
UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

UvA-DARE (Digital Academic Repository)

Breaking the code: Statistical methods and methodological issues in psychiatric
genetics

Stringer, S.

Publication date
2015
Document Version
Final published version

Link to publication

Citation for published version (APA):
Stringer, S. (2015). Breaking the code: Statistical methods and methodological issues in
psychiatric genetics. [Thesis, fully internal, Universiteit van Amsterdam].

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam, The Netherlands. You
will be contacted as soon as possible.

Download date:24 May 2023

https://dare.uva.nl/personal/pure/en/publications/breaking-the-code-statistical-methods-and-methodological-issues-in-psychiatric-genetics(d106fba6-5a3c-4f84-923c-2bf00c496a0c).html


 

35 

Chapter 3 

A guide for selecting candidate genes 

in the social sciences 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

This chapter has been submitted as: Sven Stringer*, Kim C. Cerrone*, Wim van den Brink, 

Julia F. van den Berg, Damiaan Denys, René S. Kahn, Eske M. Derks (submitted). A guide 

for selecting candidate genes in the social sciences. Psychological Methods. 

  

* These authors contributed equally to this work.



 

36 

Abstract 

There has been an increasing interest in the identification of genetic 

variants causing individual differences in human behavior. Social 

scientists may contribute to the genetics field by defining the most 

important behavioral characteristics and by studying the association 

between genetic variants and behavioral differences within 

phenotypically well-characterized samples. These samples are typically 

limited in size and are therefore not suitable for a genome-wide 

association analysis. Instead, candidate gene association studies focus 

on a few candidate genes, allowing smaller sample sizes. However, the 

selection of candidate genes is not always straightforward and social 

scientists will usually have a limited background in genetics. We aim to 

fill this gap by i) providing a basic introduction to genetics; ii) showing 

how the selection of genes of interest can be optimized by the use of 

two web tools: Polysearch and Gene Prospector; and iii) illustrating how 

statistical power analyses can be performed and discussing the 

importance of sufficiently powered studies. This guide can help social 

scientists with limited experience in genetics in designing candidate 

gene studies that allow identification of specific behavioral, cognitive, or 

neural correlates of genetic risk variants, while avoiding common 

pitfalls.  
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1. General introduction 

Since the early 1990s, there has been a rapidly increasing interest in the 

identification of genetic variants causing individual differences in human 

behavior. Genetic research has moved forward quickly with initiatives 

such as the international HapMap project 

(http://hapmap.ncbi.nlm.nih.gov/)66 describing the common patterns of 

human DNA sequence variation and the 1000 genomes project 

(http://www.1000genomes.org/)67 providing a map of both common 

and rare genetic variations. The costs of genotyping have decreased 

substantially over the years, making genetic research accessible for 

many researchers, including those for whom genetics is not their 

primary expertise. For example, social scientists have aimed to 

investigate which genetic variants are associated with complex traits, 

including drug and alcohol dependence, schizophrenia, and depression68. 

This type of research is important to obtain more insight into the 

etiological nature of behavioral differences across subjects and to 

understand why some individuals are more vulnerable to suffer from 

mental disorders than others. The specific behavioral characteristics of 

an individual, caused by the expression of genes, the influence of 

environmental factors, and the interactions between the two, is referred 

to as the individual’s phenotype. The contribution of social scientists to 

the genetics field is important, since studies in the social sciences often 

provide access to populations with detailed information on the 

phenotype. Therefore, the results of these studies may provide 

increased insight into specific behavioral, cognitive, or neural correlates 

of genetic risk variants. 

This review provides a guideline to researchers who wish to incorporate 

genetics into their studies but do not have a formal background in 
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genetics. We will first introduce some basic concepts used in genetics 

