Chapter 18
Genomic Scan as a Tool for Assessing the Genetic
Component of Phenotypic Variance in Wild Populations
Carlos M. Herrera
Abstract
Methods for estimating quantitative trait heritability in wild populations have been developed in recent
years which take advantage of the increased availability of genetic markers to reconstruct pedigrees or
estimate relatedness between individuals, but their application to real-world data is not exempt from
difficulties. This chapter describes a recent marker-based technique which, by adopting a genomic scan
approach and focusing on the relationship between phenotypes and genotypes at the individual level,
avoids the problems inherent to marker-based estimators of relatedness. This method allows the
quantification of the genetic component of phenotypic variance (“degree of genetic determination” or
“heritability in the broad sense”) in wild populations and is applicable whenever phenotypic trait values
and multilocus data for a large number of genetic markers (e.g., amplified fragment length polymorphisms,
AFLPs) are simultaneously available for a sample of individuals from the same population. The method
proceeds by first identifying those markers whose variation across individuals is significantly correlated with
individual phenotypic differences (“adaptive loci”). The proportion of phenotypic variance in the sample
that is statistically accounted for by individual differences in adaptive loci is then estimated by fitting a
linear model to the data, with trait value as the dependent variable and scores of adaptive loci as independent ones. The method can be easily extended to accommodate quantitative or qualitative information on
biologically relevant features of the environment experienced by each sampled individual, in which case
estimates of the environmental and genotype × environment components of phenotypic variance can also
be obtained.
Key words: Amplified fragment length polymorphism, Genetic determination, Genomic scan,
Heritability, Multiple linear regression, Phenotypic variance components

