It Takes Two to Tango: Genotyping
and Phenotyping in Genome-Wide
Association Studies

Ohad Nachtomy
Department of Philosophy
Bar-Ilan University
Ramat-Gan, Israel
&
Department of Philosophy
Princeton University
Princeton, NJ, USA
ohadnachtomy@mac.com

Yaron Ramati
Department of Humanities and Arts
Technion–Israel Institute of Technology
Haifa, Israel
huramati@technion.ac.il

Ayelet Shavit
Tel-Hai Academic College
Upper Galilee, Israel

Zohar Yakhini
Department of Computer Science
Technion–Israel Institute of Technology
Haifa, Israel

294

Abstract
In this article we examine the “phenotype” concept in light
of recent technological advances in Genome-Wide Association Studies (GWAS). By observing the technology and its
presuppositions, we put forward the thesis that at least in
this case genotype and phenotype are effectively coidentified one by means of the other. We suggest that the coidentification of genotype–phenotype couples in expression-based
GWAS also indicates a conceptual dependence, which we call
“co-definition.” We note that viewing these terms as codefined
runs against possible expectations, viz., that genotypes and
phenotypes could ultimately be expressed independently from
one another. In addition, the co-definition of genotypes and
phenotypes in this context emphasizes the correlative (rather
than mechanistic) character of both genotypes and phenotypes
in GWAS.
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In a recent article (Nachtomy et al. 2007), we have shown
that the increasing power of current microarray measurement
technologies results in an extension of the concept of the phenotype. We stress that this is not a revolution, but a significant
extension of the molecular dimension of the concept of the
phenotype. In particular, the extended concept is more comprehensively quantitative and grounded in complex molecular
properties. Thus, for example, in Genome-Wide Association
Studies (GWAS), the abundance of an RNA transcript is regarded as a phenotypic trait.
In the present study we look more closely at the way in
which such phenotypes are related to genotypes in GWAS
and observe some conceptual consequences of this relation.
In closely examining the way in which the practitioners use
and advance the technology of phenotyping and genotyping,
we conclude that some of the most advanced technologies
in current molecular biology refer us back to the formative
conceptualizations of genotype and phenotype relations early
in the 20th century.
Historically, the existence of regulatory DNA sequences
such as transcription factor binding sites that affect RNA expression was realized almost in parallel to the appearance
of the idea of the molecular gene (Keller 2002). The lac
operon model, explored in the 1960s by Jacques Monod and
François Jacob (Jacob and Monod 1961), suggested a mechanistic model by which outside stimuli controlled the abundance
of the mRNA transcript for a specific protein. A DNA region
next to the coding site for β-galactosidase was found to be
one part of a regulatory mechanism for the transcription of
the enzyme’s mRNA, dependent on the presence of glucose or
lactose in the immediate vicinity of E. coli. Rather than looking for regulatory proteins’ binding sites on the DNA of the
form suggested in the operon model, expression-based GWAS
look for differentially regulated phenotypes. Instead of looking
for mechanisms of operation, expression-based GWAS search
for loci in the DNA that are functionally significant for RNA
abundance, significantly challenging the dominant mechanistic conceptualization of molecular genetics.
For T. H. Morgan, the hereditary factor was not the
bearer of traits, as suggested before him by William Bateson, but rather a factor that produces changes in the observed
phenotype.1 Morgan suggested viewing the gene not as determining the eye color of Drosophila, but rather viewing the
different alleles as affecting the color of the eye. Morgan’s
conception of what was later termed the functional gene was
revoked only by the discovery of DNA and the rise of molecular genetics (Weber 2005).
The classical molecular approach suggested a molecular
structure for the gene, a mechanism of RNA transcription and
protein translation, as well as regulation of RNA transcription.
In Waters’ (2000) words, the initial identification of the molecular gene was but “the image in the DNA” of the molecule
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(RNA or polypeptide), whose biological activity is of interest to the experimenter, essentially combining the competing
structural and functional conceptualizations of the gene that
were prevalent before 1953. Notwithstanding, the “consensus
gene” concept in contemporary genetics, though defined and
characterized by reference to functional sequence elements,
is “identified strictly from physical readouts of the DNA sequences” (Fogle 2001: 3–25).2 As Lewontin (1992: 143) points
out in reference to developments in molecular genetics, “the
developments of techniques of observing the phenotype have
been revolutionary for genetic analysis, precisely because they
solve the problem of inferring genotype from phenotype by
eliminating development. All genotypes, irrespective of their
influence on development, can be unambiguously discriminated at the molecular level” of the phenotype. The identification of gene structures in the DNA is thus effectively made
independent of any phenotypic effect. The expression-based
GWAS method of investigation provides a clear example of
