were calculated according to the r2-bin method(Carlson et al. 2004b). According to this 

method, tagging SNPs are selected from marker groups with a high correlation coefficient between 

the markers in group (r2>0.8).  

The performance of tagSNPs in the CEPH population sample was compared with local population 

samples across Europe.  For each population, the relative proportion of SNPs was calculated, which 

was tagged by CEPH tagSNPs. For comparison, the tagSNPs were also calculated according to a 

reduced number of local samples. The selected tagSNP sets were then tested on the full SNP set in all 

populations. 

The tagSNPs selected according to the CEPH information performed adequately well for three genes 

out of four: SNCA, FKBP5 and LMNA (Figure 5 in ref. II). More than 70% of the typed SNPs had a r2 

value higher than 0.8 with best tagSNP. In LMNA and SNCA genes tagSNPs which were calculated 

according to CEPH population samples performed better than local samples with 20 individuals. It 

takes 40 or 60 individuals from local samples to get comparable results to the CEPH samples. In 

FKBP5, CEPH samples performed better than 20 local samples in all populations, except VIN and 

CALA. The CEPH tagSNPs did not describe populations in the PLAU gene region – six populations 



showed a ratio of tagged SNPs < 70% (CALA 53%). Data of 20 random individuals of local populations 

performed better then CEPH trios. Through CEPH tagSNPs outperformed 20 local samples of LAD and 

POPGEN population samples. 

Additionally, the performance of tagSNPs calculated according to HapMap populations in two 

ENCODE regions was measured. The transferability of tagSNPs was tested between different HapMap 

populations and Estonian population data. CEPH tagSNPs performed equally well in both of these 

regions for the Estonian population samples. More than 90% of the SNPs were correlated with an 

r2>0.8 for all SNPS with MAF 5% or more (Figure 5 in ref. III). The CHB+JPT tagSNPs didn’t perform as 

well as the CEPH ones. They captured less than 80% of SNPs in most cases. In the ENCODE 1 region, 

tagSNPs were selected to have a minimum MAF of 10% showed the best performance at capturing 

SNPs in any population. In the ENCODE 2 region, MAF 5% showed the best performance. THE YRI 

tagSNP set worked well in all population samples, but at the expense of using 2-3 times more 

tagSNPs. TagSNP sets which were generated as a combination of CEPH and JPT+CHB population 

samples improved tagging performance about 2-5%, but needed 20-30% more tagSNPs. 

The effect of minor allele frequency of SNPs was also measured for tagSNP transferability (Figure 6 in 

ref. III).  Markers with higher MAF in the Estonian population samples tended to be better correlated 

with CEPH tagSNPs. An important aspect is that markers with very low MAF (less than 5%) were 

poorly described by CEPH tagSNPs. For these SNPs, 17% of the ENCODE 1 region and 23% of the 

ENCODE 2 region markers had a r2 lower than 0.5 with best tagSNP. On the other hand, all SNPs with 

a MAF>20% had correlation to best tagSNP r2>0.7. 

The effect of sample size used to derive the tagSNPs was calculated using random sets of 10 to 1,000 

Estonian samples.  For each dataset, an average of 100 tests was used to evaluate the performance 

of tags relative to all polymorphic SNPs on the CEU sample (Figure 7 in ref. III). Sample size mainly 

had an effect for less frequent SNPs (MAF < 5%). For markers with higher MAF, the optimal tagging 

was obtained with 90-100 independent samples. However, the difference in tagging performance 

using the sample size of 60 was non-significant for these SNPs. 

The effect of marker density for tagSNP selection was assessed using six different datasets. The 500-

kbp ENCODE regions were divided into equal-sized windows and one polymorphic SNP in each CEPH 

population was selected randomly from each window. The tagSNPs were selected from these sparser 

CEPH datasets and their performance was measured on Estonian population samples. The tagging 

performance is worse in the case of each decreased density that was studied (Figure 8 in ref. III). The 

effect is larger in the low LD ENCODE 2 region.   