1. Introduction
The study of contemporary evolution in wild populations poses
two major challenges, namely, quantifying selection on the phenotypic traits of interest (phenotypic selection) and evaluating
the extent to which individual variation in these traits is due to
genetic differences (heritability) (1). Phenotypic selection occurs
when individuals with different phenotypic characteristics differ
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in their fitness because of differences in viability and/or fecundity.
Following the development of a theoretical framework and associated analytical toolbox for estimating the shape and strength of
selection on quantitative traits (1–5), studies of phenotypic selection on wild populations have proliferated in the past 30 years,
and have shown that phenotypic selection is widespread in nature
(reviews in refs. 6–8). Nevertheless, “natural selection is not
evolution” ((9), p. vii), and changes in phenotypic value distributions arising from selection can be constrained or altered by
the pattern of inheritance of the traits of interest. Phenotypic
selection studies on wild populations usually fall short of demonstrating ongoing evolutionary change because of the absence of
information on the genetic basis of variation in the phenotypic
traits of interest ((7); but see, e.g., refs. 10–12 for some exceptions), a limitation that stems from the problems involved in
estimating heritability and genetic correlations under natural
field conditions (13).
Traditional quantitative genetics techniques to estimate heritability rely on information about the relationships among individuals, generally in the form of a pedigree structure or a matrix
of pairwise individual relatedness (14, 15). Except for some special cases, as when pedigrees can be inferred from detailed observations of matings (16), neither pedigrees nor information on
individual relatedness are available for natural populations. This
difficulty has been customarily circumvented by artificially breeding individuals of known pedigree through controlled crosses
between field-collected progenitors of known phenotypes, and
keeping the experimental populations in controlled artificial environments. Many organisms, however, are not amenable to these
methods. Conventional quantitative genetics methods based on
experimental crossing schemes are impractical or impossible with
long-lived species that cannot be artificially crossed, propagated
vegetatively or kept in captivity, or with those that reproduce
irregularly or have long periods until first reproduction. In addition, the expression of quantitative traits usually differ between
environments, and heritability estimates may differ widely
between wild and artificial populations of the same species (17),
hence field-based estimates are essential to investigate the possibility for evolution in the settings where the organisms naturally
occur (18).
Alternative methods for estimating trait heritability in wild
populations have been developed in recent years which take advantage of the increased availability of genetic markers to reconstruct
pedigrees or to estimate relatedness between individuals (reviewed
in refs. 19–21). These methods, however, are not a panacea, as
their application also faces a number of difficulties. Most of these
procedures either make assumptions on the structure of relatedness
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in the population (e.g., assuming known, discrete classes of relatedness) or require additional information on parentage of individuals, which greatly limits their application to complex natural
populations where individuals may differ widely in age and relatedness, as in uneven-aged populations of long-lived organisms.
Ritland regression procedure (18, 22, 23), which is based on
assessing the strength of the relationship between pairwise phenotypic similarity and relatedness for the individuals in a population,
stands apart from the rest of marker-based methods in that it allows
direct estimation of quantitative genetic parameters without requiring specification of an explicit pedigree or prior knowledge of population structure (19).
At first view, Ritland method appears widely applicable, since it
is based on the assessment of the simple relationship between phenotype and genotype, and it has been used to estimate genetic
parameters for wild, unpedigreed populations (24–27).
Nevertheless, this method has two intrinsic limitations (see ref. 19
for a detailed discussion). First, since it depends heavily on the
efficiency of the estimation of pairwise relatedness, the large statistical errors associated with these estimators will produce broad
standard errors around genetic parameter estimates. Second, the
method requires the existence of significant variance in relatedness
in the sample analyzed (18, 22, 23). The limited number of applications of Ritland method and their modest success are perhaps
attributable to the joint influence of these intrinsic limitations, and
despite its appeal the utility of the method may be problematic
(19, 25, 28–30). In the same pessimistic vein, it has been also
suggested that, despite the increased availability of genetic markers, marker-based methods in general might not be as useful
for genetic parameters estimation as previously thought (13, 19).
A new marker-based technique has been recently proposed by
Herrera and Bazaga (31) which, by focusing on individual genotypes and adopting a genomic scan approach, avoids the problems
associated with estimating pedigrees or individual relatedness.
Although this method is not necessarily aimed at the direct estimation of quantitative genetic parameters, it does provides an alternative, relatively easy way for addressing one of the key aspects in
evolutionary studies, namely, the quantitative assessment of the
genetic component of phenotypic variance in wild populations. As
stressed by van Kleunen and Ritland (26), “even the possibility of
determining the presence of heritable genetic variation is a big
improvement for studies testing for the potential for evolution in
natural populations.” The motivation and a step-by-step description of the genomic scan-based method of Herrera and Bazaga are
presented in this chapter, followed by an example of application
and a comparison with results from the Ritland procedure for the
same data.
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2. Overview
and Motivation
A trait can be “hereditary” in the sense of being transmitted from
parent to offspring or in the sense of being determined by the
genotype. Under the first meaning, the heritability of a character is
“the relative importance of heredity in determining phenotypic
values,” and is known as heritability in the narrow sense (14).
Marker-based methods for estimating heritability mentioned in the
preceding section are framed in this specific context, hence their
reliance on pedigree reconstruction or relatedness estimation.
Under the second meaning, a trait’s heritability is simply “a quantity defined as the proportion of phenotypic variance that is genetically determined” (32). This is the extent to which individual
phenotypes are determined by the genotypes, and is known as heritability in the broad sense or degree of genetic determination (14).
The method described in this chapter is framed in this second context, as it focuses on quantifying the fraction of population-wide
phenotypic variance that is attributable to genetic differences
between individuals. These genetic differences are evaluated
directly through the application of a genomic scan approach at the
within-population scale. Rather than targeting the narrow sense
heritability of the phenotypic trait of interest by inferring the relatedness of individuals and then relating it to their phenotypic similarity, as done with the Ritland method, the present method directly
proceeds to estimate the proportion of observed phenotypic variance that can be statistically accounted for by adaptive genetic differences between individuals, elucidated through a variant of
explorative genomic scan tailored for within-population use.
Consider a population for which a sample of individuals are
simultaneously characterized with regard to some quantitative
phenotypic trait and a large number of anonymous, putatively neutral genetic markers. If the number of markers is large and are randomly distributed across the whole genome, a certain proportion
of the markers is expected to be in linkage disequilibrium with
non-neutral, adaptive loci having some causative effect on the phenotypic value of the trait of interest. It should therefore be possible
to single out these non-neutral markers by searching for significant
statistical associations between markers and phenotypic values
across individuals, an approach usually known as association mapping or linkage disequilibrium mapping (33–35). This method has
been used, for example, to infer associations between quantitative
trait loci (QTLs) and phenotypic traits, and the same underlying
principles can motivate genome screenings aimed at identifying
functional associations between anonymous markers and phenotypic traits. Once a set of non-neutral (or linked to non-neutral)
markers has been identified which are significantly correlated with
phenotypic values, statistical models can be fitted to the data which
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estimate the proportion of phenotypic variance in the sample
statistically accounted for by the multilocus differences between
individuals in these non-neutral loci.
The success of the method will depend on whether non-neutral
genomic regions that are causatively associated with the phenotypic trait of interest, or adjacent regions in linkage disequilibrium,
are “hit” by some of the anonymous markers chosen, so that genotype–phenotype correlations across individuals can be revealed.
Selection of markers is thus critical. The larger the number of markers and the more thorough its distribution across the genome, the
higher the expected probability of identifying non-neutral genomic
regions causatively associated with the phenotypic trait of interest.
The amplified fragment length polymorphism (AFLP) technique
(36) allows for a virtually unlimited number of markers without
prior sequence knowledge. Detailed linkage maps have also revealed
that AFLP markers are thoroughly distributed over the whole
genome (37–40). These features make AFLP markers particularly
suited to genomic scan and linkage disequilibrium mapping
approaches with non-model organisms (35, 41, 42), and also render them the markers of choice for the method described in this
chapter. In the immediate future, large single-nucleotide polymorphism (SNP) datasets made available for non-model species by
next-generation sequencing will provide additional opportunities
for the application of the method described here, with the added
advantage that SNPs could be easily selected in or near coding
regions of the genome.
The method described here rests on the assumption that the
set of loci found to be statistically related to individual variation in
phenotypic traits are functionally, causatively related to such variation, or linked to loci functionally affecting such variation, and can
therefore be used as valid descriptors of individual genotypes.
In the case of AFLP markers, and here lies yet another reason supporting their use, three lines of evidence show that this assumption
will probably hold true in most instances: (a) high-density linkage
maps often reveal a close proximity of AFLP markers to QTLs
or genes with known functionality (43–46); (b) AFLP allelic
frequencies are responsive to artificial selection on quantitative
traits (47–49); and (c) studies on populations of the same species
combining phenotypic information with population-genomic scans
often reveal concordant phenotypic and AFLP variation (50, 51).

