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INTRODUCTION 
Genetic epidemiology marries the fields of human genetics and epidemiology. It covers 

detection of the genetic origin of phenotypic variability in humans (Vogel 2000), inquiry into the 
genetic components that contribute to the development or progression of diseases or traits, and 
evaluation of environmental or other risk factors that may modify the effects of genetic factors.  

The first reference to the term “genetic epidemiology” was in a 1954 textbook (Neel and 
Schull 1954), but it was not until the founding of the International Genetic Epidemiology Society 
in 1983 that the term came to be widely used. In an editorial accompanying the inaugural issue of 
the society’s official journal, Rao (1984) wrote: 

 
Genetic epidemiology differs from epidemiology by its explicit consideration of genetic 
factors and family resemblance; it differs from population genetics by its focus on 
disease; it also differs from medical genetics by its emphasis on population aspects. 

 
Rao’s is just one interpretation of the term “genetic epidemiology”. In a second editorial, 

Neel (1984) commented on genetic epidemiology investigating the multifactorial nature of many 
chronic diseases and highlighted a concern about environmental mutagens. Later, Thomas 
summarized three distinguishing characteristics of the field: a focus on population-based 
research; joint consideration of genes and the environment; and incorporation of biological 
processes into its conceptual models (Thomas 2000). Only by large-scale appraisal of genetics, 
environment, and their interaction can a full understanding of the etiology of complex traits be 
achieved. 
 Genetic epidemiology is closely related to molecular epidemiology (Chapter xx of this 
volume), but the former has historically focused on germline and somatic genetic factors, while 
the latter has focused on cellular and molecular biomarkers (Thomas 2004). This distinction has 
become increasingly blurred as both fields have transitioned into an era of integrative genomics. 
Investigators are using a range of measurements (e.g., epigenetics, transcription, metabolism, 
protein synthesis) to understand complex pathways involving both genetic and environmental 
exposures. Emerging high-volume and high-density omics technologies, as discussion below, 
have made these evaluations possible. 
  Genetic epidemiology research has been critical to the development of novel statistical 
methods and to our understanding of human diseases. Most early successes involved the 
discovery of single genes that caused rare Mendelian disorders such as cystic fibrosis (Kerem et 
al. 1989) and Huntington’s disease (MacDonald et al. 1991). Even these seemingly simple 
etiologies were soon recognized as more complex, however, with the discovery of multiple 
mutations within causal genes (Cordovado et al. 2012) and modifier genes affecting severity 
(Wright et al. 2011). It has become clear that many complex traits are attributable to a large 
number of genetic variants, each with a small effect on risk (REF). Deciphering the genetic basis 
of such polygenic (Purcell et al. 2009; Dudbridge 2016)—or even omnigenic (Boyle et al. 
2017)—traits may require very large populations and novel analytic approaches (Thun et al. 
2012).   
  The incorporation of environmental factors into studies of genetics has been slower-
moving. While some complex diseases have long been recognized as having both environmental 
and familial components, our understanding of their interaction is only in its infancy. Early 
insights in breast cancer, for example, include the interaction of cigarette smoking with the NAT2 
gene (Ambrosone et al. 1996) and of ionizing radiation with the ATM gene (Bernstein et al. 
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2010). However, a full understanding of how genes and environment impact breast cancer 
remains elusive (Fejerman et al. 2015). While genetic epidemiology has detected many important 
associations between genetic variants and a broad range of diseases and traits, much more 
remains to be understood.  
 
METHODOLOGIES AND CHALLENGES IN GENETIC EPIDEMIOLOGY 
Fundamental Principles 

An understanding of key terminology is fundamental to comprehension of genetic 
epidemiology studies. It is also critical to appreciate the basic principles of the transmission of 
genetic information within families and across populations. In addressing these fundamental 
concepts below, we emphasize binary disease traits for simplicity (e.g., cancer), but the general 
principles are equally applicable to continuous quantitative traits (e.g., blood pressure) with 
appropriate model specification.  
 
Terminology 

The genome can be defined as the complete collection of an individual’s genetic material. 
It consists of chromosomes, which are long DNA strands present in every cell. The human 
genome is diploid, whereby chromosomes are paired. Every human cell contains 22 autosomal 
pairs (which are homologous) and one pair of sex chromosomes. During meiosis, a diploid 
chromosome set is reduced to a haploid chromosome set of a germ cell, the gamete.  

A gene is a piece of a chromosome that codes for a function. Both genic (~1-2% of the 
genome) and non-genic (~98-99% of the genome) regions can have important effects on disease. 
A locus is a position along the chromosome, which can denote the location of a genetic marker. 
For simplicity’s sake, we refer to any piece of DNA as a marker, whether it is in a genic or non-
genic region. Regions in the genome exhibiting variation across individuals are said to contain 
variants, the different versions of which are called alleles. The smallest variant is a single 
nucleotide polymorphism (SNP). Each pair of autosomal chromosomes contains the same 
markers, with possibly different alleles, at the same locations. The pair of an individual’s alleles 
at a marker is called a genotype. If the alleles are identical, the individual is called homozygous at 
the marker; otherwise the individual is called heterozygous. When considering several loci 
simultaneously, the multilocus alleles inherited from the same parent constitute a haplotype. 
 
Genetic Transmission 

Genetic information is transmitted from each generation to the next according to the 
fundamental laws of Mendelian inheritance. One copy of each pair of chromosomes is 
transmitted from each parent’s respective gametes (sperm or ova), which form a complete 
genotype upon fertilization. 

Segments that have identical DNA sequences in two or more individuals are called 
identical by state (IBS). Such segments are considered to be identical by descent if the 
individuals inherited them from a common ancestor without recombination. IBS segments can 
alternatively result from the same mutation arising multiple times in the past. Any two 
individuals can share 0, 1, or 2 alleles IBD with probabilities that depend upon their familial 
relationship. For example, full siblings have IBD probabilities equal to ¼, ½, and ¼ for sharing 
0, 1, or 2 alleles, respectively. In contrast, parent-offspring pairs always share exactly 1 allele 
IBD. The selection of which allele is transmitted from a parent to his or her offspring is purely 
random; this phenomenon is termed Mendel’s law of segregation.  
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The relationship between a genotype and disease is termed penetrance and defined by 
Mendel’s law of dominance. If only one of the two alleles determines the phenotype, that allele is 
called dominant and the other recessive. If both alleles have an effect on disease risk, inheritance 
is said to be co-dominant, and when the effect of two different alleles on disease is midway 
between the effect of homozygotes for either of the two alleles, inheritance is said to be additive.   

