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Abstract

The recently completed sequencing of the human genome heralds a new era in the
study of social influences upon health. Because the interactions between genes and the
environment are bidirectional, expertise in the areas of psychosocial processes and health
behaviors will be necessary for elucidating how genes, behavior, and the environment
interact to affect health outcomes. For investigators whose primary background is in
health psychology, the terminology used by geneticists may seem like a foreign language.
To help navigate this foreign territory, the nature of genetic variation and gene action is
presented in non-technical terms using the serotonin transporter gene as an example
because it is thought to influence sensitivity to the social environment. In addition, we
describe several methodological pitfalls to be avoided when associating genetic variation
with psychosocial and behavioral risk factors for poor health outcomes.
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Introduction

Now that the Human Genome Project has catalogued the full extent of human
genetic material (International Human Genome Sequencing Consortium, 2004), the next
scientific step will be to determine the effects of this genetic information upon health
outcomes. Because the action of genes is highly dependent upon the environment
(Kandel, 2001), consideration of social, behavioral, and psychological variables will be
necessary for detecting the genetic contributions to health. Integrating across these
multiple levels of analysis will require unprecedented interdisciplinary collaboration. For
social health researchers, one hindrance to such collaborations is understanding the
terminology, concepts, and methodology used by geneticists.

Therefore, this paper is written for psychologists and sociologists interested in
incorporating genetic measures into their studies, or at least gaining a working knowledge
of the literature, but who don’t want to become geneticists in the process. Thus, we
provide an introductory description of genetic concepts in non-technical language. For
the more interested reader, many of these concepts are described in greater detail in the
appendix. The paper is structured around understanding the information provided by an
individual’s genotype, which refers to his/her genetic identity (defined in greater detail in
the next section). The technology for determining an individual’s genotype (e.g.
genotyping) has become increasingly automated in recent years and made it financially
feasible to supplement psychological studies with genotype data.

Interpreting the results from such studies is contingent upon understanding the
nature of the relationship between genes and psychology. Therefore this paper discusses
the nature of gene action and its influence upon cellular processes, which is the critical
biological level of analysis in between the genetic and psychological levels. After an
introduction to the nature of gene action, genetic variation and its influence upon cellular
function is discussed. Finally, because associating genetic variation with psychosocial
and behavioral health risks is a new enterprise, several methodological recommendations
are made for conducting such studies. To provide a common thread across the multiple
levels of analysis between gene and behavior, we use the serotonin system as an
illustrative example. This neurochemical system appears to play a critical role in

regulating responses to social stimuli and is thus likely to have broad influence across the



diverse subdomains of social health research.

Variation in the Serotonin Transporter Gene and Sensitivity to the Social
Environment

The serotonin transporter is probably best known as the site of action for the drug
Prozac and related anti-depressants (Wong, Bymaster, & Engleman, 1995). Within a
portion of the serotonin transporter gene, there is a segment of DNA (Deoxyribonucleic
acid) that is longer in some individuals than others (Lesch et al., 1994). In
straightforward fashion, the short version is called the short allele, while the long version
is called the long allele. Thus, the term allele simply refers to a difference in the genetic
(e.g. DNA) sequence. Because each of us receives one allele from our mother and one
allele from our father, we have two copies of the serotonin transporter gene. Hence, an
individual has either two copies of the short allele (short/short), one copy of each allele
(short/long), or two copies of the long allele (long/long). The combination of alleles one
has at this location in the DNA is referred to as one’s genotype (e.g. long/long) and the
process of determining which alleles are present in a particular individual is called
genotyping. With respect to the serotonin transporter gene, the location where this
variation occurs has been given the name 5-HTTLPR (this acronym will be defined later)
and appears to moderate the effects of both social and behavioral influences upon health.

For example, one of the most robust social effects upon both physical and mental
health is that of socioeconomic status (SES; Adler et al., 1994; Singh-Manoux, Marmot,
& Adler, 2005). Naturally, the quality of health care, nutrition, and housing contribute to
this health gradient, yet psychosocial stress is also a major mediator that links SES to
health (Cohen, Kaplan, & Salonen, 1999). There are individual differences in response to
the stress of low SES, a portion of which can be explained by the 5-HTTLPR. Individuals
with a copy of the short allele (short/short or short/long) are more sensitive to this social
stressor than those with two long alleles, as measured by a biochemical assay (Manuck,
Flory, Ferrell, & Muldoon, 2004). Similarly, individuals with a short allele are at higher
risk for major depressive disorder when exposed to life stressors such as unemployment
and divorce (Caspi et al., 2003). Although the mechanisms for this effect are unclear, it
appears that having a short allele (particularly two copies, e.g. short/short) renders one



more sensitive to the social environment, because having good social supports has greater
influence upon mood state in these individuals than in individuals who have the long
allele (Kaufman et al., 2004).

Beyond influences upon mood state, the 5-HTTLPR may also influence the
adoption of health behaviors as well. For example, it may influence the number of sexual
partners, which is related to risk for sexually transmitted diseases. Adolescents with a
short allele (short/short or short/long) who regularly attend religious services have 30%
fewer sexual partners than individuals who attend religious services as often, but have
two copies of the long allele (Halpern, Kaestle, Guo, & Hallfors, 2006). As frequency of
participation in religious activities influences the number of sexual partners (Miller &
Gur, 2002) as well as age of sexual debut (Rostosky, 2004), one could interpret these
findings within the context of social control theories (Durkheim, 1951; Rohrbaugh &
Jessor, 1975) where individuals with the short allele are more responsive to their social
milieu and thus are more prone to adopt the conservative norms concerning sexual
behavior associated with many religious organizations.

This example of the 5-HTTLPR illustrates three conceptual points about the
relationship between genetics and psychology.

First, genes do not code for particular behavioral or psychological outcomes, but
rather code for how an individual responds to the environment. Because the short allele
increases sensitivity to the environment, if the early family environment is loving and
caring, short/short individuals are at decreased risk for depression. Conversely, as
described above, short/short individuals raised in a harsh, abusive home are at increased
risk for depression, relative to long/long individuals. Thus, neither the gene nor the
environment is the sole predictor of the outcome, but the two interact to do so (Eley et al.,
2004; Taylor et al., 2006). Put in colloquial terms, it is not nature or nurture, but rather
nature and nurture that shape health outcomes.

Second, genetic effects are probabilistic, not deterministic. Hence there are
individuals with the short/short genotype that experience significant life stressors and do
not become depressed. Thus, the short/short genotype and life stressors are not
diagnostic predictors of depression, but rather indicators of the probability of becoming
depressed (also see appendix: When are genetic effects deterministic?).



Furthermore, the 5-HTTLPR is not even a marker that is specific for depression
risk. In meta-analyses, the short allele has also been associated with alcohol dependence
(Feinn, Nellissery, & Kranzler, 2005), suicide (Li & He, 2007), bipolar disorder (Cho et
al., 2005), and obsessive-compulsive disorder (Lin, 2007). Thus, the 5-HTTLPR, like
many genetic variants, is neither necessary nor sufficient for a particular disease outcome.