an alternative process of identifying DNA sequence hereditary units in the molecular era that goes beyond the classical
concept of the molecular gene. Unlike the RNA-coding areas
on the DNA that are structurally identified through common
features, the identification of the regulatory locus in GWAS
studies is purely functional and makes no commitment to a
structure: Like Morgan’s functional gene, the genotype differentially regulating RNA transcript abundance is recognized
through its effects on the phenotype independently of its base
sequence.
We here demonstrate how the treatment of expression
profiles as phenotypes actually makes reference to genotypes,
and how these genotypes make reference to their presumed
phenotypes. The link between genotype and phenotype within
this method of investigation can be stated thus: In expressionbased GWAS, genotype and phenotype co-identify each other.3
While this finding is similar to Waters’ (2000) “image in
the DNA” of the classical molecular gene, the coidentification
of the genotype–phenotype couple (G/P couple) we describe
here goes a step forward in suggesting that not only the genotype is identified through the phenotype but the phenotype is
also simultaneously identified. Whereas Waters’ classical gene
has its phenotype given as the amino acid or nucleic acid linear
sequence of the “molecule of interest,” independent of any reference to the genotype, we here point to two conceptual diversions: (1) significant molecular phenotypes are quantitatively
characterized; (2) the molecular phenotype is coidentified with
the genotype. This, we believe, is a significant observation on
the concept of the phenotype. Within expression-based GWAS,
not only does the genotype hold a conceptual relation to the
phenotype but the phenotype also holds a reciprocal conceptual relation to the genotype. In effect, the coidentification of
the genotype and phenotype implies their co-definition by each
other.
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The scientific methodology we observe in GWAS is not
marginal but constitutes one of the most rapidly advancing
and central fronts of molecular biology. More than 100 GWAS
were conducted in recent years on human cohorts, identifying
hundreds of polymorphisms (Goldstein 2009), bringing about
“one of the most prolific periods of discovery in human genetics” (Hirschhorn 2009: 1699–1701). The mutual dependency
of genotype and phenotype observed in the context of this
scientific methodology demonstrates that a leading method of
investigation in contemporary molecular genetics regards the
genotype as being codefined together with its corresponding
phenotype.
A clarification of the scope of our claim is in order. We do
not make a general claim for the mutual dependence between
genotype and phenotype. Instead, we limit the scope of this
study to the current practice of expression-based GWAS. Our
methodology consists of studying the way these two concepts
(genotype and phenotype) are exemplified and employed in
expression-based GWAS. We find the possibility of extending
this thesis to other branches of biology and medicine intriguing, but we do not pursue it here. We do think, however, that if
genotype and phenotype are indeed mutually dependent in this
central case of contemporary genetics, this indicates a shift in
the conceptual perception of some scientists, and we believe
that this possibility should be examined in other contexts as
well.
In the first section, we present the scientific approach of
expression-based GWAS and of the technologies it employs.
We then present the conceptual underpinning of this scientific
approach, viz., the coidentification of genotypes and phenotypes. In the final section, we discuss some implications of
these observations.
Expression-Based Genome-Wide Association Studies
The abundance of an RNA transcript is a quantitative trait,
which like any other biological trait, can be treated as a phenotype (Morley et al. 2004; Nachtomy et al. 2007). A revolutionary technology of gene expression profiling, introduced
to biology in the last decade, enables researchers to measure
RNA transcript abundance in different cell populations, including single cell organisms, tissue samples, and cell lines.
Using this technology it is now possible to assess the abundance of many transcripts, indeed, of the entire known range
of RNA molecules (the transcriptome), simultaneously in the
same sample, allowing gene expression abundance to be studied on a large and unbiased set of traits, in what is currently
known as transcriptomics.
The strong tendency of nucleic acids of complementary
sequence to react with each other, allows for the usage of
populations of small RNA molecules, each of which is complementary to part of one or more of the genes in the genome.
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These probe molecules can be spotted as an array onto a slide
and are now provided with a fluorescent tag that lights up
when an RNA molecule hybridizes. The RNA is extracted
from each individual or strain in the test population, and the
abundance of each transcript is typically measured by hybridization to microarrays. This nucleotide array technology
allows determining the transcription abundance of all known
RNA transcripts.
Reducing heterogeneity and possible environmental effects is called for, in order to foreground the hereditary nature
of RNA transcript abundance. Narrowing heterogeneity in the
tested population, be it cell type, tissue, or single cell organism,