Markers on separate chromosomes or located far apart on the same chromosome 
segregate independently; this is Mendel’s law of independent assortment. However, markers 
located nearby on the same chromosome may be transmitted together, a process known as 
genetic linkage, with a probability that depends upon the distance between them (the 
recombination fraction, θ). This phenomenon underlies linkage analysis, a method for mapping 
disease genes by studying the co-segregation of the disease with markers in families.  

 
Linkage Disequilibrium 
  Markers far apart or on different chromosomes will generally be independently 
distributed in a homogeneous population, a situation known as linkage equilibrium. While 
associations among alleles will decay over generations, associations at neighboring loci will 
persist within populations, a phenomenon known as linkage disequilibrium (LD) (Weiss 1993; 
Ott 1999). LD depends upon the physical distance between loci and underlies the most widely 
used approach to mapping disease genes, association studies. LD can result in associations 
between marker alleles and alleles of a causal variant, such that certain marker alleles will be 
present more often in affected individuals than in a random sample of individuals from the 
population. Thus, one can estimate the association between specific alleles and disease status; 
when an association is observed, the locus may be causal, or more likely be in LD with a putative 
disease locus. Another important mechanism for the appearance of LD at unlinked loci, even on 
different chromosomes, is population stratification, which can lead to spurious associations 
(discussed further below). 

 
Investigating the Potential Genetic Basis of Disease 
Familial Aggregation and Recurrence Risks 

Often the first step to investigating a possible genetic etiology of a disease is establishing 
whether it “runs in the family” (i.e., familial aggregation). Clustering within families suggests 
genetic and/or shared environmental risk factors for a disease. A simple evaluation of 
aggregation entails a standard case-control comparison of family history of a disease. Based on 
such a design, it can be determined whether cases are more likely than controls to have one or 
more close relatives affected. There are many ways to define family history and more 
sophisticated tests to assess familial aggregation. Some permit calculation of the recurrence risk 
of disease, which divides the risk for an individual with a particular affected relative by the 
baseline risk of disease in the general population. Recurrence risks are most commonly 
calculated for siblings, with larger values supporting a genetic basis for disease. However, 
familial aggregation and increased recurrence risks do not themselves indicate a genetic etiology, 
as they could be due in part to sharing of environmental factors for disease.  
 
Twin Studies and Heritability 

The study of twins also permits evaluation of genetic involvement in disease. If a disease 
occurs more often among identical (monozygotic, MZ) twins than fraternal (dizygotic, DZ) twins 
or siblings, then genetics likely play a role (assuming environmental factors are shared equally 
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by MZ and DZ pairs). One can calculate narrow sense heritability, which is the proportion of 
phenotypic variance attributable to additive genetic effects (excluding dominance, epistasis, 
gene-environment interactions). A classic example is a study of 4,840 male twin pairs tracked by 
the Swedish Twin Registry and Swedish Cancer Registry (Gronberg et al. 1994). The authors 
observed 458 occurrences of prostate cancer. Sixteen MZ and only six DZ twin pairs were 
concordant for prostate cancer, suggesting that genetics may play a role in the development of 
the disease. In a similar study of Finnish twins, 12,941 same-sexed twin pairs were investigated 
for the incidence of primary cancers. Based on 1,613 malignant neoplasms, the authors found 
that the co-twins of MZ twins with cancer had a 50% greater risk of developing cancer 
themselves than dizygotic co-twins (Verkasalo et al. 1999). Nevertheless, a subsequent, much 
larger study of 44,768 of Swedish, Danish, and Finnish twins (Lichtenstein et al. 2000)(Mucci et 
al. 2016) concluded that environmental factors may have a larger effect on most cancer sites than 
germline genetics.  
 
Segregation Analysis 
 Segregation analysis also does not require DNA from study subjects as it is aimed at 
determining the mode of inheritance for a disease. It seeks to establish the potential genetic basis 
of disease, whether a single or multiple loci are involved in disease, and whether they act in a 
dominant, recessive, or co-dominant fashion. Segregation analysis also estimates allele 
frequencies and penetrances by fitting parametric models to familial phenotype data using 
maximum likelihoods.  
    To establish a genetic etiology with segregation analysis, one tests the various 
Mendelian inheritance models against a more general alternative that might mimic 
environmental transmission, such as the ousiotype model (Hopper 1989). A challenge of 
segregation analysis of disease traits (and particularly rare diseases) relative to continuous traits 
is that families are not generally randomly sampled from the population. More often, they are 
ascertained through one or more affected probands. One must account for this ascertainment 
through a likelihood that conditions on family selection. Of course this requires that families be 
ascertained according to a well-defined statistical sampling scheme, which may not be possible 
when families are derived from genetic counseling clinics for example. 

In addition to testing the major gene inheritance models, segregation analysis should 
generally test for polygenic models. Here, the disease is assumed to be caused by many genes, 
which each have small effects, so one can assume that that their aggregate effect is normally 
distributed in the population with mean zero and unit variance. Then each individual’s polygene 
has an expectation midway between that of the two parents and variance ½. To compare major 
gene and polygenic models, both are nested within a general mixed model that includes both. 
  
Linkage Analysis 
  Given evidence of a genetic basis of a disease, the location of the relevant genes may be 
sought using linkage analysis. This approach searches for genetic markers that are transmitted 
through families in a manner closely paralleling the transmission of the disease. The approach 
requires DNA from either affected pairs of relatives or extended pedigrees, and relies on the 
phenomenon of recombination.  
  Parametric linkage models require specification of a genetic inheritance model (allele 
frequencies and penetrances), often obtained from a prior segregation analysis. These models use 
likelihoods that involve two loci, the marker locus and an unobserved disease locus, separated by 
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a recombination fraction θ that will be estimated. To avoid the difficulties of ascertainment 
correction (since heavily loaded pedigrees with many diseased individuals are generally used), a 
conditional likelihood is formed for the probability of the marker data given the phenotype data; 
conditioning on the phenotypes renders the method of ascertainment irrelevant. The results from 
such models are given in terms of the lod score, which provides evidence in support of or against 
linkage. In the latter case, the region around the marker locus might be excluded from further 
consideration as containing a causal variant.  