Third, the effect sizes in these meta-analyses are small (for a further discussion of
the effect sizes in genetic association studies, see appendix: How large are the typical
effect sizes of genetic variants on social health outcomes?). In fact, the effects are so
small that they can be difficult to detect without the large sample sizes provided by meta-
analyses. The effect sizes for typical environmental risk factors for illness (e.g. life
stressors and depression) are several times larger (Kendler, 2005). Hence, for health
outcomes where environmental influences have been demonstrated (e.g. cardiovascular
disease, type Il diabetes, chronic fatigue syndrome), the total genetic effect appears to be
divided amongst many genes, each of small effect (Goertzel et al., 2006; Gottesman &
Shields, 1967; Risch, 1990). Individuals with a high probability of suffering such health
outcomes will thus have many of these genes, while individuals with low risk are
presumed to have few of them. Geneticists refer to such health outcomes as having
complex genetic bases.

A major reason for the weak and nonspecific effects of the 5-HTTLPR is that
there are many intervening biological levels between a gene and psychological outcome.
At each of these levels -- ranging from the microscopic level of gene transcription to the
macroscopic level of emergent complexity in the brain -- there is extensive regulation
and influence from the environment that dilutes the influence of a gene upon a particular
health outcome. Hence, in order to understand the information provided by a genotype it
IS necessary to understand how genes effect processes at other levels in the biological
hierarchy and how environmental influences are overlaid upon these. The next section
introduces the basics of how genes affect biological function using the serotonin

transporter as an example.

Genes code for proteins: The central dogma
The genetic level can be viewed as a repository of instructions, much like a



library, that contains the directions for conducting the biological functions of an
organism. In this genetic library, the information is stored in the form of DNA , which
consists of a four letter alphabet, A,T,C, and G. (Technically, these four letters are called
either bases or nucleotides.) The complete sequence of these four letters is called the
human genome and is about 3 billion letters long. Much like the letters in words, the
sequence of these letters provides biological meaning. Hence, when the sequence is
different, the biological meaning is different (e.g. CAT is different from TAT).

A specific segment of DNA sequence is referred to as a gene and contains the
instructions for making a particular functional product (Snyder & Gerstein, 2003). (Also
see appendix: How are genes named and where are genes located?). It is these functional
products, particularly proteins, that are involved in regulating processes in the next level
of the biological hierarchy, the cellular level.

Many processes occur at the cellular level, but most relevant for this discussion is
the process of neurotransmission, whereby serotonin serves as a signal to communicate
between cells. Each of the principle steps in the process of neurotransmission is
performed by a protein. The enzymes that make and break down serotonin, the receptors
that bind serotonin, and the transporter that reuptakes serotonin into neural cells are all
proteins. Hence, the performance and quantity of these proteins determine the duration
and magnitude of serotonin’s actions. Similarly, it is at this level that drugs such as
Prozac or Ecstasy change the function of the serotonin transporter protein and thereby
alter serotonin signaling.

In differentiating between the genetic level and the cellular level, it is helpful to
think of the genes as containing the blueprints for a protein and the proteins as being the
actual product that rolls off the assembly line. How the genetic blueprints get translated
into a functional product is often referred to as the central dogma of biology and is
summarized in the statement by Francis Crick (co-discoverer of the structure of DNA),
"DNA makes RNA, RNA makes protein, and proteins make us" (Crick, 1958). In
addition to the brief description of the central dogma below, this process is depicted in
Figure 1A. More detailed information can be found in a genetic or biochemistry textbook
(e.g. Robinson, 2005).



Central Dogma: Mechanisms

To affect biological function, the library of information stored in the DNA
sequence must be disseminated to the cell. This dissemination process is referred to as
gene expression and is analogous to taking a book off the shelf of the DNA library and
reading it (Figure 1A). Hence, a protein is formed when a gene is expressed.

More formally, the initiation of gene expression is called transcription and
involves making a copy of the DNA sequence using RNA (ribonucleic acid). Because
this process is how DNA disseminates its instructions to the rest of the cell, the RNA is
referred to as messenger RNA (mRNA; Brenner, Jacob, & Meselson, 1961).

The initial transcript of RNA is merely a first draft of the message and undergoes
an editing process whereby certain portions of the RNA are deleted. The stretches of
RNA that are removed are called introns, while the stretches that remain in the final
message are called exons. (The corresponding portions of the DNA sequence from which
the mRNA is copied are also called introns or exons).

The process of converting the information contained in the mRNA to protein is
called translation because it translates the language of RNA, which consists of the letters
A,C,G, and U into the language of proteins, which are built from 20 different amino
acids. Thus, proteins consist of a sequence drawn from the 20 letter alphabet of amino
acids, rather than the 4 letter alphabet of DNA or RNA. Unlike transcription, where there
is a 1:1 relationship between DNA and RNA, there is a 3 to 1 relationship between RNA
and an amino acid. Thus, the 3 RNA bases spell a word, or codon, that specifies a
particular amino acid (See Figure 1D; Nirenberg & Matthaei, 1961). Like with DNA and
RNA (and words), the particular sequential order of these amino acids gives a protein its
identity and determines its function (but, see appendix: Does the same DNA sequence
always code for the same protein?). For example, changing just one of the 630 amino
acids in the serotonin transporter can change its function. Changing the amino acid (from
serine to leucine) at position number 372 can eliminate the activity of the transporter,
meaning it will no longer transport serotonin. (Forrest, Tavoulari, Zhang, Rudnick, &
Honig, 2007) Alternatively, changing the amino acid (from isoleucine to methionine) at
position number 172 can eliminate the ability of Prozac to exert its pharmacological
effect upon the serotonin transporter (Henry et al., 2006). Or, as discussed in greater



detail in Figure 1A and D as well as the section on how genetic variation relates to
biological function, changing the amino acid at position 425 from an isoleucine to a
valine increases the efficiency of serotonin transport (Kilic, Murphy, & Rudnick, 2003).
Hence, it is the action of proteins that is critical for regulating the processes at the cellular
level that are thought to constrain psychological processes.

Conceptual Background on Gene Expression

With this background on the respective roles of genes and proteins, the next step
that is necessary for understanding the information that a genotype can and cannot
provide is to understand the process of how a gene gets turned on (expressed). Hence,
the next section differentiates between genetic sequence and genetic expression. A
helpful example to keep in mind when thinking about this difference is that of the
caterpillar and butterfly. The DNA sequence does not change when a caterpillar becomes
a butterfly, but the radically different morphology (e.g. phenotype) is a result of
differences in gene expression. When the insect is a caterpillar there are a certain set of
genes that are expressed in order to make it a caterpillar. Then, when it is time to become
a butterfly, these genes get shut off and the genes that make it a butterfly are turned on.

More directly applicable to this discussion is the activation of the serotonin
transporter gene as a function of stress. One of the hormones released in response to a
stressor is cortisol, which binds to the glucocorticoid receptor. When cortisol is bound to
this receptor, the bound receptor moves into the nucleus where it can bind the DNA, and
can then actually increase expression of the serotonin transporter gene (Glatz, Mossner,
Heils, & Lesch, 2003). This regulation process occurs for all genes in a cell whereby
their expression is increased, decreased, turned on, or shut off in response to specifically
targeted signals (e.g. cortisol). Typically, changes in gene expression will lead to
corresponding changes in the amount of protein produced, which then affects processes at
the cellular level. Thus, if more serotonin transporter protein is made, the cell has the
capability to transport more serotonin.