allows the screening off of possible differences in transcript
abundance among different cell types. Such narrowing of heterogeneity is enhanced by screening off other sources of variance, such as age, sex, and specific physiological conditions of
the individuals (e.g., Emilsson et al. 2008). By using more than
one sample from the same individual in the tested population,
environmental and other transitory effects are also screened
off. Any RNA transcript, whose abundance shows higher variance among different samples from the same individual than
its variance among individuals, is eliminated from further analysis (e.g., Morley et al. 2004), leaving those RNA transcripts
whose abundance is relatively constant in the individual.
Microarrays were first applied to the study of genetically
based variation of transcript abundance showing differences
in levels of gene expression among different strains of yeast
(Brem et al. 2002) and mice (Sandberg et al. 2000). Demonstrating that such differences segregate in crosses (the median
proportion of the observed genetic variation in a cross between
haploid segregates of different strains of Saccharomyces cerevisiae was estimated to be 84%; Brem et al. 2002), these studies supported the assertion that at least some of the differences
found in gene expression levels have a genetic background.
Subsequent studies documented abundant heritable variation
in transcript abundance in more than a dozen species, including Drosophila, killifish, maize, rats (reviewed by Rockman
and Kruglyak 2006), and humans (Morley et al. 2004). A large
cohort study of Icelandic population blood and adipose (fat)
tissue samples (Emilsson et al. 2008) showed significant inheritance for RNA transcript abundance. In the blood tissue, 8,047
out of 23,720 expression traits have shown statistically significant pattern of heredity, while in adipose tissue 11,251 out
of 23,720 expression traits have shown statistically significant
pattern of heredity, with an average of 30% of the observed
variation explained by inheritance, supporting findings from
earlier studies (e.g., Dixon et al. 2007; Göring et al. 2007).
Significant and consistent differences in transcript abundance
were detected between different strains of Drosophila (Osada
et al. 2006), and between different human ethnic groups
(Spielman et al. 2007). The key finding of all these studies
is that thousands of transcript-level traits show a consistent
Biological Theory 4(3) 2009
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pattern of inheritance, suggesting significant genetic influence
over variation in transcript abundance.
Identification of the specific genotypic determinants responsible for the variation in transcript abundance can be
performed using genome-wide association. GWAS represent
a relatively new approach commonly used to identify genetic variation that influences phenotypic traits across the
entire human genome (e.g., blood pressure or weight; see,
e.g., Emilsson et al. 2008), or the presence or absence of a
disease or condition (Office of Population Genomics 2009).
As a direct outcome of the Human Genome Project, GWAS
involve scanning genetic markers—either single-nucleotide
polymorphism (SNPs), gene copy number variance (CNVs),
or microsatellites—across the complete sets of DNA, or
genomes, to find DNA variations associated with a particular
phenotype. Single-nucleotide polymorphism (SNP) is a DNA
sequence variation occurring in a single nucleotide—A, T, C,
or G in the genome of different members of the same species.
As of 2009, more than a million SNPs have been identified in
the human genome. It is estimated that since SNPs occur every
100 to 300 bases along the ∼4-billion-base human genome, a
total of 4 million SNPs exist in the entire human genome, almost all have only two variants in the population (Roeder and
Luca 2009). Each GWA study measures thousands of SNPs at
the same time in order to find those locations that are statistically associated with an increased risk of developing a certain
disease, or any other phenotypic trait. Recently, expressionbased GWA studies of the transcriptome have started to look
at other types of variations in the human genome, mainly variation in a gene’s copy number (e.g., Stranger et al. 2007).
Although these studies consist of some unique features, they
are not manifestly different from those addressing single nucleotide polymorphism.
In the context of transcriptomics, GWAS methods are
used to identify genetic determinants implicated in modifying
RNA transcript abundance (i.e., expression-quantitative trait
loci or eQTLs; Schadt et al. 2003). Treated as a quantitative
phenotype, transcript abundance of each of thousands of RNA
molecules in the studied pool goes through a series of statistical tests in order to identify possible association to DNA
polymorphism, detected in the studied population using SNP
genetic libraries. These tests aim to identify possible eQTLs
by revealing statistically significant correlation in the study
population between the measured abundance of specific RNA
transcripts tested and genetic polymorph markers. Association between a certain genomic locus and the abundance of a
certain RNA transcript is established if it is shown that such
correlation is found.
Indeed, published results of these association analysis
studies demonstrate strong correlation between variations in
transcript abundance and variation in DNA sequences (see
Rockman and Kruglyak 2006 for review). In humans, these
Biological Theory 4(3) 2009