Nonparametric or model-free linkage analysis uses affected pairs of relatives, generally 
sibling pairs. It does not require specification of a genetic inheritance model or extensive 
likelihood calculations. Instead, one searches for markers that are shared by affected pairs IBD 
more frequently than expected by chance. Sibling pairs, as noted above, are expected to share 
50% of their alleles IBD, so a greater percentage would be evidence of linkage. One can run a 
simple significance test, but cannot estimate the recombination fraction.  

The heyday of linkage analysis was the last couple decades of the 20th century, when 
dense panels of hundreds of highly polymorphic multi-allelic markers became available that 
made scans across the genome possible. Once a region was identified as possibly containing a 
disease-causing genetic variant, additional flanking markers would be tested and multipoint 
linkage analysis methods (Lander and Green 1987) would be used to further localize the variant. 
Nevertheless, the resolution of linkage analysis for most realistic sample sizes was only about 
1% recombination or 1 centiMorgan (θ = 0.01), corresponding to about one million base pairs. 
This is a large region for trying to determine a potential causal genetic variant. 
 
Association Studies  
  Association studies can be more powerful than linkage analyses and can delineate more 
manageable regions potentially harboring disease-causing variants. As a result, association 
studies have displaced linkage as the primary approach in genetic epidemiology (Risch and 
Merikangas 1996). The aim of association studies is to provide evidence for association between 
markers and disease. These studies can be undertaken among unrelated individuals or within 
families.  
 
Unrelated Individuals 
  Most commonly, association studies use cohort or case-control designs to compare 
marker allele or genotype frequencies between a group of unrelated affected individuals and a 
group of unrelated unaffected individuals. Association studies can also evaluate continuous 
traits, studying entire groups of subjects or selecting subjects at the extremes of the trait 
distribution to increase power for detecting associations (Huang and Lin 2007). Whatever the 
phenotype, study subjects should be representative of their respective source populations 
(Wacholder et al. 1992). In a case-control study, this implies that controls should be individuals 
who, if diseased, would be cases. Controls are also commonly selected to match cases with 
respect to ethnicity, age, and sex. Nevertheless, many association studies have been successful 
without overly rigorous control selection. In fact, due to the high cost of subject recruitment and 
genotyping, there is a growing movement toward using genotype information among controls 
recruited into previous studies or large publicly-available population surveys like the UK 
Biobank (Luca et al. 2008; Thompson and Willeit 2015). The potential bias arising from using 
‘convenience’ controls is tempered by the low measurement error in SNP genotyping, lack of 
recall bias when studying inherited variants, large sample sizes, stringent criterion for statistical 
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significance, and rigorous replication of findings. In addition, if using such controls results in 
population stratification bias—confounding of associations due to case-control differences in 
genetic ancestry (Thomas and Witte 2002)—the issue can be addressed analytically with genetic 
information (Devlin and Roeder 1999; Pritchard and Rosenberg 1999; Price et al. 2006a; Zhu et 
al. 2008). 
 
Family-based Association Studies 
  Family-based association study designs have the appeal of providing protection from 
confounding by population stratification because all the subjects within a family are likely to 
have similar ancestry.  There are two basic modes of this design, one comparing affected and 
unaffected relatives as matched case-control sets, and one leveraging transmission of alleles from 
parents to affected offspring. The former mode is straightforward when using full siblings as 
controls, as matched sets will have the same parents and hence identical ancestries. However, if 
the marker being tested is not the causal genetic variant, then the test must be interpreted as a 
joint test of linkage and association. Furthermore, if multiple cases or multiple controls from the 
same sibship are included, then the usual conditional likelihood for matched sets is no longer 
valid because transmissions to each subject are not independent conditional on their allele 
sharing; in this situation a robust variance estimator must be used (Siegmund and Gauderman 
2001). If more distant relatives are included, then their ancestries may not be identical, so 
protection from confounding is incomplete. 

The second family-based association study design compares the alleles transmitted from 
parents to affected offspring with those not transmitted, a form of McNemar’s test for matched 
pairs (here of alleles) known as the transmission-disequilibrium test (Spielman et al. 1993). In 
this design, only the case and parents are genotyped and the disease status of the parents is not 
used. Equivalently, the design can be thought of as a 1:3 matched case-control comparison of the 
case to the “pseudosibs” carrying the other possible genotypes the case could have inherited.  
  Studying families can be statistically less efficient than studying unrelated subjects (Witte 
et al. 1999). This is because the increased sharing of genetic information among family members 
can result in substantially lower power for detecting main effects—although increasing power for 
detecting gene-environment interactions—than studies of unrelated individuals. Moreover, 
selecting unrelated cases with a positive family history of disease can improve power in 
association studies (Antoniou and Easton 2003).    

 
Detecting Association  

Whatever the design, the association between genetic variants and disease is most 
commonly evaluated using a trend test across the number of variant alleles. This allelic trend test 
is relatively robust to model misspecification (e.g., if the true mode of inheritance is recessive or 
dominant). Investigators generally use a regression model to test the variant-disease association 
that adjusts for confounders. An association that is not considered spurious may have two 
interpretations (Lander and Schork 1994). First, the disease-associated variant might be the 
susceptibility allele itself. If so, the association is expected to occur in all populations harboring 
the allele. Second, the associated allele might be in LD with the susceptibility allele at the 
disease locus. In the first case, the marker and disease locus are one in the same, so LD is 
complete. In the second case, the marker and disease locus are very close to each other. For this 
reason, association studies can help narrow the region potentially containing a disease-causing 
marker.  Multiethnic studies provide a valuable approach to distinguishing these possible 
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explanations by exploiting differences in LD structure across populations. 
            
Genome-wide Association Studies 

Most early association studies among unrelated individuals focused on specific candidate 
genes with suspected functionality on the pathway to the phenotype. In the late 1990s, however, 
emerging microarray chip technologies began to enable the interrogation of all the common 
variants across the genome for association with disease or quantitative traits. Investigators 
quickly realized that clusters of variants on the same chromosome (haplotypes) could effectively 
tag many other variants, so that it was really only necessary to genotype a modest number of 
variants at any locus to capture most of the common variation. The advent of the genomics era in 
genetic epidemiology can be dated to a seminal paper in Science by Risch and Merikangas 
(1996), in which they predicted it would soon become possible to search for disease genes in an 
agnostic fashion by testing hundreds of thousands of such ‘tag SNPs’ for association with 
disease. 