Some of the signals influencing gene expression come from other genes, but
many of these signals are triggered by the different environments an individual

encounters. Thus, signals from the environment can initiate a cascade of events that



regulate the information disseminated from a gene by influencing it’s expression. (For a
discussion of long-term environmental influences upon gene expression, see appendix:
How do environmental signals trigger lasting changes in gene expression?). This is why
complex psychological processes are a function of both genes and environment, nature
and nurture.

The particular set of genes that are expressed in a cell are what give a cell its
unique character. Although the DNA sequence is the same in each cell taken from the
same person (immune system cells are an exception), cells in the eye, skin, liver, and
brain express different portions of the DNA sequence. It is these differentially expressed
genes that then enable each respective cell type to conduct its respective job. In similar
fashion, a particular cells’ ability to perform its job is determined by the current state of
gene expression in that cell.

Therefore, assessing the degree of activation or suppression of specific genes
provides a window into the functional capabilities of a cell. However, to measure gene
expression one needs to measure the amount of RNA or protein in the specific cell type
of interest. With present technology, gene expression in areas such as the brain can only
be measured post-mortem, which creates obvious research challenges. Alternatively,
measuring an individual’s genotype is much less invasive, because the DNA sequence is
present in each and every cell, including cells in the saliva or blood. However, the
information contained in the DNA sequence is limited. It is only an indicator of function,
not an actual measure of functional capability (this difference will be elaborated upon in

the section on genetic variation).

Gene Expression: Mechanisms

Although the primary focus of this article is upon the nature of the information
provided by a genotype, it is important to understand the different portions of a gene
involved in regulating gene expression because genetic variants (e.g. 5--HTTLPR) can be
located in these areas , (For further details on the mechanisms underlying gene
expression, please see appendix: What molecular mechanisms control gene expression?).

The switch for turning on a gene is called the promoter, which resides at the front
end of all genes. This front end, or upstream portion, of the gene is referred to as the 5’
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(pronounced “five prime”) end, a notation derived from the chemical nature of DNA, and
the back end of the gene is referred to as the 3’ end (Figure 1A). The actual act of
transcription is performed by the assembly of dozens of proteins at the gene’s
transcription start site. (Previously we had described the relationship between gene and
protein as a one-way street, but in actuality there is bidirectional communication between
the protein and genetic levels). The degree of activation of this switch can be modulated
by DNA sequences that are typically located in the vicinity of the promoter that can act to
enhance or repress the degree of expression. For example, binding to such enhancers and
silencers by the glucocorticoid receptor is one of the ways in which cortisol can modulate
gene expression (Dostert & Heinzel, 2004).

Terminology for describing Genetic Variation

Having completed a description of basic genetic processes we now turn to
variations upon this theme, by discussing variations in the DNA sequence and how they
can affect cellular function. As mentioned earlier, the entirety of genetic information
resides in each cell and is referred to as the human genome, which is 99.9% identical
amongst all humans (Kruglyak & Nickerson, 2001). The differences in this genetic
sequence, the remaining 0.1%, are thought to underlie much of the physiological
component of individual uniqueness. These changes can be referred to as variants,
mutations, or polymorphisms. Although there is some disagreement concerning this
terminology, the term “polymorphism” is generally used to refer to a mutation that is
present in greater than 1% of the population. In other words, if 20% of the population
were to have a particular sequence variation it would be called a polymorphism, while if
this variation were present in less than 1% of the population it would be called a
mutation. The term variant, or allelic variant, is generally used irrespective of frequency
(den Dunnen & Antonarakis, 2001). For a more detailed description of genetic variation
see Gibson and Muse (2004).

Polymorphisms are primarily found through the process of sequencing DNA,
which refers to identifying each and every base (e.g. letter). Once the complete sequence
and thus the precise location of a polymorphism is known, a different methodology can
be used to identify which base occupies a certain position. This is called genotyping,
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which gives information on the particular form of a polymorphism an individual has.
Thus, genotyping is only used to determine which alleles are present at a particular locus,
not discover new allelic variants.
Single Nucleotide Polymorphism

The most prevalent and perhaps the easiest type of polymorphism to understand is
the single nucleotide polymorphism (SNP; pronounced “snip”). As the name implies,
one single nucleotide, or base, is substituted for another. Using the analogy of each base
in the DNA sequence being represented by a letter, this corresponds to the difference
between “goal” and “goat.” Thus, “goal” and “goat” would be the two alleles at this
locus, or location within the genome. When an individual is homozygous at this locus,
her genotype would be “goal/goal” or “goat/goat.” Heterozygous individuals would have
the “goal/goat” genotype, meaning they have one version of each allele. Each SNP is
given a reference number (rs#) and is catalogued in the National Center for
Biotechnology information (NCBI) SNP database (dbSNP). SNPs occur about every 500
to 2000 bases, so each of us has about three million SNPs. (What we have been referring
to as letters are typically referred to as base pairs (abbreviated bp); the term “pair” is used
because DNA consists of two strands of letters and each letter has a corresponding
partner that it pairs with.)
Length Polymorphism

The 5-HTTLPR is a different type of polymorphism where the variation is not in a
single nucleotide, but rather in the length of the DNA sequence. To continue with the
language analogy, this would be akin to the difference between *“goal” and
“goooooooooal.” In the case of the 5-HTTLPR, the long allele has a sequence of 44
nucleotides that is not present in the short allele (Heils et al., 1996; Lesch et al., 1996).
This is referred to as an insertion/deletion polymorphism, because depending on whether
one is referring to the long or the short allele the 44 base pairs is either inserted or deleted
(Figure 1B). As an aside, the acronym 5-HTTLPR stands for Serotonin Transporter
Linked Polymorphic Region. The notation “5-HT” is an abbreviation for the chemical
name of serotonin, 5-hydroxytryptamine. The molecule was named “serotonin” before
the discovery of its chemical structure (Rapport, Green, & Page, 1948).
Variable Number Tandem Repeats Polymorphism
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Another variation on this theme is a variable number tandem repeats
polymorphism (VNTR). Again, using the language analogy, these would be analogous to
the difference between “gogogogogogoal” and “gogoal” where a specific sequence is
repeated a different number of times. Such a polymorphism also occurs within the
serotonin transporter gene (though at a different location, or locus, than the 5-HTTLPR,;
Figure 1C) where a 17 base pair sequence is repeated either 9,10, or 12 times (Lesch et
al., 1994), yielding 3 different alleles. Thus, unlike SNPs there can be more than two
VNTR alleles in the population (Though, any one person will have no more than two, one
on each chromosome. For recently discovered caveats, see appendix: Is there always two
copies of every gene?). This polymorphism is called STin2.10, for Serotonin Transporter
intron 2, 10 repeat allele and STin2.12 for the 12 repeat allele, etc. (Confusingly, the 5-
HTTLPR can also be referred to as a VNTR, because the short allele has 14 repeats of a

20-23 base sequence, while the long allele has 16 repeats of this same sequence).

How do genetic polymorphisms affect biological function?

With this background, it is now possible to put all of the pieces together in order
to understand how the position of a polymorphism within a gene can potentially alter its
functional effects.