(section 2). As explained more extensively in section 3, we will focus 

specifically on candidate gene studies, since genetic studies in the social 

sciences are usually small, whereas large sample sizes are required for 

genome-wide association studies (GWAs). In section 4 we will illustrate 

how the vast amount of information that is available in public databases 

can be used to select candidate genes. Text mining software has been 

developed to facilitate searching through the enormous literature. Other 

tools provide access to findings from previously conducted genetic 

studies or allow the selection of candidate genes based on known 

protein-protein interactions. However, these tools are usually presented 

in great technical detail in dedicated bioinformatics journals and may 

therefore be less accessible to non-geneticists. Furthermore, because of 

the high speed with which novel tools are introduced, it is a challenge to 

select tools that are useful for a specific purpose. We will therefore 

provide a practical guide and some illustrations to facilitate the use of 

such tools in the appendix of this article. Designing a genetic study also 

requires considerations about sample size in order to have sufficient 

statistical power. Therefore, we explain in section 5 how genetic power 

calculations can be performed; this section includes illustrations and 

practical examples. When one or multiple candidate genes have been 

identified, the next step is the selection of genetic variants (i.e., 

polymorphisms) as will be discussed in section 6. In the final section we 

further discuss the implications of performing candidate gene studies in 

the post GWAs era. To improve the readability of this article, practical 

guidelines for using the web tools discussed in this article will be 

provided in an appendix. 
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2. DNA: The basis of heredity 

Deoxyribonucleic acid (DNA) is our genetic material. The complete set of 

DNA is called the genome and consists of 23 pairs of chromosomes 

inside the nucleus of all somatic cells of the human body (Figure 1). 

DNA is composed of four different molecules, called nucleotides or 

bases: adenine (A), cytosine (C), thymine (T) and guanine (G)69. DNA is 

structured in a double helix strand. The two strands are paired in such a 

way that adenine always pairs with thymine (A-T) and guanine always 

pairs with cytosine (G-C), forming base pairs. The two strands are 

complementary to each other and thus contain essentially the same 

information. Consequently, when determining a person’s genotype it is 

only necessary to investigate the base-pair sequence at a single strand. 

Furthermore, genes are regions of DNA that encode information needed 

for the production of proteins. To decode this genetic information into 

proteins, DNA is first transcribed into messenger ribonucleic acid 

(mRNA), which is subsequently translated into proteins (Figure 2). 

Proteins consist of amino acids and are the working forces of the cells 

that create and break down the molecules in an organism. The 

nucleotides in the DNA direct the synthesis of proteins by dictating the 

sequence of amino acids of which the protein is composed69. Three 

nucleotides code for one specific amino acid. Only one percent of the 

genome is translated into protein; this is called the exome. The 

remaining part of the genome does not directly code for proteins, but is 

likely to be relevant in regulating the transcription of the coding parts of 

DNA into RNA and protein70. 
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Figure 1. Organization of DNA in the nucleus of the cell. Reprinted from the 
National Human Genome Research Institute 
http://www.genome.gov/glossary.cfm. 
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Figure 2. From DNA to proteins. The processes of transcription and translation. 
Reprinted from the National Human Genome Research Institute 
http://www.genome.gov/glossary.cfm. 

Genetic polymorphisms 

Genetic studies typically aim to identify genetic variants that contribute 

to phenotypic differences between individuals. Therefore, these studies 

focus on locations on the DNA at which the sequence of base-pairs is 

different across individuals. Such locations of genetic variation are called 

polymorphisms and the possible variants of a polymorphism are referred 

to as alleles. The frequency at which alleles occur in a population is 

often represented as a function of the frequency of the least common, 

or minor allele (minor allele frequency; MAF), which is one of the 

primary characteristics of polymorphisms. Polymorphisms with a MAF < 

0.05 are considered to be low-frequency, or rare variants while those 

with a MAF > 0.05 are generally referred to as common variants.  
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In the human genome, different types of polymorphisms exist. These 

include genetic substitutions, insertions, deletions, duplications, 

inversions, and translocations69. Substitutions of a single nucleotide by 

another nucleotide are called single nucleotide polymorphisms (SNPs) 

(Figure 3). This type of polymorphism is most widely studied in the 

study of complex human traits. Genetic polymorphisms can also involve 

larger parts of the genome. For example, variable number tandem 

repeats (VNTR) are polymorphisms consisting of multiple nucleotides 

that are repeated multiple times, while the amount of repetition varies 

among people71. 

Genetic variants may cause loss or change of gene function, which in 

turn can alter phenotypes and increase disease risk72. To illustrate this 

with an example, a VNTR located in the serotonin transporter (SERT) 

gene (SLC6A4), has been associated with many phenotypes, ranging 

from psychiatric disorders, such as alcoholism, obsessive compulsive 

disorder, and depression to cognitive and social functioning73, 74. The 

SLC6A4 gene may well be the most studied polymorphism in the social 

sciences75. 

