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Introduction

Phenotypic plasticity, developmental homeostasis and canalization are concepts related to en-
vironmental sensitivity and are importantly linked to mechanisms of adaptation and evolution.
Environmental sensitivity can be defined either as mean phenotypic changes of a given geno-
type in different environments or as differences in the residual variance of different genotypes
in the same environment (Jinks and Pooni, 1988). The first definition involves the mean of
a trait and gives rise to the so-called reaction-norm models (e.g. Gavrilets and Scheiner,
1993a,b), where the regression coefficient is assigned a genetic interpretation and is treated as
a random variable. In its typical implementation, this model assumes homogeneity of residual
variance (conditional variance of phenotype given the covariate), but generates heterogene-
ity of the marginal distribution of the data. Waddington (1960) reports results of a classical
experiment providing support for the presence of genetic factors operating on this type of
environmental sensitivity.

Models of residual variation are associated with the second definition. Given the genotype
of an individual, a certain phenotype is expected. Typically, the observed phenotype differs
from its expectation and this deviation, which is the focus of the modelling exercise, may
include a genetic component. In this model, different genotypes confer a difference in both
mean and residual (environmental) variance, but the marginal distribution of the data has ho-
mogeneous variance. Early models assumed that residual variance decreases with the number
of heterozygous loci (Lerner, 1954; Lewontin, 1964; Zhivotovsky and Feldman, 1992). An
extension postulates that a finite number of loci have pleiotropic effects on the mean and
variance (Gavrilets and Hastings, 1994; Hill and Zhang, 2004). San Cristobal-Gaudy et al.
(1998) proposed an infinitesimal model with a genetically structured variance heterogeneity
thus generalizing the classical infinitesimal model of quantitative genetics.

The topic of this review is this second interpretation of environmental sensitivity and it is
organized as follows. After a brief description of the models used in the literature, we look at
some of the implications of the existence of a genetic control of environmental variation, from
the perspective of natural and artificial selection. The next section reviews the evidence for the
existence of genetic effects acting on residual variance, and casts light on various factors that
can lead to erroneous inferences from statistical analyses. Before concluding in a final section,
we show how genomic information can be incorporated to investigate whether environmental
variation is under genetic control.
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Models

The model in San Cristobal-Gaudy et al. (1998) is

y = b+ a+ Á (exp (b∗) exp (a∗))
1
2 , (1)

where b is the population mean, exp (b∗) is interpreted as an average environmental variance,
Á is a N (0, 1) random variable and
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In (2), ¾2
a and ¾2

a∗ are additive genetic variance components affecting mean and variance,
respectively, and ½ is the genetic correlation between additive genetic effects at the level of the
mean and variance. The distribution of y∣b, a, b∗, a∗ is Gaussian N(b+ a, exp(b∗ + a∗)) with
(genetically) heterogeneous variance, but the marginal distribution of y∣b, b∗ does not have
closed form. The marginal mean and marginal (homogeneous) variance of this distribution are
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an average additive genetic scale factor (San Cristobal-Gaudy et al., 1998). The third central
moment is E
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, so the degree and sign

of the skewness of the marginal (with respect to a and a∗) distribution of y depends on ½. The
model leads to a non-linear relationship between mean and conditional variance. However,
with small a∗, exp(b∗ + a∗) ≈ exp (b∗) (1 + a∗) = exp (b∗)

(
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, generating a linear stochastic relationship between mean and variance.

Note incidentally that only a proportion
(
1− ½2

)
of the additive genetic variance on variance

is available for selection if it is desired to keep the mean of the trait unchanged.

Another model proposed (Hill and Zhang, 2004; Mulder et al., 2007, 2008) is

y = b+ a+ Á (exp (b∗) + a∗)
1
2 . (3)

The distribution of y∣b, a, b∗, a∗ is also Gaussian N(b + a, exp(b∗) + a∗) with (genetically)
heterogeneous variance, and as before, the marginal distribution of y∣b, b∗ does not have closed
form. The marginal mean is equal to b as in model (1) but the marginal (homogeneous)
variance is equal to exp (b∗) + ¾2

a, as in the classical homogeneous variance model. Under
this model, the third central moment is 3½¾a¾a∗ , indicating that the degree of skewness of
the marginal distribution of y is also governed by ½. The model generates a linear stochastic
relationship between mean and conditional variance. Model (1) has been mostly used for data
analysis whereas Mulder et al. (2007, 2008) used (3) for predicting selection response.