Polymorphisms in the coding sequence

Polymorphisms that occur in the portions of the genetic sequence that code for
proteins are thought to have the greatest probability of affecting cellular function because
they can change the particular amino acid coded for, which will typically change the
structure of the protein (Figure 1D). These are called by several interchangeable terms:
replacement, non-synonymous, missense, or structural polymorphisms (For a discussion
of synonymous polymorphisms, see appendix: Can synonymous SNPs affect protein
function?). In referring to such polymorphisms, they are typically denoted by the amino
acid that is changed. For example, there is a rare variant in the portion of the serotonin
transporter gene that codes for the 425" amino acid in the serotonin transporter protein
(See Figure 1D; Glatt et al., 2001; Sutcliffe et al., 2005). The variant leads to a change

from isoleucine (lle), which is present in 99.8% of the population, to Valine (Val). Thus,
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it is referred to as lle425Val, with the major (e.g. more common) allele listed first and the
minor allele listed second (den Dunnen & Antonarakis, 2000). In this case, the change
increases the ability of the protein to reuptake serotonin (Kilic, Murphy, & Rudnick,
2003).

Typically, the functional effects of coding polymorphisms are assessed in a
biochemical assay that measures the functional activity of the protein produced by each
allele or genotype. In the case of the serotonin transporter, the amount of serotonin
transported by cells that carry the different alleles is measured in a test tube. In general,
the behavioral and psychological effects of replacement polymorphisms are the most
widely accepted because of their well-documented effects upon protein structure and thus

function.

Polymorphisms in genetic regulatory regions

Polymorphisms that occur in the regulatory areas of the gene are likely to affect
cellular function in a different way than polymorphisms in the coding region. Rather
than changing how the protein functions (e.g. how the job gets done), they are likely to
affect whether or not a gene gets turned on in response to a particular stimulus and to
what degree. Thus, regulatory polymorphisms influence how many proteins are
produced to do the job and when they report for duty. Regulatory polymorphisms are
most likely to be located in the promoter or first few introns, but occasionally regulatory
elements in the downstream 3’ region can engage in some back-seat driving.

As regulatory regions are responsible for determining when and how much
protein is made, variation in this region of the gene will affect the responsiveness of a
gene to cellular signals, including those that were triggered by environmental stimuli.
Such variation is likely to be particularly relevant for social health researchers interested
in individual differences in response to the same environment. For example, the
previously described effects of the glucocorticoid receptor upon serotonin transporter
gene expression depend on 5-HTTLPR allelic status. The short allele appears to be less
sensitive to the effects of glucocorticoid receptor binding. Thus, because of variation in
the promoter, the gene responds differently to the same signal and is one hypothesis of
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how the 5-HTTLPR moderates response to stressors (Glatz, Mossner, Heils, & Lesch,
2003)

The functional effect of a regulatory polymorphism is generally assessed by
determining how much mRNA or protein is produced. This can be assessed in post-
mortem samples of brain tissue, in cells (i.e. lymophocytes) isolated from individuals or
or in in vitro model systems, such as engineered cells.

Demonstrating functional effects of regulatory polymorphisms has been more
challenging to document than coding polymorphisms because the effects are of a smaller
magnitude (1-2 fold) and are highly dependent on the cellular context and environmental
signals that are present (Knight, 2005). Recent methodological developments have
created the opportunity to measure the expression of each allele (Yan, Yuan, Velculescu,
Vogelstein, & Kinzler, 2002; Yan & Zhou, 2004) and provide the most compelling
evidence that a regulatory variant indeed has functional effects. With respect to the 5-
HTTLPR, homozygotes for the short allele produce less serotonin transporter mMRNA and
protein in lymphocytes (S. L. Bradley, Dodelzon, Sandhu, & Philibert, 2005; Lesch et al.,
1996; Martin, Cleak, Willis-Owen, Flint, & Shifman, 2007). However, the results in
post-mortem neural tissue have been more equivocal (Lim, Papp, Pinsonneault, Sadee, &
Saffen, 2006; Mann et al., 2000; Parsey et al., 2006). Perhaps this is because only a main
effect of the 5-HTTLPR upon gene expression has been assessed. Yet, based on the
psychological data, one would expect to see allelic variation in gene expression only in
subjects who had experienced significant life stressors, which has not been assessed. The
lack of attention to the role of the environment reflects the biases of geneticists and is
indicative of the field’s need for health psychologists and their greater attention to
environmental influences.

Such functional assays are also used to determine whether the expression of a
particular allele is dominant over the other allele or whether both alleles are expressed,
which is referred to as codominance. Whether the short allele is dominant or both alleles
are codominant is an issue that has not been clearly resolved for the 5-HTTLPR.

In summary, polymorphisms in the regulatory regions (e.g. 5-HTTLPR) tend to
have effects upon gene expression. If a polymorphism increases gene expression, then
more protein will be produced and there will be a corresponding change in cellular
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function because there are more proteins to perform the task. In the case of the serotonin
transporter, greater expression would lead to more protein, which could then transport

more serotonin. In contrast, polymorphisms within coding regions (e.g. lle425Val) affect
cellular processes by changing how the protein functions. In other words, more serotonin

1*? allele not because the cell is

is transported by the protein coded for by the Va
producing more protein, as is the case with the 5-HTTLPR long allele, but because the

protein is more efficient at transporting serotonin (Kilic, Murphy, & Rudnick, 2003).

Nonfunctional Polymorphisms

Having just described the way that polymorphisms can affect cellular function, we
turn to the opposite case: when polymorphisms do not affect function. In fact, the vast
majority of polymorphisms fall into this category, presumably because there is no
evolutionary reason to get rid of them (Kimura, 1983). These polymorphisms tend to fall
in intronic and intergenic areas of the genome.

Researchers should be aware of such polymorphisms because they can be
spuriously associated with the behavioral or psychological outcome (e.g. phenotype) of
interest. This is because nonfunctional polymorphisms can “hitchhike” along with the
polymorphism that is actually causing the phenotype in a process called linkage
disequilibrium (discussed in the appendix). Therefore, additional experimental
approaches, such as animal models or functional assays akin to those described in the
previous section, are needed to ensure that the polymorphism associated with the
phenotype of interest actually has a functional effect at the cellular level. When effects at
the cellular level have been demonstrated, such variants are denoted as functional
polymorphisms. Because most psychologists are likely to only genotype subjects for a
few polymorphisms, it is prudent to make sure they are functional.

How do I genotype participants in my studies?

Technological developments have led to falling genotyping costs, creating the possibility
to incorporate genetic measures into studies not previously focusing on genetics. Such
studies require three steps: a) obtaining and extracting the DNA; b) genotyping; c)
analysis. It is now possible to extract large quantities of DNA from saliva samples that
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can be obtained using a kit that can be stored at room temperature for up to a year.
Extraction and genotyping can be done commercially, at core facilities of major
universities, or in a standard genetics lab. However, consistent with the interdisciplinary
perspective of this paper, such research is probably best done in collaboration with a
research team that includes a molecular geneticist and a statistical geneticist or
bioinformatics expert. A molecular geneticist will be well-versed in genotyping
procedures, which is a critical step in light of the fact that standard genotyping protocols
may Yyield erroneous results with markers that are difficult to genotype. For example, the
concentration of magnesium, which serves as a co-factor for the enzyme normally used to
prepare DNA for genotyping, can lead to an artifactually inflated presence of the 5-
HTTLPR short allele (Kaiser, Tremblay, Roots, & Brockmoller, 2002; Yonan, Palmer, &
Gilliam, 2006). The statistical geneticist can aid in study design and data analysis in
order to prevent repeating many of the mistakes of early association studies.