 Two major advances soon made this vision a reality. Further improvements in 
genotyping technologies brought down the cost of assaying SNPs genome-wide to a few 
thousand dollars per sample (a trend mirroring Moore’s Law in computing that has now lowered 
the cost for millions of variants to under one hundred dollars). Then, with the creation of the 
International Haplotype Mapping Project (HapMap) (Gibbs et al. 2003), investigators began 
systematically cataloging haplotype tagging SNPs across the entire genome in multiple 
populations (Daly et al. 2001; Gabriel et al. 2002) (HapMap 2003; HapMap 2005; Frazer et al. 
2007). Less than a decade after Risch and Merikangas’ paper, the first genome-wide association 
study (GWAS) was published (Klein et al. 2005) along with two confirmatory studies (Edwards 
et al. 2005; Haines et al. 2005) reporting an association of age-related macular degeneration with 
the complement factor H gene CFH. That this association helped localize a gene within a 
previously known linkage region demonstrated the power of GWAS. 

In the early days of GWAS, the high cost of genotyping motivated the use of multi-stage 
designs (Satagopan et al. 2002). In the first stage, part of the sample was genotyped using a 
GWAS array. In the second stage, the remaining samples were genotyped for the most strongly 
associated markers using a less expensive custom panel. Information from the two stages was 
then combined in a final analysis. With declining genotyping costs for GWAS compared with 
custom panels and the recognition that genome-wide data are useful for many other purposes, 
such as testing for gene-environment and gene-gene interactions, most studies conducted at 
present aim to obtain GWAS data on an entire sample (Thomas et al. 2009).  
  The number of GWAS undertaken has expanded rapidly since 2005. The association 
results from these studies with p<1x10-5 have been catalogued by the National Human Genome 
Research Institute and European Molecular Biology Institute (MacArthur et al. 2017).  As of 
November 2017, the searchable database (http://www.ebi.ac.uk/gwas/home) contained 53,020 
unique SNP-trait associations from 3,197 publications. The vast majority are weak associations, 
with relative risks around 1.1−1.3.  

Very large sample sizes are required to detect associations with ever smaller effect sizes, 
which has motivated the creation of large consortia, often comprising tens of thousands of cases 
and controls. Although sharing of raw data at the individual level across a consortium, each with 
their own consent and data sharing rules, can be problematic, a joint analysis can often be 
conducted by meta-analysis of summary statistics, at least for genetic main effects.  

To date, for most complex diseases, the proportion of the estimated heritability explained 
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by statistically significant GWAS SNPs is somewhat limited, as is the area under the curve 
(AUC) of receiver operating characteristic (ROC) curves for polygenic risk score predictions. 
For example, even for height ⎯ a highly heritable trait that is easily and accurately measured ⎯ 
a meta-analysis of almost 200,000 individuals found 180 associated loci, but together they 
accounted for only 10% of the phenotypic variation (Lango Allen et al. 2010). The authors 
estimated that as many as 600 loci with similar effect sizes might be detectable with sample sizes 
of 500,000 subjects, but the explained variation would still be only 16%. Chatterjee and Park 
(2011) described the AUCs for available genetic loci of complex diseases, with and without 
including family history and non-genetic risk factors, and for most cancers they were under 0.65 
(with 0.5 being the expected value for a risk index no better than chance). Inclusion of SNPs 
predicted to be discovered in the future only increased the estimates to a modest degree. Only for 
Crohn’s disease and type I diabetes were AUCs greater than 0.75. That said, there is a growing 
appreciation that combining GWAS risk variants into a polygenic risk score might offer some 
translational value (Dudbridge et al. 2017).  

There has been considerable discussion about the “hidden” or “missing” heritability that 
remains to be explained (Eichler et al. 2010). With regard to what is “hidden”, a much larger 
proportion of heritability can be explained when looking at all variants genotyped or tagged by 
GWAS arrays (e.g., up to 80% for height) (Lango Allen et al. 2010; Yang et al. 2010). “Missing” 
heritability might be explained with larger studies focused on rare variants with larger effect 
sizes that are not covered by current GWAS panels, or considering gene-gene or gene-
environment interactions. Whole genome sequencing may provide some of these clues 
(discussed further below).   

  
Imputation of Genetic Markers 

Most associations discovered via GWAS are unlikely to be directly causal, because only 
a limited fraction of the genetic variation in the genome is directly measured. Marker 
associations are instead expected to reflect indirect relationships with nearby causal variants in 
LD. With the availability of extensive reference panels of variation from a number of projects 
(e.g., the Haplotype Reference Consortium (Iglesias et al. 2017), it has become possible to infer 
genotypes for most variants in the genome with >1% minor allele frequency (MAF) by using 
imputation techniques (Li et al. 2010; Marchini and Howie 2010). Although some programs 
provide the most likely genotype at each untyped locus, the use of best guess genotypes in 
association analysis fails to account for the uncertainty, thereby leading to biased tests. A more 
appropriate procedure is therefore to use the estimated genotype probabilities or (under an 
additive model) the expected “geneotype dosage” as a continuous variable in regression models 
(Hu and Lin 2010). Prior to imputation, quality control of genotyping data is essential for valid 
results (Pluzhnikov et al. 2010). Standard practice involves eliminating samples with undue 
numbers of loci that fail certain quality control filters, including genotype call rates and 
departures from Hardy-Weinberg equilibrium. 
 
Population Stratification 
 In the analysis of association study data, one must take potential confounding due to 
population stratification into account. If variant allele frequencies and disease risks vary across 
ancestral populations, genetic associations can be confounded. Such confounding can lead to 
substantial inflation of significance tests. Various methods have been developed to account for 
such population stratification using the entire distribution of associations. The most widely used 



 10 

method today is to adjust for principal components of genetic ancestry (Price et al. 2006b). 
Alternatives are to adjust for estimates of the proportion of the genome inherited from different 
ancestries (Pritchard et al. 2000), or to use mixed models that combine features of both 
approaches and can be applied to family-based or case-control studies (Zhu et al. 2008). A 
typical diagnostic is to plot the observed cumulative distribution of p-values against its expected 
uniform distribution (a Q-Q plot) and verify that its median is close to ½ (λ = 1). When using 
ancestry estimation, it may be important to adjust not just for global ancestry, but also for the 
local ancestry in each region of the genome, particularly in admixed populations like Hispanics 
or African Americans (Zhang and Stram 2014). 
 
