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Heritable Micro-environmental Variance Covaries with
Fitness in an Outbred Population of Drosophila serrata
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ABSTRACT The genetic basis of stochastic variation within a defined environment, and the consequences of such micro-environmental
variance for fitness are poorly understood. Using a multigenerational breeding design in Drosophila serrata, we demonstrated that the
micro-environmental variance in a set of morphological wing traits in a randomly mating population had significant additive genetic
variance in most single wing traits. Although heritability was generally low (,1%), coefficients of additive genetic variance were of a
magnitude typical of other morphological traits, indicating that the micro-environmental variance is an evolvable trait. Multivariate
analyses demonstrated that the micro-environmental variance in wings was genetically correlated among single traits, indicating that
common mechanisms of environmental buffering exist for this functionally related set of traits. In addition, through the dominance
genetic covariance between the major axes of micro-environmental variance and fitness, we demonstrated that micro-environmental
variance shares a genetic basis with fitness, and that the pattern of selection is suggestive of variance-reducing selection acting on
micro-environmental variance.
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THERE has been a long history of interest in howgenotypes
vary in their environmentally generated phenotypic var-

iance (Reeve and Robertson 1953; Waddington 1953; Lerner
1954) and in the fitness consequences of that variation
(Schlichting 1986; Gavrilets and Hastings 1994; Wagner
et al. 1997; Mulder et al. 2007; Tonsor et al. 2013). Recent
analyses of long-term field data from wild populations (Garant
et al. 2004; Charmantier and Gienapp 2013; Bouwhuis et al.
2014; Gienapp and Merilä 2014; Merilä and Hendry 2014)
have highlighted the substantial covariance that the environ-
ment can generate between fitness and phenotypes (Rausher
1992). However, there remains considerable uncertainty as to
whether environmental variance and fitness share a genetic
basis, and therefore if environmental variance evolves as a
consequence of selection. Improved understanding of these
questions is key to understanding how heritable variation in
environmental sensitivity might influence evolution (Lande
2009, 2015; Chevin et al. 2013).

There are three nested scales of environmental variation
from which environmental variance (VE) (as a component of
phenotypic variance) can arise. The environmental variance
generated by macro-environmental variation has been re-
ferred to as plasticity, while that from external and internal
micro-environmental variation is referred to as canalization
and developmental instability, respectively. While the differ-
ence between macro- and microenvironments is an arbitrary
division of a continuous scale of environmental effects (Debat
and David 2001), determining the genetic basis of macro- vs.
micro-environmental variance requires different approaches,
focused on trait mean and trait variance, respectively. This is
because for macro-environmental variance the environmen-
tal parameter is known and can be manipulated, whereas for
micro-environmental variance it is unknown (Falconer and
Mackay 1996). Evidence for genetic variance in plasticity
typically relies on analyzing the difference in mean phenotype
of particular genotypes across defined macro-environments,
with many studies providing clear evidence of genetic vari-
ance in phenotypic responses to macro-environmental varia-
tion (e.g., Schlichting 1986; Lynch and Walsh 1998; Pigliucci
2005) (Figure 1A). In contrast, evidence for genetic variance
in micro-environmental variance (both developmental instabil-
ity and canalization) requires analyzing the variance in pheno-
type of particular genotypes within a given macro-environment
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(Figure 1B). This dependence on variances poses a twofold
problem for empirical studies of micro-environmental variance.
First, estimating variances requires greater sample sizes than
estimation of means because of the greater sampling variance
(Fuller and Houle 2002; Hill and Mulder 2010; Visscher and
Posthuma 2010). Second, the trait of interest can no longer be
adequately described by a single phenotypic measure made on
an individual.

There are three general approaches that have been used to
estimate the genetic variance in micro-environmental vari-
ance. Thefirst two approaches have been predominantly used

in evolutionary studies, and agricultural breeders have de-
veloped the third approach, which is particularly suited for
outbred populations. Focusing first on the evolutionary ap-
proaches, inbred lines have been used to gain replicate phe-
notypic measures on genetically identical individuals reared
within the same macro-environment, providing a combined
estimate of the genetic variance in internal and external
micro-environmental variance. As each genetic group has
equal (zero) genetic variance (Falconer 1981), differences in
the phenotypic variance among groups reflects genotype
differences in total micro-environmental variance. Genetic

Figure 1 (A) A heuristic representation of environmental variance generated in response to three forms of environmental variation: macro-environmental
variation, external micro-environmental variation, and internal micro-environmental variation. Consider two inbred lines (black/gray and green/purple)
with three replicate individuals per line, studied in two macro-environments. (i) Macro-environmental variation occurs when environments differ in a
measurable and repeatable way, for example by temperature or salt concentration (environment 1 and environment 2). For a given trait, its mean
phenotypic value ð�xÞmay differ depending on which environment a population is exposed to during development, or in other words, the trait may exhibit
plasticity. For both genotypes, the mean phenotypic value of the measured trait is different in the two environments, indicative of phenotypic plasticity. In
addition, the magnitude of phenotypic plasticity varies based on genotype, shown by the difference in slope of the reaction norms (indicated by the black
and purple lines). Therefore, there is also genetic variance in plasticity or a genotype-by-environment interaction. If one considers the mean trait value in
each environment to be a separate trait, the cross-environment genetic correlation in this case is less than one. (ii) In environment 2, replicate individuals
within each genotype each express a slightly different trait value, despite being genetically identical. The differences in trait value are a consequence of
individuals varying in their response to unmeasured micro-environmental perturbations. Now consider the variation among replicate individuals within
each genotype (VP). There is more variance among replicate individuals for the green/purple genotype than the black/gray genotype. Therefore, the black/
gray genotype more consistently produces its target phenotype in face of random and unmeasured environmental perturbations, or in other words, it is
more canalized than the green/purple genotype. This is evidence for genetic variance in canalization: the magnitude of phenotypic variance (VP) produced
by a group of individuals differs depending on their genotype. (iii) Consider now the within-individual level of variation that can be quantified, for
example, by the symmetry of replicated body parts [fluctuating asymmetry (FA)]. In response to unmeasured environmental perturbations, individuals
within the green/purple genotype produce asymmetric replicated body parts, or have a high level of fluctuating asymmetry. In contrast, individuals within
the black/gray genotype produce symmetrical replicated body parts with a low level of fluctuating asymmetry, or in other words, are developmentally
stable. Here, the difference in the magnitude of fluctuating asymmetry is genotype dependent, and therefore there is evidence for genetic variance in
fluctuating asymmetry or developmental instability. In many (or most) cases it is not possible to partition the phenotypic variance into that which arises
from developmental instability vs. canalization and consequently a combined measure of micro-environmental variance is analyzed. (B) A representation
of a population fitness function for a single trait under directional or stabilizing selection. Under a scenario of directional selection, the mean trait value
increases over successive generations. Genotypes with a mean phenotype close to the current optimum, but with high levels of micro-environmental
variance, are more likely to have extreme trait values that bring them closer to the new optimum. Consequently, directional selection may act to
increase micro-environmental variance. In contrast, under a scenario of stabilizing selection genotypes with both a mean trait value close to the
optimum and a low level of micro-environmental variance will be favored. Therefore, stabilizing may act to decrease levels of micro-environmental
variance.
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variance in micro-environmental variance, measured in this
way, has been demonstrated for a range of trait types in yeast,
invertebrate, and plant models (Whitlock and Fowler 1999;
Mackay and Lyman 2005; Hall et al. 2007; Ordas et al. 2008),
with high broad-sense heritability estimates ranging from
36 to 81% (Ansel et al. 2008;Morgante et al. 2015). However,
these broad-sense heritability estimates will be particularly
sensitive to sample size, and cannot distinguish additive from
nonadditive genetic contributions to micro-environmental
variance. Data from recombinant inbred lines suggests that
alleles underlying environmental sensitivity are largely reces-
sive (Tonsor et al. 2013), consistent with the widely estab-
lished decrease in environmental variance that occurs when
inbred lines are crossed (Reeve and Robertson 1953; Lerner
1954; Falconer 1981), suggesting that nonadditive genetic
variance may comprise a portion of the micro-environmental
variance measured.