Implications

Natural Selection

In evolutionary biology, a central problem is to understand the forces that maintain pheno-
typic variation. Most of the models treat the environmental variance as a constant parameter



and explain the levels of phenotypic variation invoking a balance between the gain of genetic
variance due to mutation and its loss due to stabilising selection and drift. Under stabilising
selection, an extreme phenotypic value with a large environmental deviation has a low se-
lective value. This would tend to reduce environmental variance if a genetic component is
involved. Therefore, models attempting to describe the maintenance of environmental vari-
ance must invoke some mechanism to counterbalance the loss caused by stabilising selection.
An early phenotypic model studied by Slatkin and Lande (1976) invoked stabilising selection
acting directly on a character and indirectly, on a modifier locus acting on the variance of the
conditional distribution of the offspring phenotype, given parental phenotype, in such a way
that changes on the genetic and environmental components left heritability unchanged. They
show that if the optimum phenotype changes over time due to time dependent heterogeneity
of environment, phenotypic variation is maintained, which in the case of their model, implies
maintenance of environmental variation. Maintenance of environmental variation under fluc-
tuating selection using a variety of models has also been demonstrated by Bull (1987) and by
Bulmer (1984). In contrast, in the absence of mutation, the additive genetic variance of a poly-
genic character is ultimately eliminated under stabilising selection, regardless of whether the
optimum varies between generations (Lande, 1977). Another mechanism for the maintenance
of environmental variation under stabilising selection was studied by Wagner et al. (1997).
Stabilising selection favours genes that decrease environmental variance. However, the latter
can be maintained if the effects of these genes are correlated with phenotype of the same trait
or if they have deleterious pleiotropic effects on other traits.

Zhang and Hill (2005) proposed that organisms require expenditure of resources to maintain
homogeneity. Under a Gaussian fitness cost of homogeneity and stabilising selection, they
show that their model leads to an equilibrium that explains observed levels of environmental
variation. In a recent study, Zhang and Hill (2008) investigate the role of mutation-selection
balance in maintaining this equilibrium, assuming that mutants have an increasing effect on
environmental variance. Their analysis indicates that this is a plausible mechanism only under
the unlikely situation that stabilising selection is very strong such that the mutant alleles do
not become fixed, and conclude that other selective forces must be involved.

Artificial selection

Genetic regulation of environmental variation opens the possibility of selecting for it and a
considerable number of expressions to predict response based on different models and approx-
imations are available in the literature (Gavrilets and Hastings, 1994; Hill and Zhang, 2004;
Ibáñez et al., 2008; Mulder et al., 2007, 2008; San Cristobal-Gaudy et al., 1998; Sorensen and
Waagepetersen, 2003). Mulder et al. (2007) use an approach based on best linear prediction
that leads to tractable and intuitively appealing formulae. With a being linearly related to y
and a∗ to the (conditional) variance of y, using information on phenotype, one of the simple
versions of the predictor they propose satisfies the linear system
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where z = y − E (y), E (z) = 0, E
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2 and the mean of z2 is (1 + ix)V ar (y). Here, i is selection intensity on y, x

is the truncation point associated with selection on y. Using these expressions, prediction
of response is immediate. Mulder et al. (2008) apply this selection index framework to also
predict response using information on relatives and show that substantial changes in variance
can be made. In the case of traits where there is departure of the mean from an optimum
value, the best strategy is to initially reduce this difference, and to increase selection pressure
on variance as the optimum is approached.

The linear system (4) suggests a definition of heritability at the level of the environmental
variance in the same spirit as the standard definition based on the regression of additive genetic
value on phenotype at the level of the mean, ℎ2 = Cov (a, z) /V ar (z). At the level of the
environmental variance, Mulder et al. (2007) propose
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Thus, with information only on z2, the predictor of a∗ is â∗ = ℎ∗2 (z2 − E
(
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.

Ibáñez et al. (2008) derived formulae for expected response to selection at the level of the
variance and for the variance of response based on model (1). The criterion of selection was
the average squared deviation of the repeated records within individuals, from their means.
The objective was to determine the size and duration of a selection experiment necessary to
detect response. For example, calculations based on predictive formulae and on simulation,
for a scenario that mimics reduced variance for repeated measurements of litter size in pigs,
show that, to detect response with 80% power and a probability of type I error of 5%, requires
selecting 40 (80) females out of 160 scored, and a duration of 8 (11) generations. As a point
of reference, from formulae in Hill (1980), when 40 (80) females are phenotypically selected
out of 160 scored, in the absence of a control line, detecting a response at the level of the
mean with 80% power and a probability of type I error equal to 5%, requires an experiment
spanning 4 (6) generations.

The evidence

Early evidence for a genetic component affecting environmental variation stems from compar-
ison of levels of variation between inbred lines and the F1 cross between them, with inbreds
showing in general larger variance (reviewed in Falconer and Mackay, 1996). More recently,
experimental evidence from Drosophila was presented by Whitlock and Fowler (1999) and
using isogenic chromosome substitution lines, by Mackay and Lyman (2005). Difference in
within-line variance, between lines, was confirmed. Since individuals within a line are ef-
fectively replicates of the same genotype, difference in within-line variance, between lines,
provides evidence for the presence of genes affecting environmental variance. Using genetic
marker information, support for genetic variance heterogeneity has been reported also by Or-
das et al. (2008) in maize and by Ansel et al. (2008) in yeast. Ansel et al. (2008) work with
isogenic yeast cells and provide convincing evidence for heterogeneity of gene expression
between genotypes, and identify 3 quantitative trait loci (QTL) involved in its control.