Methodological Considerations for Genetic Association Studies

The methodological approach most likely to be of utility in social health research
is the association study (Cardon & Bell, 2001; Cordell & Clayton, 2005; Hattersley &
McCarthy, 2005; Lander & Schork, 1994). In this hypothesis driven approach,
participants are genotyped for a particular polymorphism within a gene, called a
candidate gene, that is hypothesized to affect the phenotype of interest. Selection of the 5-
HTTLPR as a potential candidate gene is an example of this approach, whereby it was
reasoned that because the serotonin transporter protein is the primary target of many
antidepressants, variation in the gene coding for this protein may influence risk for
depression. If a case-control design is used, the differential frequency of alleles between
cases and controls is assessed to determine if the allele is more prevalent in the disease
group. If a continuous measure such as neuroticism is used, alleles are correlated with
the trait measure.

The association approach is different from the classical methodology used in
medical genetics called linkage analysis, which is to follow the occurrence of a disease
causing trait through a family pedigree. Although the methodology underlying linkage
has been well worked out (Collins, 1995), it is less suitable for complex traits where there
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are many genes with small effect as well as robust environmental influences (Altmuller,
Palmer, Fischer, Scherb, & Wijst, 2001; Risch & Merikangas, 1996).

The methodology for association studies, however, is still being optimized, as
evidenced by the disappointingly low replication rate of such investigations (loannidis,
2006). According to a review of 55 meta-analyses of genetic associations with a diverse
array of health outcomes that included psychiatric, cardiovascular, and cancer related
conditions, only 49% of the associations were significant and when heterogeneity and
publication bias were considered this number declined to 16% (loannidis, Trikalinos,
Ntzani, & Contopoulos-loannidis, 2003). In a different study across a similar array of
disease outcomes, only six of 166 already replicated associations were replicated in 75%
of the identified studies (Hirschhorn, Lohmueller, Byrne, & Hirschhorn, 2002). As these
authors (p. 60) eloquently concluded, “until complete meta-analyses can be performed
using data from multiple large studies, we will be left with a scenario in which the
majority of reported associations are in genetic purgatory, neither convincingly
confirmed or refuted, awaiting future judgment.” Based on such data, the most
competitive genetics journals require replicating an association in an additional sample
before accepting a manuscript (Nature Genetics, 2005).

Such data are sobering and there are many potential explanations for the poor
replicability of the results (e.g. genetic background, epistasis, imprinting, allelic
heterogeneity, genetic heterogeneity) that are beyond the scope of this review. Here we
discuss two methodological pitfalls (multiple comparisons and population stratification)
that have contributed to the replication problem and then discuss three potential

approaches that have been proposed for increasing the reliability of association studies.

Statistical Considerations

A major contributor to the poor replication rate is likely to be insufficient
correction for multiple comparisons (Colhoun, McKeigue, & Davey Smith, 2003).
According to simulation data of a standard candidate gene study, a p value with a
significance threshold of 0.05 produced a “publishable” false positive result greater than
95% of the time (Sullivan, 2007). As most investigators have invested significant blood,

sweat, and tears into acquiring their data, they naturally exhaustively analyze their data
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set, which typically includes multiple dependent and moderating variables (e.g.
neuroticism, depression, self-esteem inventories, etc). Such analyses should be tracked
and reported so that both reviewers and investigators can correct for such comparisons
accordingly.

The most conservative genetics journals require special justification for declaring
a P- value greater than 1 X 10”7 significant (Freimer & Sabatti, 2005). The stringency of
this threshold derives from correcting the association for all possible candidate genes in
the genome (~25,000) that could have been selected, which yields a prior probability of
1/25,000 of a phenotype-genotype association (Freimer & Sabatti, 2004).

At present, a consensus concerning appropriate methods for determining
significance in the face of the multiple comparisons issue has not been achieved, but
promising approaches include Bayesian methods (Wacholder, Chanock, Garcia-Closas,
El Ghormli, & Rothman, 2004), permutation testing (Hirschhorn & Daly, 2005), distance
matrices (Zapala & Schork, 2006), and use of the false discovery rate (discussed in
greater detail later) (Benjamini & Hochberg, 1995)).

Population Stratification

Population stratification is a form of confounding that occurs when a sample
contains two or more population subgroups that have different allele frequencies as well
as different distributions of a particular phenotype (Cardon & Palmer, 2003; Thomas &
Witte, 2002; Wacholder, Rothman, & Caporaso, 2002). As an illustration of this
confound, we draw from the classic example of Lander and Schork (Lander & Schork,
1994). If one were looking for genes associated with the quantitative trait of chopstick
dexterity in an ethnically diverse city such as Los Angeles, one is likely to find that 5-
HTTLPR short/short individuals are more facile with chopsticks. This is not because
being short/short improves dexterity, but rather because 70% of the East Asian
population is short/short, while only 20% of the European American population has this
genotype (Gelernter, Kranzler, Coccaro, Siever, & New, 1998). In this case, cultural
background is confounded with genotype. This population stratification problem is

particularly acute with polymorphisms in genes related to the immune system, as these
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vary substantially according to ancestral geographic origins (Hoffman, Hansson, Mezey,
& Palkovits, 1998).

At the very least, association analyses should be performed separately according
to ethnicity. However, even associations within ethnically homogeneous samples
(Campbell et al., 2005; Helgason, Yngvadottir, Hrafnkelsson, Gulcher, & Stefansson,
2005; Marchini, Cardon, Phillips, & Donnelly, 2004) have been confounded by
population structure. At present, it is unclear whether these are the exception or the rule
(Hutchison, Stallings, McGeary, & Bryan, 2004).

Nonetheless, with the reducing cost of genotyping it is prudent to employ one of
several methods that have been developed to control for confounding by population
stratification (Bacanu, Devlin, & Roeder, 2002; Devlin & Roeder, 1999). The most
common approach is to genotype subjects on a set of ancestry informative markers,
which are alleles that are only present in groups with particular geographic origins
(Pritchard & Rosenberg, 1999). When analyzing the data, this information can then be
used as a covariate or for separating outliers with respect to ancestral origin.

Intermediate Phenotypes

In addition to avoiding such methodological problems as population stratification
and multiple comparisons, reliability of association studies can potentially be improved
by using designs that are more sensitive to genetic effects.

One approach for increasing the reliability of association studies is to focus on
intermediate phenotypes, which are called endophenotypes when they are heritable
(Gottesman & Gould, 2003). This approach is based upon the idea of reducing the
complexity of the phenotype in order to increase the potential effect of a given gene. A
phenotype such as major depression can vary in etiology, severity, duration, specificity,
age of onset, familiality, and comorbidity. Hence, the broadness of this category may
dilute the effects of a particular gene on a specific facet of this heterogeneous
classification. In light of the role of stressful life events in precipitating depression, an
example of an intermediate phenotype would be response to social stress, for which there
is evidence of a main effect of the 5-HTTLPR (Jabbi et al., 2007).
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In addition, the use of biological measurements is a way of bridging the gap
between DNA sequence and health outcome. As there are fewer steps in the pathway
between gene and a biomarker than between gene and health outcome, it is reasoned that
genetic effects upon such markers will be more robust (Meyer-Lindenberg &
Weinberger, 2006). The use of such a biological intermediate phenotype has been
employed most successfully using functional imaging to show effects of the 5-HTTLPR
upon amygdala reactivity while viewing threatening and fearful faces (Hariri et al.,
2005).