3. Methods
In the following, it is assumed that the analysis focuses on a single
quantitative phenotypic trait that has been measured in a randomly
chosen sample of individuals from a single study population.
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The same individuals are also fingerprinted using AFLP markers,
so that phenotypic trait values and multilocus AFLP data are simultaneously available.
3.1. AFLP
Fingerprinting

As noted above, using a large number of markers is essential to
increase the chances of hitting at or near (linked) genomic regions
causatively associated with the phenotypic trait under consideration. Proportions of non-neutral loci reported by previous AFLPbased genomic scans of natural populations of non-model organisms
mostly fall between 1 and 5% of the polymorphic markers assayed
((35, 51) and references therein), which suggests the rule of thumb
that individuals should be fingerprinted using a minimum of several hundred polymorphic AFLP markers. The probability of success will be enhanced if this large number of markers is achieved by
selecting a variety of primer pairs for each of several combinations
of restriction enzymes, rather than by selecting a single enzyme
combination and a few primer pairs each yielding many markers.
This recommendation is motivated by the observation that nonneutral AFLP markers often are nonrandomly distributed and clustered on particular primer pairs (51–53) or restriction enzyme
combinations (31). AFLP markers obtained using EcoRI and PstI
as rare cutter enzymes often differ widely in their distribution
across genomes (38, 45, 54, 55), thus using a combination of
EcoRI–MseI and PstI–MseI primer pairs will generally be a better
starting off strategy than using primer pairs based on only one rare
cutter. This is illustrated by results of the study by Herrera and
Bazaga (31) on the wild violet Viola cazorlensis, where AFLP markers significantly associated with individual fecundity were about
three times more frequent among PstI-based (4.4% of polymorphic
loci) than among EcoRI-based combinations (1.6% of polymorphic
loci).