Significance Testing 

To determine the overall statistical significance of GWAS results, one must address the 
issue of multiple comparisons arising from evaluating a million or more effectively independent 
associations (e.g., variants that are not in strong LD) (Pe'er et al. 2008). The simplest approach is 
to use a Bonferroni correction, in which the conventional alpha level of p<0.05 is divided by the 
number of effectively independent tests performed (e.g., 0.05/1,000,000=5x10-8). Some GWAS 
also calculate the false discovery rate (FDR) or use permutation testing to assess the strength of 
associations (Storey and Tibshirani 2003; Thomas and Clayton 2004; Wacholder et al. 2004a). 
Note that while adhering to strict “significance” cut-points may help address issues of multiple 
comparisons, the cut-points are somewhat arbitrary and do not reflect the potential clinical or 
biological importance of associations (Witte et al. 1996). A case in point is the increase in 
heritability explained when considering all variants measured by a GWAS array, and not just 
those reaching a statistical significance threshold (i.e., the “hidden” heritability). Furthermore, an 
important aspect of GWAS findings is not simply statistical significance but also their replication 
in independent samples.  
 
Recent Advances in Association Methods 
Next Generation Sequencing 
  GWAS generally assay known genetic variants with minor allele frequency greater than 
5%. Other common SNPs are well tagged by SNPs on GWAS arrays, as are “uncommon” 
variants with MAF from 1−5%. To measure rare variants (e.g., <1% frequency), one can attempt 
to impute them, add custom genotyping content to a GWAS array, or undertake next generation 
sequencing (NGS). NGS also allows for the measurement of genetic variants that are not known 
or not amenable to measurement or imputation by genotyping. Thus, the appeal of NGS is the 
ability to discover all the variants in a gene, in the entire exome, or even the entire genome, and 
not just the common variants. A popular hypothesis is that these rare variants may have larger 
effect sizes than common variants (Bodmer and Bonilla 2008), but note that some of the 
purported evidence for this hypothesis may be due simply to the lower power for rare variants, so 
that only those with large effect sizes are detectable!  

To perform NGS, one randomly breaks samples of DNA from each chromosome into 
many small overlapping fragments, such that any given locus is spanned by a random number of 
fragments. These fragments are then sequenced and aligned against a reference sequence to 
report the number of copies of each nucleotide base at each location. A sample that is 
heterozygous at a given location may or may not be correctly called as such; the call depends 
upon whether both alleles are covered by one or more fragments, which in turn depends upon the 
depth of sequencing (the average number of copies across the genome). Because sequencing is 
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less than perfect, one might dismiss an observation of only one or two copies of the variant allele 
as a false positive.     

Due to the expense of next generation sequencing, there is a trade-off between average 
depth of sequencing and the number of samples that can be sequenced. If the goal is to discover 
rare alleles (which would occur predominately in the heterozygous state), then the number of 
samples tested is far more important than depth, suggesting one might prefer large-scale low-
coverage studies (Ionita-Laza and Laird 2010; Li et al. 2011). An alternative is using DNA 
pooling. Here one could use either in a two-stage design, initially using pooling to identify sets 
of samples containing variants of interest followed by individual sequencing to identify specific 
samples containing those variants (Xu et al. 2017), or directly in a test of association comparing 
estimated allele frequencies in case and control pools (Liang et al. 2012). 
 
Rare Variant Analyses 

Conventional approaches to assessing association are inefficient when studying rare 
variants. This has given rise to numerous novel statistical tests for rare variant association, 
generally falling into two main categories: burden tests and variance component kernel machine 
tests. Burden tests aim not at testing association with individual variants but rather with the 
number of variants or some weighting of their aggregate effect in a gene region (Bansal et al. 
2010; Basu and Pan 2011). Since their introduction in 2011, a more widely used approach has 
been the variance component sequence kernel association test (SKAT), which tests for some 
measure of genetic similarity in a region between pairs of subjects with similar phenotypes (e.g., 
greater genetic similarity between case-case than case-control pairs) (Lee et al. 2012b). Burden 
approaches are more powerful if all of the rare variants under study have association effects in 
the same direction. But variance component approaches are more powerful when some rare 
variants are positively associated and others are negatively associated. One can also use an 
approach that compromises between the burden and variance component approaches (SKAT-O) 
(Lee et al. 2012a).  

Another important development in the study of rare variants has been a resurgence of 
interest in family-based designs. These have three advantages: first, by focusing on families with 
multiple cases, the frequency of causal variants is likely to be enhanced; second, they allow for 
more powerful tests of causality by identifying variants that co-segregate within families along 
with the inheritance of the disease; third, they provide a way to get lots of “free” genotyping by 
imputing the genotypes of untested family members based on those of their close relatives. 
Variations on SKAT and other rare variant tests have been developed for family data (Schifano 
et al. 2012). A particularly appealing design is a two-stage family-based design in which a subset 
of the most informative family members (based on their disease status and prior linkage or 
GWAS markers) is sequenced and used to prioritize a subset of variants most likely to be causal 
for testing in an independent sample (Thomas et al. 2013). This contrasts with a “two phase” 
design for case-control samples of unrelated individuals (Breslow and Chatterjee 1999), in which 
a subsample of individuals is chosen for sequencing based on their disease status and associated 
markers, and then used to impute genotypes for the remaining sample in a joint analysis of the 
main study and subsample. 
 
Evaluating Multiple Risk Factors 
Interactions 

Following an initial scan for main effects of SNPs from GWAS or rare variants from 
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NGS, much more remains to be explored. One possibility is that there could be gene-
environment or gene-gene interaction effects that do not involve markers producing significant 
marginal effects. The challenge to evaluating interaction is that the number of possible 
interactions is much larger than the number of main effects. For example, a GWAS of 1 million 
SNPs will have a half a trillion possible pairwise interactions. A simple Bonferroni correction for 
multiple comparisons would thus require a significance level of 1×10−

13, and interaction tests 
require much larger sample sizes than main effects even at the same significance level (Marchini 
et al. 2005).  

Power to discover interaction can be enhanced by “case-only” analyses that assume 
independence of the interacting factors in the source population. For example, a re-analysis of 
cleft palate data obtained substantially narrower confidence limits for the interaction between 
smoking and the TGFα gene (odds ratio (OR) 5.14, 95% confidence limits (CI) 1.68−15.7 for the 
case-only analysis compared with OR 6.57, CI 1.72−20.0 for the case-control analysis), 
equivalent to a 30% reduction in sample size required for the same precision (Umbach and 
Weinberg 1997). Case-only analyses are, however, biased if the independence assumption is 
violated, as might arise due to LD among nearby pairs of variants, population stratification, or 
behavioral factors that induce an association between genes and environmental factors.  