studies have shown that polymorphism in the DNA at the
vicinity of the expressed genes (named cis regions) has a strong
effect on the variation in the RNA abundance. For example,
Emilsson and his colleagues (2008) showed that 2,529 and
1,307 (FDR = 0.05) out of 20,877 expression traits show at
least one eQTL site in their vicinity in blood and adipose
tissue, respectively. Similar findings were reported for maize
(Schadt et al. 2003), rats (Hubner et al. 2005), yeast (Brem
et al. 2002), and humans (Morley et al. 2004). These results
suggest that variation in gene expression is due in large part
to polymorphisms in the vicinity of the DNA coding region
of genes. These studies indicate that genetically determined
phenotypic diversity results not only from variation in DNA
coding regions that affects the function of the coded proteins
and functional RNA but also from regulatory variation that
affects the abundance of the RNA transcript.
Recent studies suggest that macroscopic phenotypes are
correlated to quantitative differences in RNA transcript abundance: changes in the expression levels of certain RNA
transcripts were shown to be correlated with cancer (e.g.,
Hedenfalk et al. 2003), obesity (e.g., Emilsson et al. 2008),
and other macroscopic phenotypic attributes. Moreover, genetic variation at the DNA-sequence level of individual members in a single species was shown to be directly implicated
in observed variation in RNA transcript abundance. Taken together, these findings demonstrate more strongly than before
the widespread prevalence of cases in which genetic variation
affects the observed traits, not only through the sequence of
the proteins, but also through its effect on the abundance of
the different RNA transcripts.
We suggest that the conceptualization of the phenotype
and genotype occurring in these correlation studies is of wider
interest to the discussion on conceptualization in genetics.
Through the case of expression-based GWAS, we argue for the
coidentification of genotypes and phenotypes in contemporary
molecular genetics.
Identifying and Differentiating Genotype
and Phenotype in GWAS
An interesting conceptual consequence of the scientific
method employed in GWA study of the transcriptome relates
to the identification of genotypes and phenotypes and to the individuation of the latter. In the practical context of expressionbased GWAS, phenotypes and genotypes are coidentified:
A phenotype is identified as a correlate to polymorphic
changes in the DNA; and a polymorphism in the DNA will be
identified as a genotype in the functional sense only if it cooccurs with quantitative phenotypic differences. Furthermore,
the coidentified genotype further differentiates the quantitative phenotype: The (typically) two genotypic polymorphs
differentiate the coidentified phenotype into high and low
297