 

Figure 3. Schematic representation of a single nucleotide polymorphism (SNP). 
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Genetic markers and the concept of linkage disequilibrium 

Two alleles, i.e. variants of polymorphisms, are in linkage disequilibrium 

(LD) if they are not inherited independently but are often transmitted 

together within families. Generally, alleles which are located close 

together at the same chromosome will show stronger linkage 

disequilibrium. Linkage disequilibrium allows us to obtain information 

about the role of causal variants across the whole genome by 

genotyping a relatively small subset of the polymorphisms, called 

genetic markers77. A marker is a genetic polymorphism that is known to 

have multiple alleles in the population, but is not necessarily directly 

associated with the expression of a phenotype. Despite the lack of a 

direct association, it may be indirectly associated with a phenotype if the 

marker is transmitted together with a causal genetic variant, thus being 

in LD. Therefore, these markers can be thought of as little flags on the 

genome that mark the spots at which a causal genetic variant (i.e., a 

variant that is directly associated with the expression of a phenotype) 

can be present. Genetic markers are crucial in genetic linkage and 

association studies, since they allow for the detection of causal genetic 

variants (i.e., trait loci) which are in linkage disequilibrium with the 

marker77. In genome-wide association studies the association between 

millions of SNPs and the phenotype of interest is investigated. Because 

these SNPs are in linkage disequilibrium with nearby genetic variants, a 

GWAs tests for the involvement of the vast majority of the common 

genetic variants throughout the genome. 

Population stratification 

Population stratification is the presence of a systematic difference in 

allele frequencies between population subgroups with a different ethnic 

background. To avoid spurious associations it is important to carefully 

match cases and controls based on ethnicity. Ethnic diversity may be 
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large (e.g., Caucasian vs. Asian), but more subtle differences exist and 

population stratification has also shown to be present within Caucasian 

populations in Europe78. In GWAs information from millions of SNPs is 

available. It is therefore relatively straightforward to correct for 

population stratification by studying allele differences between 

subpopulations. In candidate gene studies, for which usually few genetic 

variants have been genotyped, it is difficult to control for ethnic 

differences. Therefore ethnic background should be carefully assessed, 

for example through registration of ethnicity of participant and their 

(grand)parents and analyses should be based on an ethnically 

homogeneous group. 

3. Candidate gene studies in the genome-wide 

association era 

GWAs is currently the most common approach for the search of novel 

genetic variants, although other genome-wide approaches, including 

whole-exome sequencing (i.e., genotyping all bases in the coding 

regions of the genome) and whole genome sequencing (i.e., genotyping 

all bases of the entire genome) are becoming increasingly popular. 

GWAs is a study design in which associations between a disease of 

interest and millions of common variants across the whole genome are 

tested. The GWAs catalog (http://www.genome.gov/gwastudies/) 

archives the results from genome-wide association studies that include 

at least 100,000 single nucleotide polymorphisms (SNPs) which are 

associated with a disorder at a significance level of p<1.0x10-5 79. This 

type of research has revealed new insights into the pathogenesis of 

psychiatric traits, including schizophrenia, autism spectrum disorders, 

attention deficit hyperactivity disorder, major depressive disorder, and 

bipolar disorder2. The general picture that emerges from these studies 
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has been reviewed by Sullivan and colleagues4. The authors highlight 

several of the successes in GWAs, but also acknowledge that more time 

is needed until the findings can be incorporated in clinical practice. They 

conclude that we are “at the end of the beginning, not the beginning of 

the end”. 

Despite the popularity of GWAs, we argue that candidate gene studies 

are still important. Candidate gene studies are not only useful for the 

identification of hypothesis-driven genetic associations, but can also be 

applied to find specific phenotypic characteristics associated with novel 

genetic variants identified in GWAs. The primary strength of candidate-

gene studies is that they can be conducted in relatively small samples. 

Because of the strict correction for multiple testing that is required to 

avoid false-positive findings, GWAs is not the preferred design for small-

scaled studies. To correctly account for the large number of statistical 

tests in genome-wide studies, a significance level of 5x10-8 was shown 

to effectively control type-I error rate80, 81. Therefore multiple testing 

correction results in low statistical power to detect true effects. Using a 

hypothesis-driven approach by focusing on candidate genes limits the 

number of statistical tests and allows for a less stringent multiple testing 

correction. Furthermore, even though GWAs has resulted in the 

detection of genetic variants that are statistically associated with a 

disease, the biological role of these novel variants is often unknown. 