A second approach to estimating the genetic variance in
micro-environmental variance, which has typically been used
in evolutionary studies, has been to estimate levels offluctuating
asymmetry for replicated body parts: thewithin-individual com-
ponent of micro-environmental variance (developmental insta-
bility). In contrast to the high broad-sense heritability of total
micro-environmental variance, estimates of the narrow-sense
heritability of fluctuating asymmetry (as a proxy for develop-
mental instability) inoutbredpopulationsare typically low(Fuller
and Houle 2002). However, fluctuating asymmetry is likely to
be an incomplete measure of internal micro-environmental var-
iation (Whitlock 1996, 1998; Leamy and Klingenberg 2005),
and heritability might subsequently be much higher than
inferred from these studies, comparable to heritability of
life-history traits (Carter and Houle 2011). Therefore, it re-
mains somewhat unclear whether narrow-sense heritability
of micro-environmental variance is high or low in general.
Investigations of developmental stability have also provided
some evidence that nonadditive genetic effects partly deter-
mine levels of micro-environmental variance. There is some
weak evidence that heterozygotes exhibit less fluctuating
asymmetry than homozygotes (Leamy and Klingenberg 2005)
and that developmental instability may be determined in part
by epistasis (Pélabon et al. 2010). However, it is unknown
whether nonadditive gene action might typically generate non-
additive genetic variance in micro-environmental variance.

If nonadditive genetic effects comprise a large component
of the broad-sense heritability of micro-environmental vari-
ance, determining whether micro-environmental variance
can respond to selection is difficult, because the response to
selection is determined by the additive genetic covariance
between traits and fitness (Robertson–Price identity). Under
certain simplifying assumptions regarding the shape of the
population fitness function, theoretical models predict that
that when an intermediate phenotype has the highest fitness
and a population resides near its fitness optimum, selection
should reduce environmental (and genetic) variance, favor-
ing individuals that exhibit a trait value near the fitness op-
timum (Gavrilets and Hastings 1994; Wagner et al. 1997;

Mulder et al. 2007; Tonsor et al. 2013) (Figure 1B). In con-
trast, under episodes of fluctuating, disruptive, or directional
selection, individuals with more extreme phenotypes are
more likely to exhibit the trait value with the highest fitness,
and therefore, the magnitude of micro-environmental vari-
ance is predicted to increase (Scharloo et al. 1967; Hill and
Zhang 2004; Mulder et al. 2007; Tonsor et al. 2013) (Figure
1B). For both correlative studies in natural populations and
manipulative artificial selection experiments, some studies
have reported patterns that are consistent with the predicted
relationships between fitness and the micro-environmental
component of phenotypic variance, while others have found
no relationship or one counter to predictions (reviewed in
Lens et al. 2002; Leamy and Klingenberg 2005; Pélabon
et al. 2010). Overall, the empirical and analytical difficulties
associated with measuring micro-environmental variance
(Whitlock and Fowler 1997; Clarke 1998; Lens et al. 2002),
estimating its additive genetic variance (Fuller and Houle
2002; Hill 2007; Visscher and Posthuma 2010), and finally
in measuring the selection on this component of phenotypic
variance, have all hindered a clear consensus of how micro-
environmental variance evolves in response to selection (Mulder
et al. 2015) and therefore of the evolutionary significance of
this variation (Lande 2009, 2015; Chevin et al. 2013).

Here, we adopt the third approach that has been used in
animal breeding studies, which enables an estimate of the
additive genetic variance in the total micro-environmental
variance. We conducted a large, two-generation breeding
design in an outbred population of Drosophila serrata, mea-
suring a suite of wing-shape traits and fitness. In outbred
populations, an estimate of the additive genetic variance in
micro-environmental variance can be gained by treating the
micro-environmental component of phenotypic variance as a
trait itself, using a pedigreed population and the appropriate
linear model (Hill 2007; Hill and Mulder 2010). First, the
phenotypic variance in a trait is partitioned to the genetic
(VG) and environmental (VE) components, and then VE itself
is partitioned into genetic and environmental components.
In contrast to the high broad-sense heritability estimates of
micro-environmental variance from inbred lines, estimates of
additive genetic variance in micro-environmental variance
from outbred agricultural populations suggest the narrow-
sense heritability is very low. It has been found to range
from 0.00 to 0.048 for traits such as litter size in sheep
(SanCristobal-Gaudy et al. 2001), pigs (Sorensen and
Waagepetersen 2003), and rabbits (Ibanez-Escriche et al.
2008); and body weight in snails (Ros 2004), broiler chickens
(Mulder et al. 2009; Wolc et al. 2009), and rainbow trout
(Janhunen et al. 2012). Whether these estimates from
populations typically subject to generations of artificial di-
rectional selection are representative of randomly mating, out-
bred populations is generally unknown; although recent
evidence from a wild great tit population similarly found a low
narrow-sense heritability of 0.005 for micro-environmental
variance of fledgling weight (Mulder et al. 2016). If the
narrow-sense heritability is indeed very low, as these studies
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suggest, the evolutionary implications of micro-environmental
variance may be substantially different than predicted from
micro-environmental variance estimates from inbred lines.

Employing a two-step method of analysis (Mulder et al.
2009; Wolc et al. 2009), our experimental design enabled
us to estimate the additive genetic variance in the micro-
environmental variance of wing shape, in addition to estimat-
ing the genetic variance for a comprehensivemeasure offitness.
Our multi-generation breeding design enabled us to reduce
the nonadditive genetic and Mendelian sampling variance
that contributed to the phenotypic variance of VE, improving
on previous studies (Mulder et al. 2009, 2016). Finally, by
measuring both fitness and micro-environmental variance in
the same breeding design we were able to directly test, for a
population predicted to be under mutation–selection bal-
ance, whether micro-environmental variance could respond
to selection (Mulder et al. 2015).

Methods

Theexperimental design, basedona large, laboratory-adapted
population of D. serrata housed under standard conditions at
25� (Hine et al. 2014), is described in detail in Sztepanacz
and Blows (2015). Briefly, the first generation employed a
paternal-half-sibling breeding design, where 75 sires were
each mated to three virgin dams (total of 225 dams). The
second generation employed a double-first-cousin breeding
design, where two pairs of full brothers from each dam (i.e.,
four sons per dam)weremated to two pairs of full sisters from
a different sire, such that the two pairs of sisters were not
related to each other or to the mating partners of their brothers
and sisters. Upon emergence, virgin sons were collected from
each of the 685 families that produced offspring in that gener-
ation. A median of five sons per family were allocated for use in
a competitivefitness assay and amedian of eight sons per family
(brothers of the sons allocated for the fitness assay) were allo-
cated for wing phenotyping.