According to the results of different European populations, CEPH performed well as a reference for 

tagSNP design in the two gene regions studied – SNCA and LMNA. For PLAU and FKBP5, CEPH is not 

as reliable of a reference. TagSNPs calculated according to a small number of local samples will give 

better results. However, the increase of marker density in reference population gives better tagSNP 

efficiency and transferability. In the second study with Estonian samples, where denser SNP data was 

available for the CEPH population, the results were better.  



2.5. Evaluation of the performance of whole-genome marker 

sets for genome-wide association studies (IV) 
We compared four commercial SNP panels: HapMap 300 and HapMap 550 Array Sets from the 

Illumina Infinium series and the Mapping 100K and Mapping 500K Array sets from the Affymetrix 

GeneChip series. Tagging performance of these panels was evaluated among HapMap CEPH, mixed 

Asian (JPT+CHB) and Yoruba (YRI) population samples and also on the Estonian population sample 

(Table 2 Ref IV). To evaluate the performance of commercial panels, for each marker present in the 

HapMap data, we calculated the best tagging SNP from each commercial panel. The percentage of 

SNPs covered with r2>0.8 and the mean r2 between each marker and their best tagging SNP for the 

investigated population was calculated. This was done with two MAF cut-offs: 1% and 5%. According 

to the results, all SNP panels had poor coverage on the Yoruba population (Figure 1 A-B in ref. IV), 

but the coverage of CEPH and JPT+CHB populations reaches up to 80-90% on HumanHap 550. The 

previously unpublished HumanHap 550 had whole-genome coverage estimations as follows: 86% 

CEPH, 83% JPT+CHB and 48% for YRI population sample. It showed the best performance among the 

technologies analyzed, although the increase over HumanHap 300 is not large on the CEPH 

population. 

Since fewer SNPs were genotyped for the Estonian population, the mean r2 and coverage could not 

be directly compared with the results of HapMap populations. Many tagSNPs were not genotyped in 

the Estonian samples and therefore their pairwise LD could not be calculated. As a solution, we 

reduced the marker counts of other populations so that only markers present in the Estonian dataset 

were used for pairwise LD calculation. The relative performance of the commercial SNP sets were 

calculated on the reduced SNP set and the results were expressed as the fractions of the coverage of 

the CEPH sample (Figure 2A-D in ref. IV). The results show that the coverage of the commercial SNP 

panels have the same efficiency in Estonian, JPT+CHB and CEPH population samples and have lower 

tagging performance in the Yoruba population sample. Some studies, including our own,  have 

already shown that CEPH population data from HapMap samples can successfully used to tag other 

European populations(Conrad et al. 2006; Gonzalez-Neira et al. 2006; Willer et al. 2006). Also, it is 

known that most of the common SNPs are captured by first generation whole genome SNP 

panels(Barrett and Cardon 2006; Pe'er et al. 2006). Our study supports the combination of these 

results with this new conclusion: commercial SNP panels can capture most of the common SNPs from 

non-reference European population samples.  

Current whole-genome SNP panels still don’t cover ~14% of markers (r2<0.8) which is a quite large 

number of markers – if we assume that we would like to cover circa 7.5 million markers, 

approximately one million of them are poorly covered. Unfortunately, any of these might be the 

disease-causing SNP that we are looking for in the association study. Our hope is that new, larger 

commercial platforms will be able to cover most of the currently uncovered SNPs by adding tagSNPs. 

To investigate how universal the SNP sets of commercial platforms are for studying different 

populations we counted the tagSNPs used for describing only one population and those that could 

identify SNPs from multiple populations. We determined whether each commercial SNP was the best 

describer of SNPs in one, two or all three populations. Thus, it was possible to compare the 

universality of coverage of the different commercial platforms in different populations (Figure 3 in 

ref. IV). Strong bias towards CEPH specific markers in the HumanHap 300 panel was observed, which 

could be explained by the SNP selection strategy used for this SNP panel – SNPs were picked 



according to the HapMap CEPH population data using the r2 based method (Carlson et al. 2004b). In 

contrast, GeneChip panels describe population-specific markers from all three populations fairly 

equally. 

Our results show that universal markers constitute 63-82% of all SNPs and these numbers are similar 

in all the commercial platforms studied. Approximately 10% of the SNPs in commercial panels 

describe SNPs from only a single population sample. The markers that are able to tag different 

populations are expected to be useful in many populations. This information is important for 

planning association studies in non-HapMap populations.  