3.2. Checking for
Cryptic Population
Substructuring

In natural populations, marker–phenotype associations may
not reflect an underlying causal relationship. Significant marker–
phenotype associations can be caused by admixture between subpopulations that have different allele frequencies at marker loci and
different values of the trait (33, 56). Such situation might occur,
for example, if the study population comprises several genetically
distinct subgroups that originated from independent colonization
events and differ in average phenotypes. The possibility of spurious
marker–phenotype associations due to such cryptic population
substructuring should therefore be confidently ruled out prior to
conducting any further analyses. This can be accomplished with
any of the model-based Bayesian assignment methods currently
available for the identification of admixture events using multilocus
molecular markers, as implemented, for example, in the programs
structure (57–59) or baps (60, 61).
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If results of these preliminary analyses do not suggest any cryptic
substructuring, then it would be justified to proceed to the analytical step in Subheading 3.3. Alternatively, if there are reasons to
suspect that the study population is cryptically substructured, one
should further check whether genetic subgroups arising from the
Bayesian analysis are phenotypically homogeneous (e.g., by comparing trait means across subgroups). If subgroups are phenotypically similar, despite genetic distinctiveness, it would be safe to
proceed to the next step. If subgroups were found to differ phenotypically, it would still be possible to proceed by splitting the sample and conducting separate analyses on each subgroup. This would
allow for testing the intriguing possibility that genetically distinct
subgroups differ in the degree of genetic determination of the phenotypic trait under study.
3.3. Identifying
Phenotype-Related
Markers

To identify the AFLP markers associated with the phenotypic trait
under consideration, separate logistic regressions will be run for
each polymorphic marker, using band presence as the dependent
binary variable and the phenotypic trait as the continuous, independent one. The statistical significance of each marker–trait relationship will be assessed by consideration of the p-value obtained from
a likelihood ratio test. Although several tests are available for assessing the significance of logistic regressions, likelihood ratio tests are
more powerful and reliable for sample sizes often used in practice
(62). Given the large number of logistic regressions involved
(as many as polymorphic AFLP markers), precautions must be taken
to account for the possibility of obtaining by chance alone an
unknown number of false significant regressions (see Note 1).