This experimental design enabled us to estimate the ge-
netic variance in the mean of wing traits, in addition to the
genetic variance in themicro-environmental variance of these
same traits. Because we alsomeasured fitness on the brothers
of individuals that had their wings phenotyped, we were able
todeterminehowbothwingshapeanditsmicro-environmental
variance genetically covaried with fitness, and therefore
whether wing shape and its micro-environmental variance
could respond to selection. Under our experimental design,
we consider variance among full siblings reared within the
same vial. Variation in larval density among vials could poten-
tially affect the phenotypic variance within families, and if
density is largely determined by genetic variance in fitness,
then this genetic variance in fitness can have a causal effect
on phenotypic variance in wing phenotypes. A previous anal-
ysis of these wing data provides no evidence that common
environment is an important component of the genetic var-
iance in wings (Sztepanacz and Blows 2015), but the effect
of common environment on micro-environmental variance is

unknown. In total, we analyzed one wing from each of
5040 individuals in 685 families, and fitness from 2883 indi-
viduals in 666 families (Table 1).

Male wing phenotypes were measured for up to 15 males
per full-sib family,withamedianofeightwingsper family.One
wing from each male (either left or right) was removed and
mounted on a standard microscope slide using double-sided
tape. Wings were photographed and nine landmarks (Figure
2) corresponding to those previously described (McGuigan
and Blows 2007, 2013) were recorded using tpsDig2 soft-
ware (Rohlf 2005a,b). Landmarks were then aligned by gen-
eralized Procrustes least squares superimposition using
tpsRegW (Rohlf and Slice 1990; Rohlf 1999, 2005a,b). Eight
interlandmark distances were then calculated and used in
subsequent analyses: aLM2–4, aLM2–5, aLM2–8, aLM3–7,
aLM3–9, aLM4–5, aLM5–6, and aLM5–8 (Figure 2; Sztepanacz
and Blows 2015). For simplicity, we refer to these traits as
wing shape, however, because we did not fit size as a covariate
in our analyses, the interlandmark distances are confounded
with nonuniform allometric variation and therefore do not ex-
clusively describe shape. Bymeasuring only one wing from each
male,wewere unable to partition thewithin-individual variance
in wings (fluctuating asymmetry) from the among-individual
variance, and therefore these data result in a combined estimate
of the internal and external micro-environmental variance in
wings. As wings were chosen haphazardly from either the left
or the right, the phenotypic variance in wing shape may also be
confounded with directional asymmetry. While there is no evi-
dence for directional asymmetry in D. serrata, it has been dem-
onstrated in D. melanogaster (Klingenberg et al. 1998), and if
present may therefore inflate the phenotypic variance estimated
for our wing traits.

Male fitness was assessed for up to five sons from each
family. A focal male from the breeding design (red eyed) was
placed in a vial with two females and a competitor male
(orange eyed), where flies were allowed to freely mate and
oviposit for 48 hr before being discarded from the vials. After
eclosion, the resulting offspring were scored for paternity
using eye color, where orange is recessive to red. In this assay,
the number of adult offspring sired by a male from the
breeding design reflects his competitive mating success, the
productivity of the female he mated to, and the survival to

Table 1 Summary of the pedigree and summary statistics for each
of the eight interlandmark distance wing traits (units of centroid
size multiplied by 1000) and log-odds fitness

Records Trait Mean (SD) Skewness Kurtosis

5049 aLM2–4 324.64 (10.64) 20.16 3.32
aLM2–5 509.40 (10.49) 20.19 3.33
aLM2–8 594.75 (10.38) 20.09 3.02
aLM3–7 577.58 (9.61) 20.07 2.91
aLM3–9 771.20 (6.30) 0.15 2.97
aLM4–5 431.64 (11.20) 20.16 3.04
aLM5–6 208.05 (9.84) 0.04 3.14
aLM5–8 436.47 (9.44) 20.03 3.04

2883 Fitness 20.05 (2.53) 20.09 2.42
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emergence of his offspring. Vials that did not produce any
offspring (zeros), likely due to female damage or death, were
removed prior to analyses. In the following analyses, male
competitivefitnesswascalculatedas thenatural logarithmof the
odds ratio of thenumberof focal-male- to competitor-male-sired
offspring (Reddiex et al. 2013; Collet and Blows 2014):

w ¼ ln

 
focalþ 1

competitorþ 1

!
:

Prior to analysis, a total of 24 multivariate outliers (0.5% of
the total wing data, distributed randomly across families)
were identified and removed from the wing-phenotype data
using the multivariate Mahalanobis distance technique
implemented in the software package JMP (version 10; SAS
Institute, Cary, NC). The fitness and wing data were approx-
imately normally distributed (summary statistics Table 1)
and were not standardized; however, the data were centered
on their trait-specific means and interlandmark distance val-
ues were rescaled (all multiplied by 1000) to ensure that the
residuals, which were used as traits in part of the analysis,
would not hindermodel convergence due to their small scale.

Genetic analyses

General overview: The genetic analysis to estimate the ad-
ditive genetic variance in themeans of wing traits and in their
micro-environmental variance involved a two-step approach
that has previously been employed in several studies (e.g.,
Mulder et al. 2009; Wolc et al. 2009; Janhunen et al. 2012).
The first step employed a standard quantitative genetic model
to estimate the additive genetic, dominance genetic, and re-
sidual variance for the means of the wing-shape traits (y) and
for the mean of fitness (w). The second step used the residuals
of the wing-shape traits obtained from the first model as the
observations (phenotypic values) for the subsequent models,
after transforming these residuals to represent the natural
logarithm of squared deviations of individuals from their
family mean lnðe2i Þ: Expressed in this way, these data enabled
us to estimate the additive genetic variance in the micro-
environmental variance of wing-shape traits. In this two-step

approach, the transformed residuals that are used as pheno-
typic observations in the second-step models are a combina-
tion of the true micro-environmental effects of interest, and
estimation error, which is not accounted for in the second-
step model. The accuracy of the squared residuals is reflected
in the diagonal elements of the “hat matrix,” which describe
the leverages (influence) of observed values on the fitted
values for the same observations (Hill and Mulder 2010).
To determine whether any of our observations were particu-
larly influential, we examined the leverages for every obser-
vation of each trait. The leverages were small with little
variation for any of the traits studied (Supplemental Mate-
rial, Figure S1 in File S1) and, therefore, accounting for the
leverages by employing a double hierarchical generalized
linear model (DHGLM) of analysis (Hill and Mulder 2010;
Rönnegård et al. 2010; Mulder et al. 2013, 2016) would not
be expected to have a large impact on our results. However,
in situations where leverages are substantial, a DHGLM ap-
proach may be more suitable.

To determine whether wing shape and its micro-
environmental variance were subject to selection, we used
the measures of fitness that were obtained on the brothers of
individuals that had their wings measured. First, we deter-
mined whether wing shape itself was under quadratic selec-
tion by estimating the additive genetic covariance between
fitness (w) and the squared deviations of each wing-shape
trait from their population mean (y2). Second, to establish
whether the micro-environmental variance of wing shape
was also subject to selection, we determined the additive
genetic covariance between fitness (w) and the micro-
environmental variance traits (e2i ). As described above, micro-
environmental variance traits were, by definition, squared
deviations from family means. Therefore, the genetic covari-
ance between fitness and micro-environmental variance
traits directly indicated whether these traits were also subject
to quadratic selection.