 

Conclusions 

The LD pattern is highly variable along the 22nd chromosome. Long regions of nearly complete LD are 

separated by regions with almost undetectable LD. The LD is not only dependent on the physical 

distance between markers but also differs along genomic regions. At the same time, results indicate 

that in general, the LD patterns are conserved across European populations, which makes it possible 

to create a general LD map for all European populations. Still, some shifts between the boundaries of 

high-LD regions could be observed between populations. 

CEPH samples of the International HapMap Project are performing well for tagSNP design in most of 

the analyzed European populations. As the tagSNP transferability is depending on the marker density 

of the reference population, the sparser coverage of the HapMap phase I data did not provide a 

reliable marker set. TagSNPs calculated according to the denser phase II data could be transferred 

between populations without significant power loss. TagSNP coverage was also found to be 

dependent on the SNP minor allele frequency. Markers with higher MAF in the Estonian population 

samples tended to be better correlated with the CEPH tagSNPs.  

The studies have shown that HapMap populations could efficiently be described by commercial 

genome-wide SNP panels (Barrett and Cardon 2006; Pe'er et al. 2006). Several studies have also been 

performed to evaluate how well other European population samples can be described by tagSNPs 

calculated from HapMap CEPH data (Gonzalez-Neira et al. 2006; Willer et al. 2006). In addition to this 

information, it is also useful to know how well current genome-wide genotyping arrays can capture 

genetic variation of a non-HapMap population. According to the results, commercial SNP panels 

provide similar levels of coverage for non-reference European population (Estonian) as to those in 

the HapMap SNP sample.
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Summary in Estonian 

Geneetiliste haiguste kaardistamiseks kasutatav assotsiastioonianalüüs põhineb kromosoomil 

lähestikku paiknevate lookuste vahelisel aheldatusel. Haigust põhjustavat lookust on võimalik leida 

genotüpiseerides seda ümbritsevaid markerlookusi. Haigete indiviidide ja kontrollgrupi markeri 

alleelisageduste erinevus viitab sellele, et markerlookus ise põhjustab haigust või on markerlookus 

tugevalt korreleeritud haigust põhjustava lookusega. 

Markerlookuste valikul tuleb silmas pidada seda, et võimalikult suur hulk potensiaalselt haigusega 

seotud genoomi varieeruvusi saaks nendega kirjeldatud. Kuivõrd lookuste vaheline aheldatuse ulatus 

ja tugevus on inimese genoomis piirkonniti erinev, on optimaalseks markerite valikuks vaja uuritava 

populatsiooni markerite vahelise aheldatuse kaardistamine. 

Antud töö teoreetiline osa tutvustab olemasolevaid geneetilisi markereid, nende vahelist aheldatust 

(LD) ning aheldatusel põhinevat assotsiatsioonianalüüsi. Ülevaade on antud ka populaarsematest 

marker valiku metoodikatest ning olemasolevatest ülegenoomsetest markeripaneelidest. 

Töö praktilises osas on uuritud alleelse aheldatuse (LD) varieeruvust inimese 22. kromosoomi 

andmete põhjal, tagSNPde valiku metoodikaid ning ülegenoomsete SNP markeripaneelide sobivust 

eestlaste populatsiooni varieeruvuse kirjeldamiseks. 

Uurides 22. kromosoomi alleelset aheldatust mitmes Euroopa päritolu populatsioonis (Eesti, 

Suurbritannia, CEPH) leidsime, et LD ulatus ei sõltu vaid füüsilisest lookuste vahelisest distantsist vaid 

on piirkonniti väga erinev. Leidus pikki kromosoomi lõike, mis olid omavahel tugevalt assotseerunud. 

Sellised lõigud olid üksteisest eraldatud piirkondadega, kus aheldatus oli väga nõrk, andes tunnistust 

sellest, et seal toimuvad väga tihedalt rekombinatsioonid. Samal ajal Euroopa populatsioone 

võrreldes leidsime, et LD muster on erinevates populatsioonides küllaltki sarnane. See teeb 

võimalikuks luua üldiseid LD kaarte mis kirjeldaks kõiki Eurropa populatsioone. Teatavaid nihkeid 

tugeva aheldatusega regioonide piirides siiski esineb. 