It Takes Two to Tango

Figure 1.
An illustration of a superposition of results from 20 individuals of measured
RNA abundance for one type of RNA strand (x-axis), and one SNP site (flag).
A: Polymorph type I; a: polymorph type II; H: heterozygote. Case I illustrates
lack of correlation between RNA abundance and the SNP. Case II illustrates
possible correlation between DNA polymorphism type II and increase in RNA
abundance. Expression-based GWAS test for statistical significant couplings
in the form illustrated in case II within any pair of measured RNA abundance
and SNP. Any significant correlation between RNA abundance and a DNA
SNP site establishes a G/P couple.

subclasses, which become meaningful in the context of the
GWA study. We will argue for these two observations in turn.
We would like to emphasize that the initial identification
of the phenotypes is built into the technology of transcript
abundance association studies. The microarray containing the
different small RNA molecules probes the transcriptome,
chemically testing it for the presence of the distinct RNA
transcripts, so that each and every feature of the array selectively binds to a specific RNA transcript based on their nucleic
base sequence. The output of this technology is a set of thousands of phenotypes; each feature of the microarray identifies
a phenotype—an RNA transcript.
In this way, microarray technology does more than simply
identify the presence of RNA molecules; for each of the probed
molecules, this technology provides a continuous or semicontinuous range of quantitative values. This quantification
of the RNA abundance constitutes a further division of the
phenotype into a range of values, similar to the quantification
of macro-phenotypic traits such as body height or weight. It
is the quantitative variation in each of the phenotypes (rather
than its presence/absence) that is the main goal of investigation
for expression-based GWAS as discussed here.
A variety of technologies perform genome-wide determination of polymorphism. Most often, each testing kit provides
probing of DNA polymorphism at tens of thousands of different loci. A typical GWAS study will use more than one
commercially available testing kit, thus increasing the number
of the tested SNP loci to hundreds of thousands. The output of
the testing of the cell sampling in this method is the unique genomic blueprint of the individual, including the specific DNA
polymorphs his genome contains and/or the copy number of
different genes (Figure 1).
Once these two biological databases are collected for each
individual in the tested cohort, statistical tests are put to use.
These tests are designed to identify, for each of the quantified
phenotypes, whether any of the identified polymorphs in the
genome correlates with the observed quantities of the specific
298

phenotype. The tested cohort is partitioned into two according to the genotype possessed by each sample. If the subset
polymorph I is shown to be of statistically significant lower
transcript abundance than the subset polymorph II, then variation at this locus is taken to correlate with abundance levels
of the specific RNA transcript.
Identification of a correlation of genomic polymorphism
and RNA abundance levels at the statistical level is paralleled with coidentification at the conceptual level. The genomic polymorphism is considered to have an impact on the
phenotype—thus becoming a functionally meaningful genotype. The phenotypic difference is shown to be affected by
changes in the genome, thus becoming a genetically determined phenotype. In other words, it can be said that in the
context of expression-based GWAS studies, correlation of the
genotype and the phenotype is used to coidentify each other.
A second observation relates to the differentiation of the
phenotypes into phenotypic classes. Once correlation of genomic polymorphism and RNA abundance levels is established, two distinct phenotypic classes are identified: Genotype I (formerly known as polymorph I) is identified with low
RNA transcript levels; while Genotype II (polymorph II) is
identified with high RNA transcript levels. The phenotype of
RNA transcript abundance is, therefore, further split into two
phenotypic classes of high and low, and a threshold value between high transcript abundance and low transcript abundance
is identified.
In order to dispel possible confusion over the status of this
observation, two cautionary statements are in place. The first
relates to the “internal” validity of this finding: The split of the
transcript level into high and low phenotype classes is a statistical observation on the tested population, the study’s cohort.
Any single individual in the tested population can be both part
of the low phenotypic class and of genotype II (coidentified
with the high phenotypic class), and vice versa. “Statistical
observation” here only indicates that such occurrences are of
significantly low probability in the sampled population.
The second caveat regards the external validity of such a
finding on the general population: although the identification
of threshold value between high and low transcript levels is
of explanatory power for the sampled population, this is not
necessarily so in any other population. Populations with different environmental conditions or genetic backgrounds can
have different threshold values, or have this genotype masked
by other influences.
These qualifications leave the main point intact: The statistically demonstrated correlation of DNA polymorphism and
changes in abundance levels of an RNA transcript coidentifies
the DNA polymorphs as genotypes, and the RNA transcript
abundance as phenotypes. The coidentification of a G/P couple serves to establish the biological functionality of the specific DNA loci and the hereditary significance of the changes
Biological Theory 4(3) 2009
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in abundance level of the RNA transcript in the examined
organism. The identification of hereditary traits in expressionbased GWAS is not performed through identification of heredity patterns, but in direct correlation with variability in the
genome itself. The completion of the Human Genome Project
has made the identification of G/P couples using expressionbased GWAS possible. This is a powerful tool for detecting
genotype candidates that underlie differences between populations. Such couples may be related to differences in susceptibility to disease, effectiveness of treatment, or ethnically based
differences.
Discussion
We have shown that, in current practice, geneticists use methods of statistical correlation between RNA abundance and
DNA polymorphisms in order to identify genotypic and phenotypic differences. We now want to bring to the fore some
interesting conceptual implications of this coidentification by
statistical correlations, thus explicating some of the conceptual
presuppositions of this technique. In particular, we shall call
attention to two striking points:
(1) The expression-based GWAS analysis brings to the
fore the coidentification of the genotype and the phenotype, suggesting a strong dependence between the
two. We believe that this dependence is not a mere
byproduct of the technique, but rather an indication
of a conceptual dependence in the sense that the one
is recognized as required for the individuation of the
other.
(2) The coidentification of the genotype and the phenotype in this context emphasizes the strongly quantitative (and nonmechanistic) character of these terms
in current molecular genetics—one which is based on
correlations, and thus makes reference to a large population for its individuation and definition. In this sense,
the current phenotype refers to its Johanssenian origins
as a type of a population (Falk 2007), the difference
being that in our molecular era the phenotypes are not
macroscopic traits but microscopic features of specific
tissues.
The identification of genome types in molecular genetics
occurs in part through identification of phenome types rather
than just by the DNA molecular sequence. Close examination
of the techniques employed in the realm of expression-based
GWAS suggests a substantial reliance on phenotyping in the
way of identifying genotypes, and distinguishes the latter from
mere polymorphism in the DNA. For molecular genetics, not
every DNA variation underlies a different type. The identification of genome types is intimately tied to the identification
Biological Theory 4(3) 2009