Gene-environment interactions

As described in the opening example, assessing gene-environment interactions is
another potential way to increase the reliability of association studies. The theoretical
perspective underlying this approach is that a specific polymorphism may not influence
health outcomes in all situations, but only in particular environments (Moffitt, 2005).
The 5-HTTLPR is the prototypical example of this perspective, as there was no main
effect of the 5-HTTLPR upon depression risk in the same studies that reported a
significant interaction with stressful life events. Hence, a likely contributor to the low
replication rate of genetic association studies is the lack of control for environmental
variables. As health psychologists have specialized in measuring such environmental
variables, their expertise in determining which variables to measure could help improve
the low replication rate of genetic association studies. Additional recommendations for
designing studies of gene-environment interactions is nicely laid forth by Moffitt, Caspi,
and Rutter (2005).

Multi-method convergence

Ultimately, the most convincing evidence will come from a convergence of
findings acquired using multiple methodologies. The incorporation of genotyping into
traditional social health investigations provides an unprecedented opportunity for
integration across multiple biopsychosocial levels. This is because the identification of a
genetic association implicates a particular biochemical pathway. For example, the 5-
HTTLPR is presumed to affect mood via its effects upon serotonin signaling. Hence,
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serotoninergic neurotransmission can be experimentally manipulated (using
administration of a drug like Prozac) in order to provide corroborative evidence to data
that was obtained through a correlation with the 5-HTTLPR.

In addition, animal models can be used. There is a polymorphism that is
analogous to the 5-HTTLPR in rhesus monkeys (Lesch et al., 1997; Suomi, 2006), which
provides the opportunity to study the interaction of genes and social status or stress in an
environment that can be better controlled and manipulated than is possible in human
studies. Thus, genetics can serve as the common thread for integrating across behavioral,
biochemical, psychological, and social levels to provide a clearer understanding of health.

Accordingly, our perspective is that as long as there is careful selection and
measurement of phenotypes and environmental variables, supplementing health
psychology studies with genotype data is likely to be a fruitful approach for identifying
novel factors affecting health in both experimental psychological studies as well as
general population based samples. (For a discussion of future directions of genetics

studies, please see appendix).
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Figure Caption

Figure 1. Schematic representation of serotonin transporter gene organization,
polymorphisms, and expression. A). Top: Map of chromosome 17. The location of the
serotonin transporter gene is shown in expanded form below the chromosome map. The
horizontal line represents the strand of DNA with the serotonin transporter gene. The
upstream end of the gene (5’) is located on the left. Progressing to the right, the first
portion of the gene is the promoter. Within the promoter is the 5-HTT gene linked
polymorphic region (5-HTTLPR) depicted with a horizontal rectangle and shown in
greater detail in B. After the promoter, the position of the exons (expressed sequence) is
depicted along the DNA strand with vertical rectangles that separate the intervening
intronic sections. Each exon is numbered. STin2 VNTR is denoted with a horizontal
rectangle and is actually located in intron 3, as exon 1B (C. C. Bradley & Blakely, 1997)
had not yet been identified when STin2 was named. Star denotes location of the
Ile425Val Mutation in exon 9.

Expressed portions of the gene are indicated by arrows extending downward from
the DNA to the messenger RNA (mMRNA). The open rectangles depict sequence that is
transcribed into mRNA, but not translated into protein. UTR denotes untranslated region.
As in the DNA depiction, the darkened boxes within the mRNA depiction represent
sequence that is translated into the final protein. At bottom, is a three dimensional model
of the serotonin transporter protein (Adapted from (Ravna, Sylte, Kristiansen, & Dahl,
2006) permission pending Elsevier Science) that resides in the membrane of the cell and
performs the transport of serotonin.

B). Schematic of the principal 5-HTTLPR alleles (Adapted from Lesch et al.,
1996, permission pending from American Association for the Advancement of Science).
Each rectangle represents the repeating sequence with the 44 base pair insertion/deletion
denoted by a black box. Listed below is the nucleotide sequence, as originally reported
by Heils et al. (1996). Note: consensus has not been achieved concerning the specific
deleted sequence (Wendland, Martin, Kruse, Lesch, & Murphy, 2006).

C). Schematic of STin2 VNTR polymorphism, showing the most frequent alleles.
Rectangles represent the repeating sequence. Below, the 17 nucleotides in the first
repeat, according to (Kaiser et al., 2001).
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D). Depiction of isoleucine to valine non-synonymous mutation at amino acid
position 425 of the serotonin transporter protein. For both the minor and major alleles, a
portion of the DNA sequence is depicted on top (letters representing each base are
separated for presentation purposes, but actually are continuous). The middle layer
represents the segment of the mRNA sequence transcribed (depicted with downward
arrows) from the DNA sequence. At bottom, is the amino acid sequence coded for by the
MRNA (translation from mRNA to amino acid is depicted by the downward arrows). For
the minor allele, the substitution of a G for an A results in valine (depicted in gray) rather

than isoleucine.
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Appendix:
When are genetic effects deterministic?

The notion of genes having deterministic effects is largely a result of historical
residue from early medical genetics studies of rare, debilitating disorders such as
Huntington’s disease, Cystic Fibrosis, or Sickle-Cell anemia. These highly heritable
disorders are often sardonically referred to as One Gene One Disorder (O GOD) diseases,
because they are caused by alterations in a single gene that inevitably lead to the onset of
disease (Hardy & Gwinn-Hardy, 1998; Plomin, Owen, & McGuffin, 1994). Although
genetic effects in O GODs are deterministic, O GODs are extremely rare. Unfortunately,
the environment is largely irrelevant in such disorders. However, genetic effects in other
health outcomes are more subtle. For most health outcomes, however, genetic effects are

complex, meaning health outcomes are influenced by many genes each of small effect.

How large are the typical effect sizes associating genetic variants with social health
outcomes?

The effects sizes for associtions between a particular genetic variant and a health
outcome are generally small. For example,across meta-analyses associating the 5-
HTTLPR with alcohol dependence (Feinn, Nellissery, & Kranzler, 2005), suicide (Li &
He, 2007), bipolar disorder (Cho et al., 2005), and obsessive-compulsive disorder (Lin,
2007), the odds ratios range between 1.12 to 1.2. The odds ratio is often used as a
measure of effect size in such case-control association studies due to the non-continuous
nature of the variables. Technically speaking, the odds ratio reflects the probability that a
group possessing a certain gene variant (e.g. short allele) has increased or decreased risk
for a given health outcome, such as depression, than a control group. Thus, an odds ratio
of 2 means that group A has twice the risk of group B. For the odds ratio to be
significant, researchers look for the 95% lower (or upper) bound of the odds ratio to be
greater than (or less than) 1.0 as an indication of increased (or decreased) risk. By way of
comparison, the odds ratio between exposure to significant life stressors and risk for a
diagnosis of depression is around 12 (Kendler, 2005). Hence, genetic effects can be
difficult to detect unless the environment is carefully evaluated or the sample sizes are
extremely large.
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How are genes named?
As one can imagine, with around 24,000 currently identified genes a systematic

nomenclature is necessary to avoid confusion. Hence, a nomenclature committee formed
by the Human Genome Organization, an international scientific organization, approves a
specific name and abbreviation for every gene

(http://www.gene.ucl.ac.uk/nomenclature/). Typically, these names consist of a string of

Latin letters or Arabic numbers that is no more than six symbols in length. For example,
the serotonin transporter gene is referred to as SLC6A4 to indicate that within solute
carrier family 6 it is the fourth transporter (the A simply acts as a spacer between
numbers), which is the family of neurotransmitter transporters (Hediger et al., 2004).
Other members of this family include the dopamine transporter (SCL6A3) and the
norepinephrine transporter (SLC6A2). Because the gene and the protein often have the
same name, confusion is avoided by referring to the gene in italics and the protein for

which it codes in standard type.