Genetic risk factors are often located in intergenic regions and may be 

associated with a disease through regulation of gene expression levels82. 

It is therefore not trivial to discover the functional role of a genetic 

variant that is statistically associated with a disorder. Candidate gene 

studies conducted in small-scaled samples in which extensive 

phenotypic information has been collected can contribute to elucidating 

the underlying biological processes. A practical advantage of candidate 
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gene studies is that the genotyping cost per person may be relatively 

small. Genotyping 96 SNPs for 480 persons will cost ~$50 per person 

(e.g., dna.cchmc.org), while genotyping ~300,000-500,000 SNPs will 

cost ~$300 per person83.  

Because of these advantages, it is likely that the candidate gene 

approach will continue to be widely used; especially by researchers 

outside the field of genetics. In the following sections we therefore 

provide guidelines for selecting candidate genes and warn about 

potential pitfalls when conducting a candidate gene study. 

4. Identification of candidate genes 

As previously mentioned, selecting candidate genes may be guided by 

the use of web tools that combine information from GWAs, reviews, 

meta-analyses, and other genetic studies testing the association 

between the trait of interest and specific polymorphisms. The following 

section provides a brief description of two web tools that facilitate the 

selection of candidate genes. Appendix 1 provides a tutorial, explaining 

in detail how to use these tools. 

Choice of web tools 

Based on the overview provided by “A guide to web tools to prioritize 

candidate genes”84, we have chosen to use the two web tools Gene 

Prospector 

(http://www.hugenavigator.net/HuGENavigator/geneProspectorStartPag

e.do) and PolySearch (http://wishart.biology.ualberta.ca/polysearch). 

These tools are both user friendly and suitable for finding promising 

candidate genes84. The choice of these specific tools is based on the 

type of web resources used in their search (literature and text mining), 
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the fact that the output genes are prioritized, and because they allow for 

searching the genome based on a keyword such as a disease name or a 

set of keywords related to a disease. Furthermore, both tools allow for 

genome-wide searching, which is required if no candidate gene sets are 

known prior to the investigation. Gene Prospector searches for human 

genes in relation to a disease phenotype, other related phenotypes, or 

risk factors. It selects and ranks candidate genes based on a literature 

search of genetic association studies and thus relies exclusively on text 

mining84, 85. PolySearch selects and analyses relationships between 

diseases, genes and other pathways using several biomedical databases 

(e.g. Entrez SNP, OMIM, HapMap)66, 86, 87. Both tools complement each 

other and it is therefore advised to use them together and to combine 

the information for obtaining a more comprehensive overview of the 

available candidate genes. 

Example 

To illustrate the use of these web tools we used “alcohol dependence” as 

an example input phenotype. The web tools then provide a table with all 

genes associated with alcohol dependence in the literature. Since both 

web tools use different search algorithms (see Appendix 1), combining 

the output of both tools will lead to a more comprehensive list of 

possible associations. When comparing the top twenty hits from both 

tables, in this example, twelve genes overlap (see Table 1). Since text 

mining tools can easily produce false positive associations, the findings 

need to be manually inspected to verify whether these are likely to 

represent true associations. False positive associations can occur for 

example when a gene is listed as important solely because it is 

mentioned in the abstract of a GWAs, while significant findings with that 

gene are not necessarily present. The UCSC Genome Browser 

(https://genome.ucsc.edu/) and links to relevant meta-analyses 
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provided by Gene Prospector can be used for the manual curation of top 

results (see Appendix 1, Figure S3 and Table S2 for a more detailed 

description of this follow-up search). 

Table 1. Candidate genes for alcohol dependence according to Gene Prospector 
and Polysearch. 

Gene Prospector Polysearch Overlap 
ALDH2 OPRM1 ADH1B 
ADH1B GABRA2 DRD2 
DRD2 5HTT OPRM1 
SLC6A4 ADH1B GABRA2 
ADH1C   DRD2 SLC6A3 
OPRM1 BDNF ALDH2 
GABRA2 HTR1B HTR2A 
SLC6A3 SLC6A3 COMT 
CYP2E1 ANKK1 HTR1B 
HTR2A CHRM2 ADH4 
COMT ADH1C ANKK1 
MAOA ADH4 BDNF 
HTR1B PDYN  
DRD4 ALDH2  
ADH4 ADH  
ANKK1 NPY  
TPH1 COMT  
HTR1A HTR2A  
BDNF GATA4  
MTHFR SNCA  

5. Statistical power 

In the previous section we illustrated the selection of candidate genes 

with alcohol dependence as an example phenotype. Suppose we have 

identified the ADH1B gene as one of the most interesting candidate 

genes for a genetic study in which we aim to identify genetic variants 

that influence cognitive impairment in patients with alcohol dependence. 
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In practice, we would test polymorphisms within or close to ADH1B. 