Step 1: genetic variance in the mean of wing-shape traits:
All genetic analyses were conducted using restricted maxi-
mum likelihood within an animal model framework, imple-
mented in Wombat (Meyer 2007), where the numerator
relationship matrix was used to estimate the additive genetic
values and the dominance relationship matrix was used to
estimate the dominance deviations. The dominance genetic
relationship matrix was calculated and inverted using the
nadiv package (Wolak 2012) in R (R Core Team 2012) before
being supplied to Wombat. Univariate quantitative genetic
analyses of individual wing-shape traits and fitness employed
the following mixed model:

yi ¼ mþ ai þ di þ ei; (1)

where yi is either fitness or a wing-shape trait for individual i.
The numerator relationship matrix was used to estimate ai,
the additive genetic value of individual i (population mean of
0, variance of s2

a); the dominance genetic relationship matrix

Figure 2 The landmarks (1–9) recorded to characterize wing-shape var-
iation, which are based on Procrustes aligned coordinates. The eight
interlandmark distances analyzed (aLM2–4, aLM2–5, aLM2–8, aLM3–7,
aLM3–9, aLM4–5, aLM5–6, and aLM5–8) are in units of centroid size, and
are indicated with dashed lines that represent the Euclidian distances
between the respective points. For example, the dashed line between
point 2 and 5 denotes the trait aLM2–5.
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was used to estimate di, the dominance genetic value of in-
dividual i (mean 0, variance  s2

d); and eiwas the residual error
(mean 0, variance  s2

e ). Initially, a common environment ef-
fect was included in the model to account for full siblings
being reared in the same vial. However, common environ-
ment explained ,1% of the variance in wing shape and did
not differ significantly from zero for any of the traits ana-
lyzed, therefore this effect was excluded from these analyses
(Sztepanacz and Blows 2015). Statistical support for the ad-
ditive and dominance genetic variance in each trait was
assessed by using a log-likelihood ratio test with one degree
of freedom, comparing the fit of a model that included vs.
excluded the variance component of interest. These models
were identical to the univariatemodels presented in Sztepanacz
and Blows (2015), however, in the current analysis the data
have not been standardized to unit variance. Residuals,
expressed as deviations from the population mean, were
obtained for each individual in the terminal generation of
the pedigree. In addition to the univariate analyses of each
interlandmark distance trait, we also estimated the additive
genetic covariance matrix of all eight interlandmark distance
traits, G, as detailed in Sztepanacz and Blows (2015).

Step 2: genetic variance in the micro-environmental vari-
ance of wing-shape traits: The residuals obtained from (1)
quantify each individual’s deviation from the population mean
phenotype, after accounting for the deviations resulting from
additive and dominance genetic effects. Therefore, these data
capture the external micro-environmental variance plus inter-
nal micro-environmental variance specific to each individual.
To estimate the genetic variance in micro-environmental vari-
ation, we first transformed these residual data. Because we
focus on analyzing the phenotypic variance generated by sto-
chastic micro-environmental variation experienced among
families, we first centered individual residual deviations
on their family mean. Second, we square these residuals be-
cause we are interested in deviations about the mean but not
in which direction they might occur. Third, we applied the
natural logarithm to these residuals after they had been
recentered and squared. Means and variances can be posi-
tively correlated, such that families with large trait means also
tend to have large variances (Walsh and Lynch 2010). Taking
the natural logarithm reduces the potential for such scaling
effects to generate spurious results (Mulder et al. 2009).
The phenotypes for micro-environmental variance used in
this step of the analysis were therefore lnðe2i Þ for each wing-
shape trait, with these data describing the magnitude of an
individual’s deviation from its family mean.

To determine the additive genetic variance in the micro-
environmental variance of individual wing-shape traits, uni-
variate analyses employed the following mixed model:

e2i ¼ ae2i þ ee2i ; (2)

where  e2i   is a micro-environmental variance trait for individ-
ual i on the ln scale [we simplify the notation of lnðe2i Þ to

just e2i   from this point forward to reduce the complexity of
the subscripting below]. The numerator relationship matrix
was used to estimate  ae2i ; the additive genetic value of indi-
vidual i for e2 (population mean of 0, variance s2

ae2
Þ and

ee2i   is the residual variance of individual i for  e2(mean 0,
variance s2

ee2
Þ; which accounts for random variation that is

not explained by genetic effects on either mean shape or
micro-environmental variance in shape. Initially, a dominance
effect was also included in these models; however, the results
indicated that dominance variance was not an important
component of the genetic variance in micro-environmental
variance (Table S1 in File S1). We therefore excluded the
dominance genetic effect from our models.

To compare the levels of additive genetic variance for the
mean of individual wing-shape traits that were obtained from
(1) (s2

a) to the micro-environmental variance of these traits
that were obtained from (2) ðs2

ae2
Þ; the variance components

must be expressed as a proportion of the total phenotypic
variance in wing shape. To do this, we used the heritability,
as thismetric has commonly been reported from other studies
of genetic variance in trait means and micro-environmental
variances. Heritability can be calculated as a proportion
of e2i using the parameter estimates derived from (2):
h2e2 ¼ s2

ae2
=ðs2

ae2
þ s2

ee2
Þ: To express the heritability estimates

as a proportion of the phenotypic variance in the eight inter-
landmark distance traits that were measured, and thus as the
same proportion as (1), we used the equations derived by
Mulder et al. (2007). First, we calculated the additive genetic
variance of micro-environmental sensitivity on the measured
trait scale as: s2

AV
¼ h2e22ðs2

e Þ2;  where h2e2   is calculated as
above and s2

e comes from (1). We then calculated the heri-
tability of micro-environmental variance as a proportion of
the phenotypic variance in the measured trait:

h2v ¼ s2
AV�

2s4
P þ 3s2

AV

�; (3)

where s2
P   is the phenotypic variance from (1).

Multivariate analysis of micro-environmental variance: In
addition to single-trait models, we carried out a multivariate
genetic analysis of micro-environmental variance for all eight
wing-shape traits. This analysis allowed us to estimate the
additive genetic covariance matrix for micro-environmental
variance in wing shape ðGe2Þ: The multivariate linear model
was:

ye2i ¼ Zaþ Ie; (4)

where the phenotypic observations,  ye2i ; for all individuals
came from the univariate model (1) and were analyzed with a
model where Z was a design matrix relating observations to
the additive genetic effects a. Iwas an identitymatrix, and e a
vector of residual errors. The random effect (and residuals)
were assumed to be normally distributed and elements of a
were further assumed to be drawn from a∼N(0, Ge25A),
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where Ge2  was the additive genetic covariance matrix
for micro-environmental variance in wing shape and Awas the
numerator relationship matrix. The statistical dimensionality of
the covariance matrix, Ge2 ; was evaluated using log-likelihood
ratio tests for a series of nested reduced rank (factor analytic)
models (Hine and Blows 2006).