To overcome these potential biases, various staged and hybrid approaches have been 
introduced (Evans et al. 2006; Kooperberg and Leblanc 2008; Mukherjee and Chatterjee 2008; 
Li and Conti 2009; Murcray et al. 2011). Although power will still be much lower for 
interactions than for main effects, these methods generally yield much better power than a simple 
exhaustive search (Cornelis et al. 2012; Mukherjee et al. 2012). Moreover, for future studies of 
gene-environment interactions, it is essential that investigators planning new GWAS design their 
studies to have appropriate environmental measurements and population-based sampling 
schemes. For example, the NIH “post-GWAS” initiative aimed at synthesizing all available data 
on five cancer sites, replicating findings, and characterizing genetic risks and their modification 
by environmental exposures has been limited by many of the available studies not having 
collected any environmental exposure data. Even those studies that did collect such data did so in 
a highly variable manner; the data range from very crude to very detailed, such that they often 
require considerable efforts at harmonization across studies (Bookman et al. 2011).  

It has long been recognized that any statement about interaction is necessarily scale 
dependent. The dominance of the logistic model and odds ratios for estimating associations has 
led to a focus of interaction testing on departures from the multiplicative model, but it has also 
been recognized that the public health concept of “synergy” is better captured by additive 
interaction (Rothman et al. 1980). For example, while radiation exposure has been shown to have 
a greater-than-multiplicative effect with the ATM gene on the risk of second breast cancers 
following radiotherapy (Bernstein et al. 2010), its interaction with BRCA1 and BRCA2 is not 
significantly different from multiplicative but may be somewhat greater than additive (Bernstein 
et al. 2013). Since carriers of these mutations are at considerably increased baseline risk anyway, 
a conclusion that their risk would not be further enhanced by radiation exposure may not be 
appropriate. 
 
Pathways 

Another way to consider multiple risk factors is to recognize that SNPs that individually 
fail to reach genome-wide significance may jointly contribute to a common pathway. A variety 
of methods have been developed for identifying subsets of genes in known pathways that are 
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collectively over-represented among the top GWAS associations (Wang et al. 2010; Thomas 
2012). The first and perhaps best known method is Gene Set Enrichment Analysis (GSEA) 
(Subramanian et al. 2005). GSEA and other approaches entail some way of combining the study 
data, say from a GWAS or eQTL study, with external information. The external information is 
typically highly structured using expert systems approaches to organizing information in a 
computable format, known as an “ontology.” The Gene Ontology (Gene Ontology et al. 2013) is 
an example of such a database aimed at characterizing gene products in terms of cellular 
component, biological processes, and molecular function. Entries in the Gene Ontology are 
manually curated by a small army of biological experts using phylogenetic relationships amongst 
members of a gene family across species. Other ontologies include the Kyoto Encyclopedia of 
Genes and Genomes (Kanehisa et al. 2008) and Ingenuity Pathway Analysis (Kramer et al. 
2014). Our understanding of pathways is continually curated into various databases in particular 
biological domains (e.g., genomic, pathway, functional). Other systems, like the GRAIL program 
(Raychaudhuri et al. 2009), use statistical techniques based on the theory of expert systems to 
mine the database of PubMed abstracts to identify functional relationships among a set of genes.  

 
Hierarchical Modeling 

Yet another approach to incorporating additional information in genetic epidemiology is 
Bayesian hierarchical modeling (Conti and Witte 2003; Hung et al. 2007; Lewinger et al. 2007; 
Capanu et al. 2008; Conti et al. 2009; Thomas 2010; Wilson et al. 2010; Capanu et al. 2011). 
Unlike other methods that require prior specification of the importance of external information, 
hierarchical modeling uses a higher-level regression model to infer from the study data the utility 
of such information (e.g., annotations) across the entire suite of associations under consideration. 
The inclusion of relatively uninformative annotations in the second-level model produce very 
little loss of power because such variables received little or no weight, whereas including truly 
informative annotations greatly improves power (Quintana et al. 2012; Quintana and Conti 
2013). In contrast, standard methods with pre-specified weights lead to substantial loss of power 
when the weights are incorrectly specified. For example, Minelli et al. (2013) compared the 
weights for 15 types of knowledge about SNPs elicited from 10 experts using a Delphi survey 
versus empirical estimates of their predictive values for 7 diseases; they found some agreement 
but also some disagreement (e.g., the empirical evidence did not support the importance of a 
gene encoding a protein in a pathway or interactions relevant to a trait that were ascribed by 
experts). A companion paper (Thompson et al. 2013), showed how both kinds of external 
information could be used to estimate the probability of association in a hierarchical modeling 
framework. For example, data from an epidemiologic study of gene-environment interactions in 
asthma were combined with an experimental challenge study using model air pollutants as a 
panel of allergic subjects in a multivariate hierarchical model, along with external pathway 
information from Ingenuity Pathway Analysis (Li et al. 2013). 
 
Mendelian Randomization 

In 2004, George Davey Smith and Shan Ebrahim (2004) reprinted a 1986 letter to the 
editor of The Lancet by Martijn Katan (1986) in the International Journal of Epidemiology. It 
proposed a way to test the causality of the observed association between serum cholesterol and 
cancer by relating both variables to the ApoE genotype. Although the test was never performed, 
the reference appears to be the first in the medical literature to a technique long used in 
econometrics (Wright 1928) known as “instrumental variables.” In the context of genetic 
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epidemiology, the basic idea is to indirectly test an association between some biomarker and 
disease by determining whether a genotype strongly related to the biomarker is also related to 
disease risk. Here, genotype functions as the instrumental variable (Greenland 2000).  

This approach, now known as Mendelian randomization (MR), overcomes two well-
known problems in directly testing biomarker-disease associations in case-control or cohort 
studies. The first is reverse causation, whereby the disease process or its treatment alters the 
biomarker, rather than the biomarker affecting the risk of disease. This problem is more severe in 
case-control studies, but could affect cohort studies using stored biospecimens if the disease has 
a long pre-symptomatic period. The second problem is uncontrolled confounding, a near 
universal problem in observational epidemiology. Because constitutional genotypes are 
immutable, there is no possibility for reverse causation, and because genes are transmitted 
randomly from parents to offspring, confounding is avoided, at least within families, although 
spurious gene marker-biomarker or marker-disease associations can arise in comparisons across 
populations. MR does require certain key assumptions (Didelez and Sheehan 2007), the most 
important being that there is no pathway from the genetic marker to disease other than through 
the biomarker (no “pleiotropic” effects). For any given marker, this can be essentially impossible 
to know with certainty.  