Although it may be tempting to test all polymorphisms within this gene, 

small sample sizes in candidate gene studies force us to limit the 

number of variants to achieve sufficient statistical power. It is therefore 

important to determine in advance how much power we can expect 

given our sample size, the number of genetic variants included in the 

study, the minor allele frequency, and other study characteristics. 

In this section we will focus on the impact of effect size, sample size, 

and the number of tests on statistical power. Although not explicitly 

investigated here, power depends on other factors as well, such as the 

minor allele frequency of a genetic variant. Rare genetic variants are 

much more difficult to detect than common variants, since the statistical 

power to detect significant association with such variants is low, unless 

the effect size is very large88. Similarly, for case-control samples it is not 

only the total sample size that matters, but also the relative number of 

cases and controls. Because an equal number of cases and controls 

results in optimal power, increasing the smallest subgroup (i.e., cases or 

controls) in size will have the biggest impact on power. 

The Genetic Power Calculator by Purcell and colleagues89 

(http://pngu.mgh.harvard.edu/~purcell/gpc/) is a useful online tool to 

perform genetic power calculations based on specific study 

characteristics. Appendix 2 describes in detail how to perform a power 

analysis with the Genetic Power Calculator. Here, we will illustrate the 

importance of performing a power analysis for both quantitative trait 

studies with continuous variables and case-control studies with 

dichotomous variables. For simplicity, we assume that analyzed SNPs 

are independent causal variants with no other causal variants in LD. 

First, assuming we want to test whether ADH1B is associated with a 
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quantitative trait such as cognitive performance (IQ) in alcohol 

dependent patients, how many independent genetic variants in ADH1B 

can we realistically test? As an effect size measure, we define the 

heritability explained by a genetic variant as the variance in phenotype 

(i.e., IQ) explained by the variation by that particular variant. Figure 5 

illustrates three important factors determining statistical power: 

heritability explained by a genetic variant, sample size, and the number 

of genetic variants included in the study. The heritability explained by 

single genetic variants associated with quantitative phenotypes is 

typically smaller than <1%, even if the heritability of the phenotype is 

large. Figure 5 shows the power to detect associations for different 

scenarios, assuming genetic variants have a minor allele frequency of 

0.25. Even if a genetic variant has a heritability of 1% and sample size 

is 400, the power to detect an association is only 50%. If we choose to 

test 10 independent genetic variants with similar effect sizes and correct 

for multiple testing, the power drops to 20%. 

Second, for phenotypes that are not quantitative but dichotomous, a 

similar picture emerges. Suppose we want to test whether ADH1B is 

associated with a dichotomous trait such as cognitive impairment in 

alcohol dependent patients, assuming a population prevalence of 1%, 

minor allele frequencies of 0.25 and a sample case-control ratio of 1. 

Figure 6 shows the power to detect genetic associations in such a case-

control study. This time the effect size measure is the odds ratio. If the 

odds ratio were 1.5, which is a relatively large effect size, a case-control 

sample with 200 cases and 200 controls would achieve a power of 70% 

for testing a single variant. However, when testing 10 independent 

variants genetic power decreases to 50% due to multiple testing 

correction. As Figure 6 shows, statistical power is somewhat lower at 



Chapter 3 

51 

higher prevalence, but is mostly affected by the effect size, sample size, 

and number of genetic variants to test. 