Where are genes located?

The entire genome is partitioned across 46 chromosomes, which are simply long
stretches of DNA stored in the nucleus of each cell. Each gene resides at a particular
address on both pairs of a particular chromosome, either the 22 autosomes (non-sex
chromosomes) or the sex chromosomes (X and Y). This address is referred to with
differing levels of specificity, much like the difference between a zip code and a street
address. The more broad and commonly used address is derived from classical
cytogenetic methods where the chromosomes were stained with a particular dye that
produces a characteristic pattern of light and dark bands. Numbering of these bands
gives the general location, or zip code, of the gene. For example, the location of the
serotonin transporter gene (SLC6A4) is 17911.2. The 17 indicates that the gene is located
on chromosome 17, while the g indicates that it is located on the long arm. Each
chromosome has a short (denoted with a p) and a long (q) arm that are separated by the
centromere, which refers to a position near the center of the chromosome where the DNA

is compacted. The final number indicates distance from the centromere and the higher
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the number, the further from the centromere (and closer to the end of the chromosome)
the gene is.

With the information provided by the recently completed sequencing of the
human genome it is possible to specify a more precise location for each gene, the
genomic location. In this case, the serotonin transporter gene is located on chromosome
17 between bases 25,549,032 and 25,586,831 (Build, or version number, 35) where the
numbering of the base pairs begins at the tip of the short end of the chromosome. This
numbering changes slightly with each new revision of the reference sequence that is
stored in the NCBI database. For a guide to genetic information stored in the NCBI
database see Wolfsberg, Wetterstrand, Guyer, Collins, and Baxevanis (2003).

Does the same DNA sequence always code for the same protein?

While the dogma that amino acid sequence determines the structure and thus the
function of a protein usually holds, violations of the dogma are known to exist. For
example, some proteins, especially those secreted from the cell, bound to the cell surface
(e.g. the serotonin transporter), or ejected from the cell (e.g. antibodies in the immune
system), need to be translated in the presence of accessory proteins, such as “chaperones”
(proteins that surround or otherwise protect thermally less stable proteins from other
proteins while they are folding) and glycotransferases (that attach sugars to proteins at
key places in their sequence) in order to fold properly (Otsu & Sitia, 2007). Proteins can
assume different conformations, and possibly even functions, for the same sequence of
amino acids depending on the presence of these neighboring proteins. These variant

structures are most often either non-functioning or pathological.

Can synonymous SNPs affect protein function?

Although the bulk of research attention has focused on polymorphisms that
change the amino acid sequence or are located in regulatory regions, there are also SNPs
in the coding region of a gene that don’t affect the amino acid sequence, which are called
synonymous SNPs. With such SNPs the mRNA sequence is altered, but they still code
for the same amino acid (ie “UUA” and “CUA” both code for the amino acid Leucine).

Long thought to have no functional effect, such “silent” SNPs have recently been shown
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to effect the degree of protein expression by altering the physical structure of the mRNA
message or by affecting the speed of translation (Nackley et al., 2006; Trinh, Gurbaxani,
Morrison, & Seyfzadeh, 2004). Some silent mutations have recently been shown to
change protein structure and thus function (Kimchi-Sarfaty et al., 2007), which is

requiring a revision of conventional theories of protein synthesis.

How do environmental signals trigger lasting changes in gene expression?

The effects of glucocorticoids upon serotonin transporter gene expression
described in the text have effects lasting on the order of hours or days. A different
process is thought to underlie changes in gene expression that can last for years and
possibly even be passed on to future generations (Bird, 2007). These changes are often
called epigenetic (“epi” for “upon” or “after”) because they have enduring effects upon
genes without changing the genetic sequence. An example of such a change is the
permanent addition of a chemical (methyl) group to a particular DNA base (C when
adjacent to a G, called a CpG site), a process referred to as methylation The addition of
the methyl group acts like a block or plug to prevent gene expression.

Perhaps the most relevant example for social health research is the effect of early
maternal care upon adulthood stress responses in rats (Meaney & Szyf, 2005). The
quality of care influences the methylation status of the glucocorticoid receptor, which
leads to differences in expression of this receptor that persist into adulthood and are
thought to underlie the lasting alterations in stress responsivity. Similar epigenetic
effects are likely to be involved in the long-term effects of childhood stressors such as
low SES. Furthermore, the moderating influence of the 5-HTTLPR upon the effects of
SES may also be influenced by epigenetic changes as there is evidence that the different
5-HTTLPR alleles can be differentially methylated (Philibert et al., 2007). However, this
latter observation is based upon studies in lymphoblasts and whether or not it occurs in
neural tissue is unknown. This highlights one of the challenges in studying epigenetic
mechanisms, which, like measuring gene expression, requires sampling the actual cells
one is interested in studying. Hence, this is a methodology that is unlikely to become as
widely used by health psychologists as is genotyping.
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What molecular mechanisms control gene expression?

The actual process of how gene expression is initiated is only beginning to be
understood. For biophysical reasons the process is something of an enigma, because
DNA is highly negatively charged and hence tends to repel itself. Left to its own devices,
this charge repulsion would lead DNA to stretch out — each copy of the DNA inside each
human cell, if fully extended, would stretch to about 2 meters in length. Compacting all
of this material into the cell nucleus, which is one million times smaller, requires that
DNA be wrapped tightly around positively charged proteins called histones. A chemical
process called histone acetylation causes these proteins to release the DNA enough for it
to be read during transcription. Because of this, the timing of the production of proteins
that do histone acetylation and deacetylation is critical to proper gene expression
(Shahbazian & Grunstein, 2007). These are not simple on and off processes, but rather
are modulated in a subtle way by the exact pattern of letters in the histone genes
themselves (Pearson, 2006). At present, drugs that disrupt the process of histone
deacetylation have only been documented to affect cognitive processes in animal models
(Fischer, Sananbenesi, Wang, Dobbin, & Tsai, 2007), but it is likely that such an

intervention could modulate stress responses as well.

Are there always two copies of every gene?

In addition to the well-studied forms of genetic variation described in the main
text, there is another form of variation that was originally thought to be limited to a few
rare diseases (Lupski et al., 1991), but has recently been discovered (lafrate et al., 2004;
Sebat et al., 2004) to be surprisingly prevalent in normal individuals. This form of
variation is called copy number variation (CNV; copy number polymorphism when
present in >1% of the population) and refers to the deletion or duplication of a DNA
segment 1000 base pairs or larger. In other words, a copy of a particular gene can be
either missing or duplicated. The prevalence of CNVs is difficult to determine because
of current technological limitations, but recent evidence indicates that CNV occurs in at
least 12% of the genome (Redon et al., 2006) and there are likely to be several hundred
CNVs in each individual (Feuk, Carson, & Scherer, 2006). CNV has been associated
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with risk for HIV infection as well as disease progression (Gonzalez et al., 2005), but it
has not yet been associated with psychosocial variables or health risk behaviors. In light
of the robust effects of CNV documented at the cellular level (Stranger et al., 2007), this

is likely to be a promising area of future research.