Stabilizing selection on the mean of wing shape: The form
of selection acting on the mean of wing shape will have
consequences for whether the genetic covariance between
fitness and themicro-environmental variance ofwing shape is
predicted to be positive or negative. For a trait whose mean is
under directional selection, the genetic covariance between
fitness and the micro-environmental variance is predicted to
be positive (variance-increasing selection), whereas under sta-
bilizing selection a negative genetic covariance (variance-reduc-
ing selection) is predicted. Therefore it was important to first
establish the formof selection acting on themeanofwing shape.

Previous analyses of these data indicated that wing-shape
traits were subject to directional selection (Sztepanacz and
Blows 2015), but whether wing shape was also subject to
nonlinear selection was not explored. To quantify the multi-
variate nonlinear selection acting on the genetic variance in
the mean of wing-shape traits, we estimated the additive
genetic covariance matrix between fitness (w) and the prod-
ucts of the eight measured wing-shape traits when expressed
as phenotypic deviations from their population mean (f)
(Rausher 1992; Delcourt et al. 2012). Because wing-shape
traits were centered on their trait-specific means prior to
estimating the additive genetic variance in their mean, they
were already expressed as deviations from the population
mean. Therefore, we simply needed to generate all cross-
products prior to parameterization of f. The parameteriza-
tion of f (Table S2 in File S1) was achieved by estimating
each element of the matrix as the genetic covariance between
fitness (w) and the corresponding trait deviation cross-products
using bivariate models. A total of 36 bivariate models were run
to estimate all elements of f, with the standard format of the
model shown here for one cross-product and fitness:

½w; yj*yk� ¼ Z1aþ Z2dþ Ie;

where fitness and product of the jth and kth trait deviations
were treated together as dependent variables, and were an-
alyzed with a model where Z1 was a design matrix relating
observations to the additive genetic effects a, Z2was a design
matrix relating observations to the dominance genetic effect
d, I was an identity matrix, and e a vector of residual errors.
The random effects (and residuals) were assumed to be nor-
mally distributed and elements of a were further assumed to
be drawn from a∼N(0, G5A), where G was the additive ge-
netic covariancematrix andAwas the numerator relationship
matrix. Similarly, the elements of d were assumed to be
drawn from d∼N(0, D5Z), where D was the dominance ge-
netic covariance matrix and Z was the dominance genetic
relationship matrix. The residual covariance between fitness

and the products of trait deviations was fixed at zero to reflect
these traits being measured on different individuals. Diago-
nalization of f yielded the eigenvectors and corresponding
eigenvalues that characterize the form of nonlinear selection
acting on wing shape, with negative eigenvalues being indic-
ative of stabilizing selection (Delcourt et al. 2012).

Selection on micro-environmental variance of wing shape:
Once we had determined the form of selection acting on the
mean of wing shape, the next step was to determine how the
genetic variance in themicro-environmental variance of wing
shape was associated with fitness. First, we focused on two
multivariate trait combinations that were associated with
statistically significant genetic variance, as determined by
the factor analytic rank test (described above and in Results)
of the eight-trait micro-environmental variance additive ge-
netic covariance matrix, Ge2 : This enabled us to place statis-
tical significance on the additive genetic and dominance
genetic covariances between fitness and the major axes of
micro-environmental variance, which captured 67% of the
total genetic variance in micro-environmental variance. We
scored all individuals for these two multivariate trait combi-
nations using  gTe2i

Z, where Z is a row vector of the observed
micro-environmental variance traits for an individual and ge2i
is either ge2max

or ge22 (the first or second eigenvector of Ge2 ).
We then fit a bivariate model [of the same form asmodel (4)]
to each of these composite traits with fitness to estimate both
the additive genetic and the total (additive plus dominance)
genetic covariance between them. The confidence intervals
of these covariance estimates were obtained by employing
the “sample” procedure in Wombat (Meyer 2007), which
samples from the distribution given by inverse of the Fisher
Information matrix, to approximate the standard error on
(co)variance components and their functions (Meyer and
Houle 2013; Houle and Meyer 2015). The elements of Ge2 ;

which describe the (co)variance amongmicro-environmental
variance traits, are themselves squared deviations. Therefore,
a negative covariance between fitness and an individual’s
score for the multivariate trait combinations ge2max

ðge22Þ is in-
dicative of variance-reducing selection (Delcourt et al.
2012; Mulder et al. 2015).

In addition to focusing on the two composite traits above,
which each explained a significant portion of the genetic
variance in micro-environmental variance, we employed an
alternate approach that enabledus todetermine the total genetic
covariance between all eight of the micro-environmental vari-
ance traits (capturing 100% of the genetic variance in micro-
environmental variance) and fitness. Due to parameter
constraints, we were unable to fit all nine traits simulta-
neously (eight wing-shape micro-environmental deviations
plus fitness). Therefore, we fit bivariate models [as (4)
above] between each pair of traits; these models simulta-
neously estimated additive genetic, dominance genetic, and
residual (co)variances. We then used a maximum-likelihood
approach, implemented in Wombat (Meyer 2007, 2012), to
pool the estimates from bivariate analyses, generating full
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(nine trait) additive and dominance covariance matrices.
The justification behind this pooling approach is given in
Sztepanacz and Blows (2015), with details of the method
provided in Meyer (2012). Briefly, this approach simulta-
neously pools the bivariate additive estimates to form a
nine-trait additive covariance matrix and pools the bivariate
dominance estimates to form a nine-trait dominance covari-
ance matrix, while accounting for the typically strong nega-
tive sampling correlations between estimates from analyses
with overlapping subsets of traits (Meyer 2012). After pool-
ing, to obtain the matrix of total genetic (co)variance, we
added together the additive and dominance covariance ma-
trices. In the resulting matrix of total genetic (co)variance,
the matrix elements of the column (or row) corresponding to
fitness (excluding the diagonal element that represented the
genetic variance in fitness) indicate the genetic covariance
between eachmicro-environmental variance trait and fitness.
These elements, when arranged as a vector, are analogous to
the genetic selection differentials sg, or when scaled by Ge2 ;

the genetic selection gradient bg (Stinchcombe et al. 2013).
However, as micro-environmental variance traits are squared
deviations, this vector describes the predicted responses to
quadratic, and not directional, selection.

Data availability

File S2 contains the pedigree and corresponding phenotype
information for each of the eight wing-shape traits and the
log-odds fitness trait that were analyzed here. Descriptions of
each column in the data are provided at the top of the file.

Results

Genetic variance in the mean of wing-shape traits

The heritabilities for the mean of individual wing-shape traits
ranged from0.296 to 0.564, and the heritability of fitness was
three orders of magnitude smaller at 0.2333 1023 (Table 2).
We found no statistical support for the presence of additive
genetic variance in fitness, but there was for each wing-shape
trait (Table 2). We also found statistical support for domi-
nance variance in three of eight wing traits and for fitness
(Table 2).

Genetic variance in the micro-environmental variance of
wing-shape traits

Univariate analyses of the micro-environmental variance in
each wing-shape trait demonstrated statistically signifi-
cant additive genetic variance in e2i   for five of the eight

micro-environmental variance traits (Table 3). The heritabil-
ities of the micro-environmental variance of wing-shape traits
were ,1% in all cases, and differed markedly from the heri-
tabilities for the mean of wing-shape traits, being on average
two orders of magnitude smaller (Table 2 and Table 3). The
multivariate analysis of micro-environmental variance traits
revealed strong correlations among many of them, with posi-
tive covariances predominating (21 of 29 covariances in
Ge2  were positive; Table 4). Factor analytic modeling revealed
statistical support for only the first two eigenvectors of Ge2 ;

accounting for 67% of the total genetic variance (reducing
from two to one dimensions significantly worsened the fit of
the model x2 = 15.43, d.f. = 7, P = 0.03). The contrast be-
tween the total additive genetic variance explained by the first
two eigenvalues of Ge2(67%) and the summed variance of the
two individual traits with the largest variance (38%) high-
lights the extent to which the micro-environmental variance
wing-shape traits shared a common genetic basis.