The above examples illustrated the results of power analyses for 

relatively large effect sizes. Although it is difficult to know in advance 

which effect size to expect, results from GWAs suggest effect sizes are 

often small. Significant odds ratios in case-control studies typically 

range between 1.1 and 1.4 and are most often found in the lower end of 

the range90, 91. For quantitative traits, genetic variants with a heritability 

of 1% are extremely rare, and even a heritability of 0.5% can be 

considered large91. As the power plots show, small samples will typically 

not yield sufficient power of 80% for genetic testing, especially if many 

independent genetic variants are being tested. In practice, testing the 

involvement of a large number of genetic variants with small effect 

sizes, requires sample sizes in the order of thousands to achieve 

sufficient power. Sample sizes in the order of hundreds are only 

acceptable if few, relatively frequent genetic variants are tested for 

which strong associations with similar phenotypes of interest have been 

reported in previous studies. 
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Figure 5. Power in quantitative trait studies. Power is shown as a function of 
sample size, number of SNPs tested, and heritability (h2) of the genetic variant. 
Minor allele frequency is fixed at 0.25. Tested SNPs are assumed to be 
independent causal variants with no other causal variants in LD. 
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Figure 6. Power in case-control studies. Power is shown as a function of sample 
size, number of SNPs tested, prevalence (prev), and odds ratio (OR). Minor allele 
frequency is fixed at 0.25 and case-control ratio is one. Tested SNPs are assumed 
to be independent causal variants with no other causal variants in LD. 
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6. From gene to polymorphism 

In section 4 we have discussed several tools which can be used to guide 

the selection of a set of candidate genes. This is not the endpoint of 

designing a genetic study, since we are now faced with the next step: 

the selection of genetic polymorphisms. Understanding which genes 

contribute to a disorder requires genotyping and investigating those 

genetic variants that explain phenotypic variation in the population. In 

section 5 we have discussed the importance of determining in advance 

how many polymorphisms can be analyzed. In this section we discuss 

which polymorphisms to select. Selecting polymorphisms within a 

specific gene of interest is not always as straightforward as it may 

seem. We will discuss two scenarios and will describe some of the 

important aspects on the selection of polymorphisms. However, this is a 

complex topic, and it is beyond the scope of this article to provide a 

comprehensive guide. For a more thorough discussion of this topic, we 

refer the reader to a review by Patnala and colleagues92. 

Scenario 1: Selecting genetic polymorphisms based on known 

genetic associations 

First, we will discuss the selection of polymorphisms for genes which are 

selected because genetic variants in or near these genes have 

previously been found to be associated with the disorder of interest. For 

example, a GWAs has shown that the SNP rs6943555 in the AUTS2 gene 

is associated with alcohol consumption92. We may therefore be 

interested in the role of AUTS2 in the brain reward system and aim to 

investigate this gene in a candidate gene study in which functional 

neuroimaging data is available. In this example, the choice for a 

particular polymorphism can be based on the previous GWAs results; we 

can simply select the genetic variant that was reported to be most 
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strongly associated with the disorder in the original publication. If 

multiple genetic variants have been reported in the original paper, it 

depends on the amount of genetic correlation (linkage disequilibrium) 

whether all of these variants or a specific subset should be selected for 

further investigation. 

Scenario 2: Selection genetic polymorphisms based on indirect 

evidence 

Much more complex is the second scenario, in which a gene of interest 

was selected not because of the presence of significantly associated 

variants in this gene, but as a result of indirect evidence. For example, 

protein-protein interaction analyses may show that the product (protein) 

of a gene physically interacts with the protein of a well-known candidate 

gene for the trait of interest and we may therefore hypothesize that the 

novel gene is also associated with the trait. In this scenario, there are 

no specific polymorphisms which are highlighted in this gene, but 

instead, the entire gene is the unit of interest. Nevertheless, when 

designing a genetic study, we need to select one or multiple genetic 

polymorphisms. We will make recommendations on how to proceed, 

although no simple guidelines are yet available, and consulting a 

geneticist may be crucial. 

One possibility is to sequence the coding regions of the gene of interest. 

Targeted sequencing of candidate genes is technically feasible and the 

costs will be relatively low, in the order of 10 to 20 dollars per gene. 

However, the number of statistical tests will be large, due to the large 

number of variants that will need to be tested. A second option is to 

select genetic polymorphisms which influence the expression levels of 

the gene of interest: expression quantitative trait loci (eQTL). For this 
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purpose, publicly available expression quantitative trait loci (eQTL) 

data93 can be used for the selection of relevant polymorphisms. 

Relevant characteristics of genetic polymorphisms 

Below, we will briefly describe some of the characteristics that are 

important to consider when selecting genetic polymorphisms, including 

the frequency of the alleles in the general population and ethnic 

variability of the SNP. Information on these characteristics can be 

obtained from dbSNP (http://www.ncbi.nlm.nih.gov/SNP/)94. 