With the exception of the limited experimental evidence specifically designed to test for ge-
netic control of residual variability, support for the presence of genes acting on environmental
variation can be sought fitting the model to data and studying the quality of its fit using modern
computation tools. Evidence of this kind has been reported using litter size in pigs (Sorensen
and Waagepetersen, 2003), adult weight in snails (Ros et al., 2004), uterine capacity in rabbits
(Ibáñez et al., 2008), body weight in poultry (Rowe et al., 2006; Wolc et al., 2009), slaughter
weight in pigs (Ibáñez et al., 2007) and litter size and weight at birth in mice (Gutierrez et al.,
2006). The type of support derived from analysis of data consists of reporting estimates of the
model parameters and of comparisons involving the quality of fit of the heterogeneous vari-
ance model with that of other models. A better fit of the heterogeneous variance model can be
due to its flexibility to account for features of the data and does not provide decisive evidence.
Spurious results can never be excluded using this approach.

Sources of artifacts

Analyses of data seeking statistical support for the presence of a genetic component at the
level of the environmental variance using model (1) can lead to distorted inferences, due to
confounding between genetic and environmental effects, the existence of unaccounted hid-
den mixture, the choice of the wrong functional relationship between mean and variance, the
wrong choice of the prior distribution of additive genetic effects, the wrong choice of the sam-
pling model of the data, or the wrong scale of measurement. The latter can be particularly
problematic since the focus of inference is the variance. For example, if the distribution of
the data is skewed in either direction for reasons other than the existence of genetic effects on
the variance, the genetically heterogeneous environmental variance model would fit relatively
better than other models, yielding a coefficient of correlation between the additive genetic val-
ues affecting mean and variance whose sign and magnitude would depend on the direction and
degree of skewness (Ros et al., 2004). Yang (2010) carried a detailed study of this problem
using the Box-Cox transformation parameter (Box and Cox, 1964). The correct scale of mea-
surement was inferred from the data, and the model was subsequently fitted, conditional on the
modal value of the posterior distribution of the transformation parameter. The study showed
that inferences about genetic effects on the variance and the coefficient of correlation between
genetic effects on mean and variance, are dramatically dependent on the scale in which the
data are analysed. This raises reservations concerning the evidence from statistical analyses
based on models that build on conditional normality of the data, where the validity of this
assumption was not critically examined.

Genomic models

Very large number of molecular markers covering the entire genome are now available in man
and domestic species. This provides new opportunities for understanding the nature of genetic
variation, for classifying and predicting disease outcome, for enhancing accuracy of predic-
tion of genetic merit in plants and animals. In animal breeding, after the influential paper of
Meuwissen et al. (2001) a vast literature has become available on genomic models and their
application. The classical genomic model incorporates marker information using a multiple
linear regression framework and assumes homogeneity of residual variance. Sorensen (2009)
suggests an extension by postulating a similar linear structure at the level of the log-residual



variance, which in principle can be used to investigate the presence of genetic factors acting
on both mean and variance. Yang (2010) developed alternative versions of these extended ge-
nomic models and the Markov chain Monte Carlo algorithms, and applied them to simulated
and real data (back fat thickness in pigs). The study confirmed the ability of the genomic mod-
els to detect signals at the level of mean and variance, and also interestingly, to flag absence
of signals. In the pig data, the models generate posterior probabilities larger than 45% for the
existence of 5 genomic regions acting at the level of the mean. The model clearly indicates
also that the data are not informative about marker effects acting on the variance.

Conclusion

Results from the literature seem to support the existence of genetic factors acting on environ-
mental variance, especially those that do not involve analyses of data that were not carefully
designed for that purpose. Indeed, the latter source of evidence must be interpreted with
some degree of scepticism in view of the misleading inferences associated with possible un-
accounted skewness and heavy tails of the distribution of the data.

A general theory that provides an explanation for the observed levels of variation in natural and
domesticated populations is still lacking although important progress has been made. Such a
theory would need to incorporate mechanisms that jointly maintain genetic and environmental
variation.

Theoretical calculations indicate that substantial changes in variance are possible via direc-
tional selection. However it would be useful to substantiate this with results from well de-
signed selection experiments. In an animal breeding context, it is important to distinguish
between aiming at “robustness” to environmental change at the level of the mean of the trait,
or to uniformity. The former may be best accomplished using a reaction norm model, select-
ing those individuals with low values of the reaction norm (regression coefficient) (Su et al.,
2006). The latter involves the model for genetic variance heterogeneity, selecting those indi-
viduals with the smallest predicted additive values acting on variance. In a multitrait situation,
the picture becomes complicated, since attention must be paid not only to correlations due to
additive effects acting on mean and variance within traits, but to correlations between traits
as well, also those involving the additive components acting on variance. These reflections
suggest that it may be a little early to include change of variance in commercial programmes.
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