The genetic covariance between mean wing shape and its
micro-environmental variance will determine whether the
response to selection acting onmicro-environmental variance
is constrained by selection acting on mean wing shape. How-
ever, estimating the genetic covariance between themean of a
trait and its micro-environmental variance has proven chal-
lenging for traits such as litter size in pigs and rabbits (Hill and
Mulder 2010; Yang et al. 2011). In a preliminary analysis of a
single wing-shape trait (aLM2–4), the parameter estimate
for the covariance between themean andmicro-environmental
variance of this trait was 0.248 and statistically significant
(x2 = 16.96, d.f. = 1, P , 0.001). However, when micro-
environmental variance phenotypes were randomized across
the pedigree, we also found evidence for a statistically signif-
icant covariance between mean wing-shape and its micro-
environmental variance (parameter estimate = 20.13, x2 =
7.016, d.f. = 1, P = 0.008), suggesting the possibility of a
spurious covariance in the unrandomized data and preclud-
ing us from obtaining a quantitative estimate of this evolu-
tionarily important covariance. As a proxy, we determined
whether trait combinations associated with high additive ge-
netic variance for micro-environmental variance in wing-shapes
were also associated with high additive genetic variance for
mean shape by projecting each of the first two eigenvectors of
Ge2 through G (Figure 3). Projecting vectors, including selec-
tion gradients, through G is a common approach for deter-
mining the genetic variation available for a response to
selection in that direction of trait space (Blows et al. 2004;
Hansen and Houle 2008). Here, the projection demonstrated

Table 2 Variance component estimates for the mean of wing shape and fitness

aLM2–4 aLM2–5 aLM2–8 aLM3–7 aLM3–9 aLM4–5 aLM5–6 aLM5–8 Fitness

s2
a 63.948** 44.200** 60.416** 44.220** 11.714** 59.828** 45.917** 44.013** 0.002

s2
d 3.296 35.660* 20.771 26.518* 12.363* 33.157 12.065 21.870 1.719*

s2
e 45.970 29.200 25.191 21.623 15.433 32.542 38.180 24.547 4.718

h2 0.564 0.405 0.568 0.479 0.296 0.477 0.477 0.487 0.233 3 1023

s2
a ; additive genetic variance; s2

d ; dominance genetic variance; s2
e ; environmental variance (residual variance); h2, heritability calculated as h2 = s2

a /(s
2
a + s2

d + s2
e ). ** P , 0.01,

* P , 0.05 from a univariate likelihood ratio test with one degree of freedom, comparing the fit of a model that included vs. excluded the variance component of interest.
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that thefirst two eigenvectors ofGe2  were each associatedwith
relatively high levels of additive genetic variance: 18 and
11% of the total additive genetic variance in wing-shape trait
means, respectively (Figure 3). Although this result does not
provide any definitive proof that the same genetic variation con-
tributes to trait mean and to trait variance, it does indicate that
wing-shapes associated with high levels of additive genetic var-
iance (andhigh evolutionary potential) formicro-environmental
variance are also associated with high levels of additive genetic
variance (evolutionary potential) in the mean. Such a relation-
ship suggests thepotential for selectiononwing traitmeans tobias
any response to selection on wing-shape micro-environmental
variance.

Stabilizing selection on the mean of wing-shape

Consistent with previous evidence in Drosophila (McGuigan
et al. 2011;McGuigan and Blows 2013), we found a consider-
able amount of the selection on wing shape to be stabilizing.
An eigenanalysis of the genetic covariance matrix between
fitness and the products of the eight wing traits (expressed as
deviations from their population means) (f) returned four
positive and four negative eigenvalues (Table S2 in File S1).
The negative eigenvalues, indicative of stabilizing selection,
accounted for 61% of the total quadratic selection present;
therefore, there was evidence for stabilizing selection be-
cause the negative eigenvalues explained .50% of the total
quadratic selection. Because f was composed from bivariate
models, it was not possible to determine statistical support
for the genetic dimensions of this matrix within the frame-
work of the multivariate mixed model employed here.

Selection on the micro-environmental variance
of wing-shape

Inadditionto thestabilizingselectiononwing-shape, theadditive
genetic effects (breeding values) for the micro-environmental
variance of wing-shape were correlated with those for fit-
ness. There was a negative additive genetic covariance be-
tweenfitness andeachof thefirst twoaxes of additive genetic
variance in themicro-environmental variance of wing-shape
of 20.064 and 20.069, for ge2max

and ge22 ; respectively. A
negative correlation is indicative of variance-reducing selec-
tion (Delcourt et al. 2012; Mulder et al. 2015). However, due
to the low additive genetic variance in fitness, the SE of these
covariances was relatively large, such that the confidence
intervals of these estimates overlapped zero [ge2max

: 20.19,
0.07; ge22 : 20.18, 0.04]. Therefore, while the additive genetic
covariance between fitness and each of the major axes of
micro-environmental variance suggestsweak variance-reducing

selection, the evidence for this association was marginal. The
projection of the normalized vector, whose elements were the
additive genetic covariance between eachmicro-environmental
variance trait and fitness (Table 5) through Ge2 ; also supported
only a very weak association between the breeding values for
fitness and those for micro-environmental variance (Figure 4).

While only the presence of an additive genetic covariance
between fitness and a trait provides evidence that the trait
can respond to selection, a genetic covariance between fitness
and the nonadditive genetic variance that contribute to trait
variation suggests that there are alleles affecting both the trait
and fitness, and consequently that they share a genetic basis.
Here, the total (additive plus dominance) genetic variance in
fitness was positively correlated with micro-environmental
variance. The genetic correlation between fitness (whose
genetic variance was primarily comprised of dominance var-
iance) and the first two eigenvectors of Ge2 (whose genetic
variance was comprised of additive variance) was 0.049
[20.131, 0.229] and 0.179 [20.031, 0.389], for ge2max

and
ge22 ; respectively. It is possible that the shared genetic basis
between fitness and micro-environmental variance in wing-
shape does not fall along either of these two orthogonal axes
(ge2max

;ge22) of micro-environmental genetic variance. To ex-
plore this, we projected the normalized vector whose ele-
ments were comprised of the covariance between the total
genetic variance (additive plus dominance) in fitness and in
each micro-environmental variance trait (Table 5) through
Ge2 : The projection indicated that 29%of the genetic variance
in Ge2  was associated with fitness (Figure 4). Accordingly,
this vector fell between the first and second eigenvalues of
Ge2 ; within a subspace that was found to have statistically
significant genetic variance (Figure 4). Therefore, we can
infer an association between the genetic variance in micro-
environmental variance and in fitness; however, this associ-
ation seems to be driven primarily by dominance variance
in fitness.