There has been growing enthusiasm for applying MR in the context of GWAS, scanning 
first for a subset of genes that are predictive of the biomarker and then testing them for 
association with disease. This can be done using separate samples for testing the two associations 
(“two-sample MR”) and in the context of large-scale consortia for greater power (Burgess et al. 
2013). However, the no-pleiotropy assumption becomes less convincing as many variants are 
included for which little is known about function. As a result, methods such as weighted median 
regression (Bowden et al. 2016) have been developed that only require half of the variants to be 
valid instrumental variables. 
 
Ethical, Legal, and Social Issues 
  The field of genetic epidemiology raises a number of important ethical, legal, and social 
issues (ELSI). These include the potential value of genetic testing, the possibility of genetic 
discrimination, reporting research findings to study subjects and their family members, and 
incorporating genetics into treatment and prevention. Results of genetic epidemiology research 
can thus impact individuals who carry markers for disease, their families, and society as a whole. 
  The growing number of discoveries from genetic epidemiologic research and decreases in 
genotyping and sequencing costs has resulted in an increasing availability of genetic testing. 
Such tests range from those ordered by a physician for high risk disease genes to those marketed 
direct-to-consumer for modest or low risk variants that span the entire genome (Kaye 2008). 
Clinical genetic tests are generally coupled with genetic counseling to help individuals 
understand the risk of disease associated with carrying disease markers. Such tests can, however, 
also detect incidental findings such as genetic mutations from sequencing that are not directly 
related to the disease originally under study. Determining how to report such results to 
individuals has important ELSI implications.  
  In addition to informing treatment decisions, genetic testing has potential implications for 
both primary and secondary prevention (Rebbeck 2014; Thomas 2017). For example, should 
carriers of a mutation that increases susceptibility to a particular chemical be barred from 
occupational exposure or should they have a right to choose once properly informed? Should 
disease screening programs be designed to target individuals with high genetic risk scores?   
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  Some tests include information about the genetic basis of drug response, which is now 
being studied using GWAS (Rieder et al. 2008). Pharmacogenomics has important near-term 
implications for what drug and dose an individual should receive. For example, GWAS 
confirmed that variants in the gene CYP2C9 impact metabolism of the anticoagulant drug 
warfarin (Takeuchi et al. 2009); such findings suggest that individuals who carry the CYP2C9 
variant could be prescribed lower doses of warfarin, reducing potential side effects of severe 
bleeding and unnecessary health-care costs. In light of such results, personalized medicine is 
commonly touted as a major potential benefit of pharmacogenomics and GWAS—albeit with 
some reservations (Nebert et al. 2008; Omenn 2009). 
  Direct-to-consumer testing generally offers individuals the opportunity to have variation 
in their genomes assayed with the same genotyping arrays used in GWAS. Results from these 
assays are returned to the consumer along with additional information such as their genetic 
ancestry and estimated health risks. Understanding the implications of risk is challenging when 
the effect estimates are modest. This raises the question of how to regulate recommendations 
about behavior modification from direct-to-consumer testing services to ensure they are based on 
sound science. Concerns here have led the Food and Drug Administration to restrict what 
information can be provided by direct-to-consumer genetic testing companies to their customers. 
  There are also a number of ELSI issues surrounding altering disease genes to treat or 
prevent disease. Gene therapy—whereby genes are therapeutically inserted to an individual’s 
cells—has had many failures until very recently. The gene editing technology, CRISPR-Cas9, 
shows promise for altering disease genes, including the ability to not only edit genes but also to 
impact expression without altering the structure of an existing gene. 
 
New Directions in Genetic Epidemiology 
  Advances in genetic, genomic, and other omic technologies over the past decade have 
yielded stunning progress in our understanding of the biological basis of disease. An obvious 
manifestation is the success of GWAS at discovering thousands of unforeseen loci related to 
hundreds of diseases (Welter et al. 2014). While individually these risk loci typically have very 
small effect sizes, in aggregate they account for an increasing proportion of disease heritability 
(Manolio et al. 2009; Eichler et al. 2010; Zaitlen and Kraft 2012). Moreover, we can now assess 
uncommon and rare variants that will help decipher an increasing proportion of the genetic basis 
of disease (Casey et al. 2013).  
  
Gene Expression and GWAS 
  The study of disease etiology and prognosis benefits from the rich spectrum of potential 
biomarkers that are rapidly becoming available. These include gene expression, epigenetics, and 
proteomics. With regard to gene expression, arrays and RNA-Seq can be combined with GWAS 
data to undertake agnostic scans for expression quantitative trait loci (eQTL) and their role in 
disease (He et al. 2013; GTEx_Consortium 2015; Mele et al. 2015). eQTLs are loci that 
influence expression in the same or nearby genes (cis) or anywhere in the genome (trans). A 
salient example is the recently published result based on RNA samples from 175 individuals 
across 43 tissues as part of the Genotype-Tissue Expression (GTEx) project (GTEx_Consortium 
2015). They highlight tissue-specific and shared regulatory eQTLs and subsequently link them to 
GWAS variants. One can impute expression levels from GTEx into genotyped GWAS data 
(Gamazon et al. 2015), providing an important avenue for assessing the relation between gene 
expression and disease without having directly measured expression. Related methods are also 
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now being applied to identify epigenetic effects of environmental exposures and their role in 
mediating gene expression and ultimately disease phenotypes (Cortessis et al. 2012). This 
includes measuring high-density panels like the Illumina 450K array, making Epigenome-Wide 
Association Studies feasible (Rakyan et al. 2011). Proteomics techniques are just beginning to 
mature to the point of providing insight into the biological processes in disease etiology and 
ultimately sensitive early markers of disease or progression (Stunnenberg and Hubner 2014).  
 