As we discussed in section 5, the statistical power to detect significant 

associations will be lower for variants with a low minor allele frequency. 

Therefore, selection of variants with relatively high (e.g., >0.2) minor 

allele frequency is generally preferred. Furthermore, the minor allele 

frequency of genetic polymorphisms may differ across ethnic 

populations (i.e., population stratification) and this may lead to false-

positive associations95. For example, a polymorphism (5-HTTLPR) in the 

serotonin transporter gene (SLC6A4), an extensively studied genetic 

variant, shows large allele frequency differences across European and 

Asian populations96. For such variants, ethnic differences may lead to 

spurious findings if ethnicity is correlated with the phenotype of interest. 

Generally, it is advised to include only participants from the same ethnic 

background, but more subtle ethnic differences are difficult to rule out. 

Therefore, ethnic variability in minor allele frequency is something to be 

aware of when selecting a genetic polymorphism.  

Finally, publicly available data of the ENCODE study70 contains 

information on the existence of functionally relevant markers at a 

specific genomic location. The different types of functional variation may 

be useful for evaluating the relevance of a specific genetic 
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polymorphism. For example, if transcription factors bind to a specific 

genomic location, it is more likely that this locus has a functional role. 

7. Discussion 

In this article we have provided practical guidelines on how to select 

genetic variants for a candidate gene association study. We have shown 

how the selection of candidate genes can be informed by the use of two 

bioinformatics tools: PolySearch and Gene Prospector. Power analyses of 

binary and continuous traits were conducted for a range of effect sizes 

and sample sizes. Finally, we have discussed some of the relevant 

aspects of the selection of specific genetic polymorphisms for a specific 

gene. 

PolySearch and Gene Prospector are bioinformatics tools which combine 

information from different resources to obtain a ranking among possible 

genes for a specific trait of interest. In this article, we have illustrated 

the application of these tools using alcohol dependence as an example. 

A high overlap was observed; 12 genes are included in the top twenty of 

both tools. However, discrepancies are also clearly present, which 

illustrates the importance of using multiple tools for the selection of 

candidate genes. Manual evaluation of the top results is essential, and is 

greatly facilitated by these tools since it is rather straightforward to 

obtain detailed insight in the supportive evidence (e.g., links to the 

results of meta-analyses) and to evaluate the validity of these results.  

The statistical power analyses showed that for the range of effect sizes 

most commonly reported in genetic studies of complex traits, sample 

sizes of a few hundred subjects are not sufficient in case-control designs 

or population sampling of continuous phenotypes. In genome-wide 
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association studies sample size has been scaled up from thousands to 

tens of thousands of subjects, resulting in the first genome-wide 

significant associations (see review of Visscher and colleagues97). We 

show here that the same is true for candidate-gene studies, in which 

only a few genetic variants are tested. Instead of sample sizes of ~50 to 

~200 cases, we expect that candidate gene studies should include at 

least 500 subjects, unless few genetic variants with relatively large 

effect sizes are tested. We emphasize that performing an underpowered 

study is similar to a speculative investment. We might be fortunate and 

find a significant result, but a research grant can probably be spent 

better. While a non-significant result in a well-powered study (power 

>80%) at least indicates that the true effect is probably smaller than 

you expected, the same result in an underpowered study does not 

provide information and is a waste of money. We therefore advise to 

specify a reasonable expected effect size in advance, perform a power 

analysis, and, if necessary, to limit the number risk variants tested to 

achieve sufficient power. 

In addition to limiting the number of genetic polymorphisms in the 

study, there are several other ways to improve the statistical power. 

First, the statistical power to detect genetic variants with low frequency 

in the population can be increased by using linkage analysis within a 

family design98. In linkage analysis, one or more extended families are 

analyzed to identify genetic regions that are passed together with the 

phenotype to the next generation. However, the genetic regions that are 

identified with linkage analysis are relatively large, compared to the LD 

regions identified in GWAs. Therefore, additional analyses will be 

required to identify the causal genetic variants. Another way to increase 

power is the use of polygenic risk score analysis6, 99, 100. In this type of 

analysis, multiple genetic variants are combined to create a single 
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polygenic risk score. Association between this risk score and the 

phenotype is then tested. Instead of identifying the individual 

contribution of each genetic variant, a polygenic risk score analysis 

identifies the cumulative contribution of multiple genetic variants to the 

phenotype of interest.  