Rahvusvahelise HapMap projekti raames kogutud CEPHi populatsiooni valimi põhjal arvutatud 

markerid (tagSNPd) on hästi kirjeldanud sagedasemaid genoomi varieeruvusi paljudes analüüsitud 

Eurropa populatsioonides. TagSNPe, mis on arvutatud vastavalt HapMap-i teise faasi andmetele, 

saab kasutatda teiste populatsioonide kirjeldamiseks kaotamata oluliselt hilisema uuringu statistilises 

võimsuses. Oma töös leidsime, et tagSNPd kirjeldavad paremini suurema minoorse alleelisagedusega 

markereid. Haruldasemate polümorfismide kirjeldamiseks ei pruugi tagSNPdel põhined lähenemine 

olla edukas. 

Senised uuringud on näidanud, et tänapäevased ülegenoomi SNP paneelid kirjeldavad edukalt 

HapMap-i projekti populatsioone. Ka on uuritud seda, kui sarnase alleelse aheldatusega on HapMap 

projekti populatsioonid teiste sama regiooni populatsioonidega. Oma töös uurisime lisaks, et kas 

ülegenoomsed SNP paneelid kirjeldavad sarnaselt HapMap populatsioonidele hästi ka eestlaste 

populatsiooni. Leidsime, et kommerstiaalsed SNP paneelid kirjeldavad Eesti populatsiooni sama 

efektiivselt kui HapMap projekti raames genotüpiseeritud CEPH populatsiooni valimit. 
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Tables 

Table 1. Sample allele frequencies in a 2x2 table for two loci. Locus 1 has alleles A and a, locus 2 has 

alleles B and b. 

 

                     Locus 1 

Locus 2  
A a  

B PAB PaB PB 

b PAb Pab Pb 

 PA Pa 1 

 

 

 

Table 2. General information of used datasets. 

 

     
study ID region region size 

Studied populations and sample 

size 
# of studied SNPs 

Ref I chromosome 22q 33.4 Mb 
Estonia (51),       CEPH (77),            

UK (90) 
594 

Ref II 

FKBP5, SNCA, 

LMNA and PLAU 

gene regions 

749 kb 

CEPH (30 trios), Estonia (170), 

POPGEN (160), SHIP (100),      

KORA (170), VIN (170), LAD (160), 

BRISI (98), CALA (100) 

169 

Ref III, IV 

encode regions 

ENr112 and 

ENr131 

1 Mb CEPH (30 trios), Estonia (1,090) 1420 

HapMap 
Whole human 

genome 
~3 Gb 

CEPH (30 trios), YRI (30 trios), JPT 

(44), CHB (45) 
~3.8 million 

 

FKBP5 – FK-506 binding protein 5; SNCA – synuclein α, LMNA – lamin A/C, PLAU – plasminogen 

activator, urinary; CEPH – Centre d’Etude du Polymorphisme Humain, UK – United Kingdom, POPGEN 

– population samples collected from Schleswig-Holstein; SHIP – Study of Health in Pomerania, KORA 

– Cooperative health research in the region of Augsburg; VIN – Vinchgau; LAD – Ladinia; BRISI – 

Brisighella; CALA – Calabria; YRI – Yoruba in Ibadan, Nigeria; JPT - Japanese in Tokyo, Japan; CHB – 

Han Chinese in Beijing, China.



 

Figure captions 

 

 

 

Figure 1. The formation of new haplotypes through mutation and the erosion of LD through 

recombination. 1) We have two monomorphic loci, both with single allele: A and B accordingly. 

Between these two loci only one haplotype (AB) exists. 2) In first locus mutation occurs creating a 

new allele a. Together with allele B in second locus, new haplotype evolves (aB). 3) In second locus 

also a mutation occurs (b) on initial AB haplotype creating a new, third haplotype (Ab). 4) 

Recombination event between haplotypes Ab and aB occurs 5) This event creates fourth possible 

haplotype (ab). 