3.4. Estimating the
Genetic Component
of Variance

In this step, the combined phenotypic effects of all the AFLP markers found in Subheading 3.3 to be significantly related to the trait
under consideration (“adaptive loci” hereafter) is estimated by
fitting a multiple linear regression to the individual data, using trait
value as the dependent variable (y) and all adaptive loci as independent ones (xi; i = 1 to k significant markers), coded as binary scores.
In multiple linear regression, a response variable is predicted on
the basis of an assumed linear relationship with several independent variables. The combined explanatory value of the xi variables
for predicting y is assessed with the multiple correlation coefficient
R, and R2 is known as the coefficient of determination or the
squared multiple correlation (63). The R2 from the fitted multiple
regression linking the phenotypic trait with the set of adaptive loci
can therefore be properly interpreted as an estimate of the proportion of phenotypic variance in the trait that is jointly explained by
the additive, linear effects of adaptive loci scores. In other words,
the regression R2 provides an estimate of the degree of genetic
determination, heritability in the broad sense, or genetic component
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of variance, of the focal phenotypic trait. The overall statistical
significance of the multiple linear regression can be determined
using an ordinary F test.
Three aspects must be noted at this point. First, it is extremely
unlikely that most or even a sizable fraction of the genomic
regions influencing a given phenotypic trait (or closely linked to
such regions) are hit in a genomic screening involving only several hundred markers. Estimates of the degree of genetic determination obtained with this method are thus expected to be
biased downwards, because there will always be an unknown
number of genomic regions whose effects on the phenotype are
left out from the regression, and because adding independent
variables xi to a linear model always increases, never decreases, the
value of R2 (63).
Second, it follows from linear models’ properties that, unless
all the x’s are mutually orthogonal, the R2 of the multiple regression cannot be partitioned into k components each uniquely attributable to an xi (63). In the present context, this would imply that
the allelic states of adaptive loci entering the model are uncorrelated (i.e., completely unlinked). If this condition is proven for the
particular set of individuals sampled, then the contributions of
individual loci to phenotypic variance could be inferred from the
multiple regression, for example, by using some stepwise fitting
procedure. Alternatively, if the x’s are statistically non-independent
(i.e., in linkage disequilibrium), this property of linear models leads
one to predict that the regression R2 will be robust to the multicollinearity of the independent variables.
And third, if the number of individuals sampled is about the
same order of magnitude than the number k of adaptive loci
included as independent variables in the regression, then it is possible to obtain a large value of R2 that is not meaningful. In this
case, some x’s that do not contribute independently to predicting
y may appear to do so, and the regression may provide a spurious
estimate of the degree of genetic determination. To correct at
least in part for this tendency, the adjusted R2 should be used
instead of the ordinary uncorrected R2 (63). An additional way
to circumvent the problem of a large number of adaptive loci
relative to sample size is to reduce the dimensionality of the
(adaptive) multilocus genotype of individuals. This can be
achieved by obtaining individual scores on the first few axes of a
principal coordinates analysis of the pairwise genetic distance
matrix (e.g., using the program genalex; (64)), and then using
these scores as independent variables in the multiple regression
rather than the original binary scores of adaptive loci. Reducing
the dimensionality of the multilocus genotypes of individuals
based on adaptive loci can also be useful for other purposes, as
shown in the next section.
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The multiple regression method described in Subheading 3.4 will
estimate the genetic component of phenotypic variance using
exclusively information on the phenotypes and marker-defined
genotypes of sampled individuals. But some study systems allow
gathering information on features of the environment naturally
experienced by the individuals sampled. In these cases, some
enhancements of the method are possible which permit to evaluate
also the environmental and genotype × environment components
of phenotypic variance. Consider, for example, a wild-growing
plant population where individuals differ in the microclimate (e.g.,
temperature, humidity) and soil physicochemical properties of
growing sites. Because of the individuals’ phenotypic plasticity (the
ability of a given genotype to produce different phenotypes when
exposed to different environments; (65)), environmental heterogeneity of the individuals’ growing sites will generate a certain
amount of phenotypic variance, which clearly corresponds to an
environmental variance component. In addition, a genotype × environment variance component will also arise whenever individual
plants (genotypes) respond differently to variations in environmental factors, such as temperature or soil fertility, because of differences in reaction norms (65).
The proportions of genetic, environmental, and genotype × environment components of phenotypic variance can be
simultaneously assessed if information on the environment experienced by individuals is available in addition to their phenotypes
and AFLP fingerprints. This can be achieved by fitting a random
effect linear model to the individual data, using the focal phenotypic trait as the response variable, and genotype (as described by
the set of adaptive loci), environment (as described by biologically
relevant parameters), and genotype × environment as independent
variables, all treated as random effects. By using a restricted maximum likelihood method (REML), estimates of the genetic, environmental, and genotype × environment components of phenotypic
variance of sampled individuals under natural field conditions can
be obtained from this model. Computations can be performed
using the procedure MIXED in the SAS statistical package, specifying a VC or “variance components” type of covariance structure,
which assumes a different variance component for each random
effect in the model.
Unless the number of individuals sampled is really large, which
is an unlikely situation in most field studies, the dimensionality of
the genetic and environmental data should be reduced prior to
fitting the mixed model, since otherwise a large number of variance
components would be non-estimable. This would result from the
large number of model parameters that should be estimated if separate genotype × environment effects are modeled for each adaptive
locus. Dimensionality of the multilocus genotype of individuals
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can be reduced by obtaining individual scores on the first few axes
of a principal coordinates analysis on the genetic distance matrix, as
described in Subheading 3.4 above. The method for reducing the
dimensionality of environmental variables will depend on the number and nature (discrete vs. continuous variables) of the environmental parameters associated with each individual. For sets of
quantitative environmental data (e.g., microclimate parameters),
scores on the first axes from a principal component analysis could
be used as descriptors of individual environments. For sets of qualitative environmental data (e.g., compass orientation, substrate
type), individual scores on the axes from a nonmetric multidimensional scaling ordination could provide reduced-dimensionality
descriptors of individual environments (see ref. 66 for a review of
multivariate applications to genetic marker data).

4. Application
to a Case Study
The methods described above were applied by Herrera and Bazaga
(31) to investigate the genetic basis of individual variation in longterm cumulative fecundity in a sample of 52 wild-growing individuals of the long-lived Spanish violet Viola cazorlensis monitored
for 20 years. Plants were fingerprinted using eight EcoRI + 3/MseI + 3
and eight PstI + 2/MseI + 3 primer combinations, which yielded a
total of 365 polymorphic AFLP markers. The same plants were
also characterized for quantitative floral traits including length of
the floral peduncle, floral spur, and upper, middle, and lower petal
blades, and an earlier study revealed significant phenotypic selection on most of these floral features (67). Application of the
genomic scan method to evaluate the genetic basis of individual
variation in these traits will provide insights on the possibility of
evolutionary change in floral characteristics in that population.
Results are shown in Table 1, where the genetic determination
estimate for 20-year cumulative fecundity for the same individuals
is also included (31). Between 2 and 4 AFLP loci were significantly
associated with individual variation in floral traits, and multiple
regressions between floral traits and their associated AFLP loci
were all statistically significant, which reveals that individual variation in all floral traits had a significant genetic basis. The number of
statistically significant AFLP loci was lower for floral traits than for
fecundity. This difference may reflect a real disparity between the
two types of phenotypic traits in the number of genomic regions
underlying their variation, but could also be due to a lower statistical power for detecting significant loci in the case of floral traits,
e.g., because of lower phenotypic variance. The greater phenotypic
variability of individual fecundity (coefficient of variation,
CV = 138%) in comparison to floral traits (CV range = 8–23%) is
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Table 1
Application of the genomic scan and Ritland methods for evaluating the genetic
component of phenotypic trait variance in a wild population of the violet Viola
cazorlensis
Genomic scan method (regression between trait
and significant loci)