Exposome and Microbiome 
  High throughput, highly sensitive, multiplex metabolomics methods such as mass 
spectrometry may provide advances for studying essentially all environmental exposures (the 
“Exposome”) (Wild 2012) and to facilitate agnostic Environment-Wide Association Studies 
(Patel et al. 2010). One key component of the exposome, disruptions of the incredible diversity 
of micro-organisms that inhabit the body, has been increasingly recognized as important in 
numerous chronic diseases (Cho and Blaser 2012; Schwabe and Jobin 2013). There is an 
emerging view that a host and microbiota form a ‘super-organism’ in a symbiotic relationship 
that plays a role in risk of disease by mediating immune response. Dramatic examples include 
improvement in symptoms of inflammatory bowel disease with a change in flora after antibiotic 
and probiotic use (Morgan et al. 2012), the use of fecal transplants from healthy subjects to cure 
Clostridium difficile infections (van Nood et al. 2013), and weight loss in obese subjects 
(Ridaura et al. 2013). Evidence is mounting linking tumor promotion in many cancer types to the 
effects of bacterial microbiota (Cho and Blaser 2012; Schwabe and Jobin 2013; Gargano and 
Hughes 2014).  
  Although the gut microbiome is thought to be largely “set” by age three, exposures and 
interventions later in life, including diet, antibiotics, and other lifestyle characteristics may affect 
the structure of microbial communities (Arumugam et al. 2011; Pepper and Rosenfeld 2012; 
O'Sullivan et al. 2013). Alterations of the microbiome in turn affect local and systemic host 
physiology and thus risk of disease and response to therapy. There is a dearth of sophisticated 
statistical methods for relating complex microbial community structure to the metabolome and 
disease (Li et al. 2012). Microbiome research raises many of the same methodological challenges 
as the exposome, and is further complicated by community-level effects like diversity and 
resilience and rarely occurring species. By jointly considering the microbiome and 
environmental exposures, investigators will have an opportunity to examine host-microbial 
(Kinross et al. 2011) and microbiome-metabolome (Ursell et al. 2014) interactions, topics that 
have been largely neglected, in part due to their staggering methodological complexity.  
 
Integrative Genomics 
  All of the above omics measures should be analyzed in a comprehensive manner to 
develop a fuller understanding of the disease process, but the methodological challenges are 
numerous (Chadeau-Hyam et al. 2013). With the explosion of high-density omics platforms and 
the enthusiasm for agnostic association testing, genetic epidemiology has had to seriously 
confront the inference problems posed by high-dimensional data. Doing so is the ultimate goal of 
the emerging field of integrative genomics (Schadt et al. 2005; Kristensen et al. 2014).  

A key challenge of high dimensional data is that the number of variables p is much larger 
than the number of observations n (the “p > n” problem). This issue arises in both the frequentist 
and Bayesian contexts and various approaches have been taken to address it. For frequentists, 
Bonferroni adjustment of significance levels and modifications thereof that allow for the 
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correlation between tests (Conneely and Boehnke 2007) have become conventional. In the gene 
expression field, the use of the FDR has become conventional, as the expectation is that there 
will be many noteworthy findings (Storey and Tibshirani 2003). Bayesian versions of the FDR 
concept have also been proposed (Wacholder et al. 2004b; Wakefield 2007; Whittemore 2007).  

Beyond testing for associations one-at-a-time, the real challenge for integrative genomics 
is variable selection in model building. It has long been appreciated that the importance of 
variables selected by some stepwise or greedy algorithms (e.g., in a conventional regression 
model) cannot be interpreted at face value, nor can confidence intervals on the parameters of a 
“best” model. A variety of approaches have been taken to address this problem in a frequentist 
framework, such as splitting the analysis into a discovery and testing step, cross-validation, or 
penalized regression (e.g., LASSO (Tibshirani 1996) or elastic net (Zou and Hastie 2005)). By 
itself, however, LASSO does not provide a formal significance test, only a sparse selection of 
variables, although there have been important developments in frequentist inference 
(Meinshausen and Bühlmann 2010; Lockhart et al. 2014).  

Bayesian variable selection has also been a viable approach since the seminal work of 
George and colleagues on “stochastic search variable selection” (SSVS) using a “spike and slab” 
normal mixture model (George and McCulloch 1993; George and Foster 2000). Although not 
originally proposed for the p>n problem, Bayesian methods of variable selection have recently 
been extended for that purpose (Bottolo and Richardson 2010; Bottolo et al. 2013; Ročková and 
George 2013). An example in the context of rare variant association modeling is the Bayesian 
Risk Index (Quintana et al. 2011)—and extensions using Bayes model averaging in the Bayesian 
Model Uncertainty method (Quintana and Conti 2013)—as well as incorporating external 
information as priors in the iBMU approach (Quintana et al. 2012). These methods allow valid 
inference on both the set of variables and the set of alternative models through Bayes factors.  
 
Machine Learning 

Another emerging theme in the systems biology and genomics literatures has been the 
development of machine learning approaches to “big data,” e.g., as a nonparametric approach to 
discovering high-dimensional interactions (Romualdi et al. 2003; McKinney et al. 2006; Moore 
et al. 2006; Greene et al. 2008; Motsinger-Reif et al. 2008). Such methods simply look for 
patterns in the data in an agnostic manner. While there have been some notable discoveries using 
such techniques, it remains somewhat unclear how useful they will be for building interpretable 
biologically-based models. Given the high-dimensionality of genome-scale problems, the use of 
parametric models, starting with relatively simple linear main effects models and adding in two-
way or higher-order interaction terms as needed, may be a more promising strategy for finding 
biologically interpretable and reproducible models. This strategy risks missing some complex 
interactions that could exist in biology (Moore 2003); however, it is less clear whether such 
effects extensively carry over into epidemiologic data. 
 
Conclusions 
 Genetic epidemiology has evolved at a rapidly increasing rate over the last two decades, 
mirroring and largely driven by technological advancements and “big science” collaborations. 
These trends are likely to continue, with further novel techniques developed to interrogate the 
genetic and environmental processes underlying disease. This will undoubtedly expand our 
ability to relate different types of information in ever-larger sample sizes while exploiting the 
wealth of biological knowledge available in public databases. Hopefully, improving our 
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understanding of the genetic and environmental causes of disease will result in personalized 
prevention and treatment strategies that improve the public’s health.  
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Figure X: Nuclear family with one affected child. Alleles transmitted from the parents to the 
affected child are denoted in white. Alleles not transmitted from the parents to the affected child 
are denoted in black. (individuals: square = male, circle = female, black = affected, white = 
unaffected, inside: alleles) 
 