Third, statistical power largely depends on effect size and some argue 

that the statistical association between genetic variants and 

endophenotypes might be stronger than those seen for the association 

with clinical diagnosis68. Endophenotypes are biological phenotypes, 

such as functional neuroimaging measures, which are more directly 

regulated by gene expression compared to behavioral phenotypes. For 

example, Mier and colleagues have conducted a meta-analysis testing 

the association between the Val158Met (rs4680) in the COMT gene 

(rs4680) and prefrontal activation and reported a large effect size 

(d=0.73; corresponding to 12% explained variance)101. However, Flint 

and Manufò102 argue that the genetic architecture of endophenotypes 

might not be easier to dissect than that of traditional phenotypes. 

Finally, although individual candidate gene studies should be sufficiently 

powered, meta-analysis can be an excellent tool both in genome-wide 

association studies and candidate gene studies to further increase power 

and reduce false-positive findings by statistically synthesizing the 

findings of multiple independent studies to calculate combined effect 

sizes103. Using funnel plots, meta-analysis can also provide insight into 

the extent of publication bias, caused by the preferential publication of 

positive associations compared to null findings104. 

Although we advise to limit the number of variants in a traditional 

association analysis, this does not necessarily imply that we have to 

limit the genotyping to a few genetic variants in each study. As argued 
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by Dick and colleagues, genotyping is far more cost-efficient when 

conducted at a large scale83. The cost per genetic marker decreases 

sharply as the number of markers increases. Custom-designed 

genotyping chips that allow genotyping of hundreds of thousands 

specifically selected genetic markers provide an excellent alternative for 

single-SNP genotyping. For example, the company Illumina has recently 

developed a genotyping chip containing, among others, genetic markers 

that have been implicated in psychiatric disorders. This chip will cost 

less than 70 US dollars per person and includes more than 240,000 

common genetic markers, more than 240,000 rare genetic variants, and 

50,000 genetic variants selected because of their potential role in 

psychiatric disorders based on the input of several experts in the field of 

psychiatric genetics (www.illumina.com/products/psycharray.html). This 

psych-chip covers a large proportion of the common variation across the 

genome and of the rare genetic variation in the coding parts. 

The advantages of using such a genotyping chip are three-fold. First, if 

broad genotyping data are available, it becomes easier to quickly follow-

up on new findings in the field. When new hypotheses are generated, 

data are immediately available to test them. Second, these genotyping 

chips generally include markers that are informative of ancestry, which 

allow the exclusion of ethnic outliers from your sample, reducing the 

possibility of false-positive findings due to population stratification. 

Third, large-scale collaborations have been formed to combine samples 

with similar genotyping and phenotyping data. One of the best known 

examples is the Psychiatric Genomics Consortium (see 

http://www.med.unc.edu/pgc). Even though statistical power may not 

be sufficient to perform genome-wide analyses within a single study, 

combining data across samples can increase power and may lead to the 

detection of novel genetic variants. The use of uniform genotyping chips 
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specifically dedicated to psychiatric research will facilitate the formation 

of collaborative enterprises which has shown to be an essential part of 

gene discovery. 

In conclusion, candidate gene association studies are particularly well 

suited to detect associations between genetic variants and refined 

phenotypes that cannot be assessed in large sample sizes. The main 

strength of candidate gene studies, in comparison to genome-wide 

association studies, is the increased statistical power due to the fact that 

significance testing is performed for fewer genetic variants. An 

important challenge when conducting candidate gene studies is selecting 

relevant candidate genes. In this article we have provided guidelines for 

selecting candidate genes using bioinformatics tools that search the 

currently available data and literature. Furthermore, we have illustrated 

how genetic power calculations can be performed and have conducted 

power analyses for a range of effect sizes and sample sizes. Caveats of 

candidate gene studies have been discussed, including the possibility of 

false-positive associations due to ethnic heterogeneity within the 

samples, and possible ways to circumvent these problems have been 

explained. Awareness and practical guidelines of the primary tools and 

techniques that are available in the field of genetics, will hopefully 

contribute to an increased understanding of genetics for social 

scientists. That would be a great step forward, since this would allow the 

genetics field to benefit from the expertise of social scientists in 

describing those phenotypic characteristics that are most strongly 

associated with genetic variation. 

  