Phenotypic trait

Significant
AFLP loci

R2

F-value

p-Value

Ritland method (h 2)a

Floral peduncle

2

0.383

16.85

<0.0001

−0.042 (−0.416)

Floral spur

4

0.353

7.96

<0.0001

0.064 (−0.204)

Upper petal

3

0.279

7.59

0.0003

0.178 (−0.380)

Middle petal

2

0.190

6.99

0.0021

0.102 (−0.477)

Lower petal

2

0.199

7.33

0.0016

0.110 (−0.470)

11

0.631

7.00

< 0.0001

0.471 (−0.076)

20-year fecundity
a

The lower 5% quantile of the bootstrap distribution is given in parentheses. For the heritability value to be significant
at p < 0.05, this value must be larger than zero (26)

compatible with the latter interpretation. Anyway, these results for
V. cazorlensis suggest that even modest numbers of significant
AFLP loci can be sufficient to estimate the genetic component of
phenotypic variance. Furthermore, the demonstration that individual variation in floral traits has a genetic basic provides the necessary complement to earlier results showing phenotypic selection
on these traits (67), and suggests that ongoing selection is likely to
promote evolutionary change of the average floral phenotype at
the study population.
Estimates of the genetic component of phenotypic variation
obtained with the genomic scan and Ritland methods are not
strictly comparable, because they correspond to two different concepts of heritability as noted earlier. Keeping this caveat in mind, it
is still interesting to compare Ritland h2 and genomic scan-based
R2 figures for the same dataset and traits, to see whether the general conclusions reached by the two methods are similar. Ritland h2
estimates for the six traits studied in the Viola cazorlensis dataset
obtained with the program mark (68) are shown in Table 1.
Estimates vary widely among traits, but none of them reaches statistical significance (i.e., h2 > 0) at the 0.05 level. Ritland h2 and
genomic-scan R2 values are correlated across traits, although the
relationship does not reach statistical significance (r = 0.655, N = 6,
p = 0.16). For this dataset, therefore, Ritland and genomic scan
methods provide contrasting conclusions regarding the genetic
component of phenotypic variation. While Ritland estimates would
point to the absence of a significant additive genetic component
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underlying the variation of floral traits, the genomic scan method
does provide evidence of a significant genetic component in all
cases, as generally found in other species (7). In addition, genomicscan R2 values for Viola cazorlensis in Table 1 are comparable to
broad-sense heritability estimates obtained for morphological and
life history traits in other species of Viola using quantitative genetics methods (69).

5. Note
1. The possibility of obtaining by chance alone an unknown number of false significant phenotype-markers logistic regressions
(false positives or type I errors) could be controlled by using
some simple correction to the p-value threshold required for
significance, such as Bonferroni-style corrections (70, 71).
Nevertheless, Bonferroni-style corrections can be overly conservative, and the more-sophisticated approach proposed by
Storey and Tibshirani (72) is better suited to genome-wide
studies, where the number of simultaneous tests can be very
large. In this method, a measure of statistical significance called
the q-value is associated with each separate test. The q-value is
similar to the well-known p-value, except it is a measure of
significance in terms of the false-discovery rate rather than the
false-positive rate. In the present context, the q-value obtained
for a given marker is the expected proportion of false positives
incurred for the whole set of regressions when the logistic
regression for that particular marker is considered as statistically significant. Using the qvalue package (72) for the R environment (73), q-values for all the marker–trait regressions can
be computed, ranked, and the largest q-value leading to an
expectation of less than one falsely significant regression [i.e.,
q-value × (number of regressions accepted as significant) < 1]
used as the threshold for determining the statistical significance
of marker–trait associations. In this way, the statistical power
for detecting as many significant regressions as possible is
enhanced while keeping with the conservative constraint of
avoiding any false positive.
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