of the entailed functionality (i.e., the identification of the phenome types). A DNA variation that does not produce a change
in the phenome, at least in some circumstances, is not considered a functionally meaningful genetic variation.
While the identification of genome types requires the
phenotype, the converse does not always hold. Any trait of
an individual organism can in principle be identified as a
phenotype, regardless of any underlying hereditary factor.
Recall Lewontin’s definition: “The phenotype of an organism
is the class to which that organism belongs as determined by
the description of the physical and behavioral characteristics
of the organism, for example its size and shape, its metabolic
activities and its pattern of movement” (Lewontin 2004). In
light of the infinity of phenotypes this suggests, it is clear that
there are phenotypes that are more biologically significant
than others. Following Lewontin, we suppose here that some
divisions of the realm of the individual organism’s observed
traits or phenome (Lewontin 2004) are more significant than
others, and therefore, there are phenotypes that are more
significant than others. This significance of the phenotype is a
result not only of its own nature but also of the way we discern
and measure it. It is the technology of choice that sets the
nature of what is actually measured, which in turn plays a cardinal role in determining the nature of those phenotypes that
will be deemed biologically significant. In the case at hand, the
technology used measures the abundance of each and every
RNA transcript in an individual tissue sample, treating it as
a quantitative phenotype. Rather than identifying stand-alone
phenotypes, expression-based GWAS identify those from
the pool of RNA transcript abundance phenotypes that are
differentially regulated by the DNA sequence, forming a
subdivision of genetically regulated quantitative phenotypes.4
Independently of the mechanism of operation underlying the
genetic basis of the phenotype, the statistical method employed
by GWAS allows for statistically significant correlation and
coidentification of the genotype with a subset of phenotypic
classes.
Recent association studies on the transcriptome highlight
the significant role of RNA abundance in affecting the traits
of the organism. A study on adipose tissue of more than 5,000
members of Icelandic families suggests the possibility that
phenotypic traits in the organism are brought about by the
amount of the RNA transcript as much as by the RNA base
sequence (Emilsson et al. 2008). A key finding of this study
is that more than 50% of all RNA transcripts are strongly
correlated with clinical traits related to obesity. Through linkage analysis, this same study supports the “extensive genetic
component underlying gene expression traits in . . . adipose
tissue” (Emilsson et al. 2008: 423). Other association studies
support similar findings.5 In 2007, the U.S. Food and Drug
Administration approved the first clinical diagnosis based on
measurement of RNA transcript abundance.6
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These studies underlie a shift in perception that is taking
place in contemporary genetics: Whereas abundance of the
RNA was once considered as a factor controlled by cellular
mechanisms, the emerging perception from recent GWAS
studies suggest that genome sequence and structure play an
extensive, nontrivial role in the regulation of RNA transcript
abundance. In turn, the control of RNA abundance levels
affects the phenotypic traits of the organism at both the microand macro levels. To use functional language, the genome
sequence has the role of providing both a template for the
transcription of RNA and regulation of abundance of this
transcript.
GWAS clearly still provide the ground for the generation
of hypotheses over possible mechanisms.7 Having said that,
the mechanism of operation is not an essential part of the
conceptualization or the modeling in expression-based GWA
studies, but rather relegated to the periphery of the description,
interpretation, and mitigation of the findings. A molecularmechanism explanation does not make redundant the explanatory force of the functional ascription in the G/P couple, but