Discussion

Despite considerable interest over the past seven decades
(e.g., Reeve and Robertson 1953; Waddington 1953; Lerner
1954; Schlichting 1986; Gavrilets and Hastings 1994; Wagner
et al. 1997; Mulder et al. 2007, 2015, 2016; Tonsor et al.
2013), the evolution ofmicro-environmental variance remains
unresolved. Two major empirical challenges have slowed
progress on assessing the relative evolutionary significance
of this variation, namely the difficulty of estimating the
additive genetic variance in micro-environmental variance in

Table 3 Variance component estimates for the additive genetic variance in micro-environmental variance of wing-shape

aLM2–4 aLM2–5 aLM2–8 aLM3–7 aLM3–9 aLM4–5 aLM5–6 aLM5–8

s2
ae2

0.235** 0.058 0.170** 0.145** 0.004 0.041 0.145** 0.160**

h2v 0.0080 0.0010 0.0020 0.0020 0.0001 0.0006 0.0044 0.0023

s2
ae2
; additive genetic variance of micro-environmental variance; h2v ; heritability of micro-environmental variance on the measured trait scale (calculated according to Equation 3);

** P , 0.01 from a univariate likelihood ratio test with one degree of freedom, comparing the fit of a model that included vs. excluded the variance component of interest.
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randomly mating, outbred populations, and in characterizing
the selection acting on this variation. Here we demonstrated
that the micro-environmental variance of a suite of wing-
shape phenotypes in a randomly mating, outbred population
of D. serrata had a genetic basis that was shared with fitness,
and therefore that micro-environmental variance may re-
spond to selection.

Univariate analyses uncovered significant additive genetic
variance in the micro-environmental variance for five of the
eightwing-shape traits.However, theheritabilitiesof themicro-
environmental variance traits (as a proportion of the total
phenotypic variance in the measured wing-shape traits) were
low (,1%). Heritabilities of this magnitude are a marked de-
parture from standard quantitative trait heritabilities, which
are typically between 20 and 60% (Lynch and Walsh 1998),
and between 30 and 57% for the wing-shape traits in this
study. Although the average reported heritability of micro-
environmental variance in agricultural populations is higher
than found here (3.8%; Hill and Mulder 2010), a similarly
large difference (an order of magnitude) in heritability be-
tween a trait mean and its micro-environmental variance is
typical of agricultural studies (e.g., Mulder et al. 2009; Wolc
et al. 2009, 2011; Janhunen et al. 2012).

The low narrow-sense heritability of micro-environmental
variance in D. serratawings and for life history or production
traits in agricultural studies is in contrast to the broad-sense
heritability of micro-environmental variance that has been
estimated from inbred lines. For traits such as abdominal
bristle number (Mackay and Lyman 2005), sternopleural
bristle number, chill coma recovery, startle response, and star-
vation stress resistance in D. melanogaster (Morgante et al.
2015), and gene expression in yeast (Ansel et al. 2008), her-
itabilities of micro-environmental variance were an order of
magnitude larger than reported here, in the 36–81% range.
Inbred line experiments may result in overestimates of the
heritability; inbred lines have double the additive genetic
variance compared to outbred populations, with estimates
also confounded by dominance variance (Falconer 1981).
For quantitative traits in general, dominance is predicted to
be an important mechanism for masking the effects of de-
leterious alleles, and therefore for maintaining invariant
phenotypes (Meiklejohn and Hartl 2002; Bagheri-Chaichian
et al. 2003; Bagheri andWagner 2004; Agrawal andWhitlock
2011). Although we found little evidence that dominance

variance contributed to the levels of genetic variance in micro-
environmental variance, our power to detect dominance ge-
netic variance in micro-environmental variance was low.
Additionally, a lack of dominance variance does not indicate
a lack of dominant gene action (Hill et al. 2008; Huang and
Mackay 2016), it simply demonstrates that the variance in
dominance deviations for all loci affecting the trait of in-
terest are, on average, zero.

In general, our results suggest that the heritability of
micro-environmental variance might typically be lower in
natural populations than is implied by estimates from inbred

Table 4 The additive genetic covariance matrix (Ge2 ) of the micro-environmental variance of wing-shape traits

aLM2–4 aLM2–5 aLM2–8 aLM3–7 aLM3–9 aLM4–5 aLM5–6 aLM5–8

aLM2–4 0.249 0.239 0.369 0.654 20.087 20.494 0.068 0.254
aLM2–5 0.031 0.067 0.046 0.077 0.103 20.379 20.016 0.002
aLM2–8 0.081 0.005 0.192 0.292 20.106 20.563 0.403 0.528
aLM3–7 0.141 0.009 0.055 0.187 0.182 20.736 0.099 0.716
aLM3–9 20.008 0.005 20.009 0.015 0.038 0.259 0.791 0.294
aLM4–5 20.075 20.030 20.075 20.097 0.015 0.092 0.158 20.592
aLM5–6 0.014 20.002 0.071 0.017 0.062 0.019 0.163 0.266
aLM5–8 0.055 0.000 0.100 0.134 0.025 20.078 0.046 0.187

Additive genetic variances are displayed in boldface font on the diagonal, with covariances on the bottom left, and correlations in italics font in the upper right.

Figure 3 The proportion of additive genetic variance (VA) accounted for
by each of the eigenvectors of the additive genetic covariance matrix G
for the mean of wing-shape, calculated by the eigenvalue of the respec-
tive vector divided by the trace of G. The shaded area indicates the
eigenvectors that were determined to have statistically significant genetic
variance using factor analytic modeling. The ▵ and 3 depict the pro-
portion of additive genetic variance in the mean of wing-shape traits that is
associated with the major axis of genetic variance in micro-environmental
variance of wing-shape  ge2max

; and the second largest axis of genetic vari-
ance in micro-environmental variance  ge22

; respectively. The proportion
of additive genetic variance associated with each vector was calculated by
projecting the respective vectors through G and scaling by the trace of G.
Note the high level of additive genetic variance in trait means that is con-
tained in the major axes of micro-environmental variance, indicating a shared
genetic basis of trait means and their micro-environmental variance.
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lines, an observation that, if general across other types of traits
and populations, suggests that the response to selection on
environmentally generated trait variability might be limited.
Carter and Houle (2011) applied artificial directional selec-
tion to fluctuating asymmetry of D. melanogaster wings,
estimating the realized heritability of this component of
micro-environmental variance. Comparable to our heritabil-
ity estimates of total micro-environmental variance, the her-
itability of fluctuating asymmetry was ,1%. Similarly, in a
ferent experiment the lack of selection response of fluctuat-
ing asymmetry after 10–14 generations of artificial selection
also suggests that heritability is low (Tsujino and Takahashi
2014). Inconsistent selection responses for traits associated
with very low additive genetic variance suggests that rare
alleles contribute the variance, and consequently the random
sampling of rare alleles in small populations could explain the
lack of evolutionary response (Hine et al. 2014). Overall these
studies of outbred populations are consistent with our results,
suggesting that genetic variance for micro-environmental var-
iance is likelymuch lower than suggested by analyses of inbred
lines.