What is linkage disequilibrium?

To understand linkage disequilibrium, imagine that a base (e.g. an A,G,T, or C) of
your genetic code becomes mutated (sorry to be the bearer of bad news, but you probably
have several). This mutation will be perfectly correlated with each and every other SNP
on this chromosome. As you pass this mutation on to succeeding generations, the
relationship between this mutation and the SNPs on this chromosome will change
because you do not pass on an exact replica of this chromosome to your child. In the
process of forming a sperm (or egg), there is a shuffling of DNA between the
chromosome pairs (one of which came from your mother and one of which came from
your father) that is referred to as recombination or crossing-over. Much like shuffling a
new deck of cards, the insertion of chromosomal material from the other paired
chromosome can separate the mutation from SNPs that were originally on the same
chromosome. With each successive generation there is another shuffle that is likely to
reduce the association between the mutation and the SNPs that were on the original
chromosome. The decrease in the relationship between the mutation and the other SNPs
is primarily a function of the number of base pairs separating them on the chromosome
(e.g. genetic distance). Thus, over a number of generations the relationship between this
mutation and a SNP located distally on the original chromosome will become random or
independent, meaning that they are in linkage equilibrium. To use the analogy of an
ordered deck of cards, if the mutation were the King of Hearts, the relationship with a
distantly located card (e.g. the three of hearts) is likely to become independent, whereas
the Queen of Hearts would be the least likely to be separated by a shuffle and would
remain in linkage disequilibrium with the King of Hearts. Statistically, the measure of
linkage disequilibrium is D or r* (Devlin & Risch, 1995). For a more thorough
discussion of LD see Palmer and Cardon (2005).
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Where is the field of genetics headed?

Recent technological developments have created the opportunity for a different
approach to conducting genetic association studies. Rather than genotyping a few
markers in a few genes, it is now possible to genotype an individual for 500,000 markers
simultaneously using SNP Chips (Hirschhorn & Daly 2005). In this approach, probes for
each SNP are etched onto a glass slide using technology very similar to that used in
etching computer chips. Fifteen years ago, it would have taken a researcher decades to
genotype 500,000 markers and now it can be done in an afternoon. Although it is not yet
technologically possible to sample every SNP in the genome, 500,000 SNPs is sufficient
to sample nearly every haplotype. (A haplotype refers to a cluster of adjacent SNPs on a
single chromosome). Because of the high correlation (linkage disequilibrium) amongst
all SNPs in a particular haplotype block, only one SNP is needed to delineate a particular
genetic neighborhood from other areas in the genome. Thus, each haplotype can be
represented by a single SNP, which is called a tagging SNP. These tagging SNPs were
identified as part of the international haplotype mapping project (www.HapMap.org)
which has identified the haplotype blocks throughout the genome for four different
ancestral groups (International HapMap Consortium, 2005).

The use of SNP chips is part of the currently unfolding transformation of
biomedical research. At each level of the central dogma (DNA, RNA, and protein), it is
possible to use such high throughput technologies to generate data on hundreds of
thousands of markers relatively quickly and economically. Referred to as genomics,
proteomics, epigenomics or a host of other “-omics,” this approach is not only changing
the technology used to do research, but also the theoretical approach as well.

With the ability to screen so many genes and proteins at once, medical research
no longer has to be hypothesis driven, but can be data driven instead. Rather than testing
a particular hypothesis, one can instead collect volumes of “-omics” data and “listen” to it
in order to ascertain what the data itself is saying about the disease — an approach known
as data mining in other contexts. One no longer has to have an hypothesis as to where to
look to find the needle in the haystack, rather you can assay the entire haystack in an
afternoon and try to pick apart the output with computers. These haystack sifting
computer algorithms form another emerging discipline called “bioinformatics”. As one
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can imagine, identifying and analyzing the data associated with 500,000 SNPs requires
new analytic approaches in order to trust the numbers.

One such approach is to use the False Discovery Rate (Benjamini & Hochberg,
1995). Simply put, this is the proportion of alternate hypotheses the researcher is
accepting which should in fact be rejected. It is especially useful in genomics studies
when hundreds of thousands or even millions of independent variables are involved, and
criteria such as the Bonferroni correction which minimize the number of Type 1 errors
wind up being too strict. FDR effectively loosens up the Type 1 error rate in multiple
hypothesis testing situations where one is generating many alternate hypotheses, and the
cost of pursuing a false hypothesis is not large. Thus FDR is typically used in large
genomics studies, dealing with thousands of genes, that are in reality “fishing
expeditions” and the important thing is to identify a lot of candidate genes that can later
be “cleaned up” by more accurate methods on much smaller subsets of the data. As such,
it is not uncommon for genomics researchers to analyze their data with an FDR set to 30
to 50%, yielding hundreds of candidate genes that are later reduced by 50% or more.
Were a Bonferroni correction used, it is likely that no candidate genes would be
identified.

Preliminary indications from several recent studies have generated optimism that
the whole genome association approach will reliably identify polymorphisms influencing
disease. In the last year, new causal variants or markers in linkage disequilibrium with
them have been identified for myocardial infarction (Helgadottir et al., 2007; McPherson
et al., 2007), Type Il diabetes (Zeggini et al., 2007), inflammatory bowel disease (Duerr
et al., 2006), and adult onset macular degeneration (Dewan et al., 2006; Yang et al.,
2006). In addition to the technological and theoretical shifts underlying such studies,
they also represent a shift towards large consortiums (e.g. Genetic Association
Information Network, GAIN (Insel & Lehner, 2007), or the Genes and Environment
Initiative (Schwartz & Collins, 2007)) in order to enroll sufficient subjects necessary for
identifying the weak effects of any one particular variant. Whether or not this Wal-
Martification of science will generate more than just optimism remains an open question.

Based on recent experience using high throughput technologies for the

measurement of gene expression (Microarrays), there is reason to temper such optimism.
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Many of the initial, high profile findings produced by such microarrays could not be
replicated (Draghici, Khatri, Eklund, & Szallasi, 2006). The noisiness of the data
resulting from such technology as well as the sheer number of comparisons may
contribute to this irreproducibility. The seductive appeal of high classification accuracies
and visually striking data clustering can actually be artifacts of overfitting: when one has
a large number of independent variables to work with (100,000’s or more, as discussed
above) on small sample sizes (typically less than a few hundred individuals), overfitting
can be accomplished quite easily, often without the investigator being aware of it. In
many ways, the technology is outpacing the ability to reliably analyze it and new
analytical approaches are needed.

This is not to say that “omics” and bioinformatics results should never be trusted,
but only that they should be evaluated carefully and with a wary eye, and this can be done
even without being statistically or computationally savvy. One should look for results
not that simply have a good p-value when evaluated one dimension at a time or that seem
to cluster the data with high accuracy, but results that are reproducible and stand up to

cross validation, bootstrapping, or Monte Carlo analysis.
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