rather elaborates the way this function is executed at that instant in the same way as elaborating on the mechanism of
operation of the heart does not make redundant the explanatory force of the functional ascription of the heart as a blood
pump in the circulatory system.
Expression-based GWAS use the abilities of microarray
technology and SNP libraries to perform wide population
studies. As the identification of the G/P couple is through
statistical significance association, many G/P couples, falling
short of significance threshold, are not identified. Indeed a
feature of expression-based GWAS is that it identifies G/P
couples in a certain population over certain environmental
conditions. Thus, expression-based GWAS performed on
different populations show that certain G/P couples are
concealed in each of the populations (cf. Spielman et al.
2007). An intriguing question for further research is whether
the identification of G/P couples can be extended beyond the
investigated population, or whether such coupling is dependent on environmental conditions. This raises the possibility
that the genotype itself, as conceived by GWAS, is not independent from the environmental conditions met by the study
population.
In closing, let us remark that we find some irony in
the fact that the method of molecularization employed in
current GWAS refers us back to the conceptual foundations
of classical genetics in at least two respects: Mendel’s
method of inferring elementary factors from visible traits, and
Johannsen’s distinction between the phenotype and the genotype through the use of population studies have undergone
molecularization. More than ever before, molecular genetics
seems to be revealing newer and finer manifestations of its
classical roots by means of rapidly improving technology.
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Thus understanding the future of molecular biology could be
enhanced by reflection on its past.
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Notes
1. Sterelny and Griffiths (1999) conceptualized Morgan’s approach for a
gene as a phenotype difference maker.
2. Griffiths and Stotz (2007) use the term “nominal gene” in reference to a
similar idea of a structural stereotype or a prototype of a gene.
3. The mutual dependence thesis in this article is not intended to contribute
to the well-known discussion on the levels of selection, nor do we ask whether
the general relation between the level of the genotype and the level of the
phenotype is to be conceptualized in terms of reduction to the lower level
(Sterelny and Kitcher 1988), upper level (Griesemer 2003; Callebaut 2005),
or pluralistically rather than reductionistically (Lloyd 2005).
4. In a previous article (Nachtomy et al. 2007), we have suggested the name
“endophenotypes,” employed in psychiatry for measurable components unseen by the unaided eye between disease and genotype, to denote this subclass
of phenotypes.
5. For pioneering work on this subject, see Golub et al. (1999) and Bittner
et al. (2000).
6. The device known as MammaPrint was cleared by the U.S. Food and
Drug Administration (2007). The results of the clinical study conducted by
this device were published in van’t Veer et al. (2002).
7. In Rockman and Kruglyak (2006), the authors discuss possible mechanisms of operation linking the RNA coding regions with the genotypic site.
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Tavaré S, Deloukas P, Hurles ME, Dermitzakis ET (2007) Relative impact
of nucleotide and copy number variation on gene expression phenotypes.
Science 315: 848–853.
U.S. Food and Drug Administration (2007) Letter 510(k) Summary: K070675.
Available at http://www.fda.gov/cdrh/pdf7/K070675.pdf
van ’t Veer LJ, Dai H, van de Vijver MJ, He YD, Hart AA, Mao M, Peterse HL,
van der Kooy K, Marton MJ, Witteveen AT, Schreiber GJ, Kerkhoven RM,
Roberts C, Linsley PS, Bernards R, Friend SH (2002) Gene expression
profiling predicts clinical outcome of breast cancer. Nature 415: 530–
536.
Waters KC (2000) Molecules made biological. Revue Internationale de
Philosophie 214: 9–34.
Weber M (2005) Philosophy of Experimental Biology. Cambridge, UK:
Cambridge University Press.

301