The first eigenvector of the eight-trait additive genetic
covariancematrix for themicro-environmental variance traits
(Ge2) accounted for 48% of the genetic variance present in
micro-environmental variance, more than double the amount
accounted for by any single trait, indicating that the covari-
ance structure among micro-environmental variance traits
concentrates genetic variance onto specific axes. All but one
trait contributed concordantly to ge2max

(Table 5), reflecting the
predominantly positive additive genetic covariance among
micro-environmental deviations (Table 4). The mechanisms
buffering phenotypes against stochastic micro-environmental
variation are poorly known, and it remains unclear whether
the levels of micro-environmental variance are determined by
trait-specific or common-buffering mechanisms (Breuker et al.
2006; Siegal and Leu 2014). Our results are consistent with
a common-buffering mechanism shared among wing-shape
traits, conferring robustness against micro-environmental
perturbations. However, considering that all of the traits

here are aspects of wing shape, which likely share a de-
velopmental pathway, their sensitivity to environmental
perturbations may be expected to be positively correlated
(Leamy and Klingenberg 2005). Nonetheless, our results
highlight the potential of multivariate quantitative genetic
analyses to determine the extent to which different types
of traits share a common micro-environmental buffering
mechanism.

Although there has been considerable theoretical attention
given to the effects of selection on micro-environmental
variance (Zhang 2005; Zhang and Hill 2005, 2007), there is
currently limited empirical data addressing whether micro-
environmental variance is under selection (Mulder et al.
2015, 2016). Carter and Houle (2011) observed greater re-
sponse to artificial selection to increase fluctuating asymme-
try than to decrease it. Such a biased response to selection is
typical of fitness traits, suggesting that genetic variance is due
to rare alleles kept at low frequency due to their deleterious
effects on fitness (Frankham 1990; Hill and Caballero 1992;
Falconer and Mackay 1996; McGuigan and Blows 2007;

Figure 4 The proportion of additive genetic variance ðVAe
2Þ accounted for

by each of the eigenvectors of the micro-environmental variance matrix Ge2

(s), calculated by the eigenvalue of the respective vector divided by the
trace of Ge2 : The shaded area indicates the eigenvectors that were de-
termined to have statistically significant genetic variance using factor ana-
lytic modeling. The: depicts the proportion of additive genetic variance in
micro-environmental variance that is associated with the vector of total
genetic covariance (additive plus dominance) between fitness and micro-
environmental variance, calculated by projecting this vector through
Ge2 and scaling by the trace of Ge2 :The • depicts the proportion of additive
genetic variance in micro-environmental variance that is associated with
the vector of additive genetic covariance between fitness and micro-
environmental variance, calculated by projecting this vector through
Ge2 and scaling by the trace of Ge2 : Note the large difference in variance
accounted for by the first vs. second eigenvalue of Ge2 ; suggesting that
pleiotropic covariance may restrict much of the genetic variance in micro-
environmental variance to a single multivariate trait combination. In addi-
tion, dominance variance in fitness (:) is shown to have an association
with the genetic variance in micro-environmental variance.

Table 5 The multivariate trait combinations describing the genetic
covariance between fitness and each micro-environmental variance
trait.

cova(w,a2e) cova+d(w,a2e) ge2max

cova(w, ge2max
) 20.064

aLM2–4 20.006 0.634 0.501
aLM2–5 20.122 0.116 0.067
aLM2–8 0.206 0.518 0.402
aLM3–7 20.140 0.245 0.505
aLM3–9 20.739 20.251 0.030
aLM4–5 0.414 0.112 20.317
aLM5–6 0.421 20.225 0.152
aLM5–8 0.167 0.360 0.451

cova(w,a2e ): the additive genetic covariance between fitness (w) and each micro-
environmental variance trait a2e ; cova+d(w,a2e ) the total genetic covariance between
fitness and each micro-environmental variance trait; cova(w,ge2max

) the additive ge-
netic covariance between the first eigenvector of Ge2 and fitness
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Sztepanacz and Rundle 2012). In general, understanding the
evolutionary consequence of selection requires a genetic ap-
proach. The Robertson–Price identity predicts the response to
selection from the genetic covariance between fitness and the
trait of interest. This approach overcomes the challenges to
inference posed both by environmentally generated covari-
ances between trait and fitness (Rausher 1992; Kruuk et al.
2002; Stinchcombe et al. 2002), and by the “missing frac-
tion,” individuals removed from the population by viability
selection prior to their adult phenotypic traits being measured
(Hadfield 2008; Mojica and Kelly 2010; Polak and Tomkins
2013). Here, our results provide evidence that fitness and the
environmental variance in wings in this population ofD. serrata
share a genetic basis that is suggestive of variance-reducing
selection operating on micro-environmental variance.

In our experimental population, which had been kept un-
der constant conditions in the laboratory for�50 generations
prior to the experiment, we found significant (and moder-
ately high) dominance variance, but no evidence for additive
genetic variance in fitness (Table 2) (Sztepanacz and Blows
2015). This suggests that persistent directional selection on
fitness had eroded much of its additive genetic variance and,
therefore, that this population may be evolving under vari-
ance-reducing (stabilizing) selection in the vicinity of its phe-
notypic optimum.Our results were consistent with stabilizing
selection acting on the mean of wing-shape phenotypes to
some extent, with the multivariate genetic analysis of fitness
and squared phenotypic deviations of each wing-shape trait
from the population mean (f) (Table S2 in File S1) indicat-
ing that 61% of the quadratic selection present on wings was
stabilizing. However, estimating f from a series of bivariate
models precluded us from testing how much of this selection
was statistically significant.

Given the presence of stabilizing selection on wing shape,
we would predict the micro-environmental variance of wing
shape to also be subject to variance-reducing selection (Zhang
and Hill 2008; Hill and Mulder 2010). The two-dimensional
subspace ofGe2 that was found to have statistically significant
genetic variance in micro-environmental variance was found
to consistently display negative genetic correlations with the
additive genetic variance in fitness, indicative of variance-
reducing selection. However, in both cases the upper confi-
dence intervals of these genetic correlations overlapped zero,
limiting our ability to draw a strong conclusion from these
associations. In contrast, the genetic correlations between
dominance variance in fitness and the additive variance in
the same subspace of the micro-environmental variance were
consistently positive, indicating that alleles generating domi-
nance deviationswith respect to fitnessmay increase the levels
of micro-environmental variance. Although we did not find
evidence that dominance variance was an important compo-
nent of micro-environmental variance, alleles resulting in
dominance deviations with respect to fitness may act addi-
tively for micro-environmental variance (Lynch and Walsh
1998). Therefore, fitness variation that is presumably gener-
ated by recessive alleles for a population atmutation–selection

balancemay also increase levels ofmicro-environmental variance.
This result is consistent with data from inbred line crosses and
recombinant inbred lines in Arabidopsis thaliana which indi-
cates the alleles underlying environmental sensitivity are
largely recessive (Hall et al. 2007).

In summary, our results provide evidence for an additive
genetic basis of micro-environmental variance for a suite of
morphological traits that describe wing-shape variation in a
randomly mating, outbred population of D. serrata. While there
was limited evidence for variance-reducing selection on themicro-
environmental variance in this population, there was a stron-
ger association between dominance genetic variance in fitness
and themicro-environmental variance. Consistent with previous
studies of developmental stability and environmental canaliza-
tion, our data suggest that dominance genetic effects may mask
much of the genetic variance in sensitivity to environmental
perturbations. Additional empirical studies of this nature will
be needed to assess how the genetic basis of fitness is associated
with themicro-environmental variance of quantitative traits, and
to determine how trait means and their micro-environmental
variance evolve under variance-reducing selection.
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