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Mutation predicts 40 million years of fly wing
evolution
David Houle1, Geir H. Bolstad1,2, Kim van der Linde1,3 & Thomas F. Hansen4

Mutation enables evolution, but the idea that adaptation is
also shaped by mutational variation is controversial1–4. Simple
evolutionary hypotheses predict such a relationship if the supply
of mutations constrains evolution 5,6, but it is not clear that
constraints exist, and, even if they do, they may be overcome by
long-term natural selection7. Quantification of the relationship
between mutation and phenotypic divergence among species
will help to resolve these issues. Here we use precise data on over
50,000 Drosophilid fly wings to demonstrate unexpectedly strong
positive relationships between variation produced by mutation,
standing genetic variation, and the rate of evolution over the last
40 million years. Our results are inconsistent with simple constraint
hypotheses because the rate of evolution is very low relative to what
both mutational and standing variation could allow. In principle,
the constraint hypothesis could be rescued if the vast majority
of mutations are so deleterious that they cannot contribute to
evolution, but this also requires the implausible assumption that
deleterious mutations have the same pattern of effects as potentially
advantageous ones. Our evidence for a strong relationship between
mutation and divergence in a slowly evolving structure challenges
the existing models of mutation in evolution.
Arguments in favour of the idea that mutation may constrain
evolution rest on indirect evidence. Theory demonstrates that the rate
of evolutionary change is potentially constrained by the availability
of mutational variation8. There is empirical evidence that the amount
of variation that mutation produces varies widely among traits9,10.
Several studies have found correlations between mutational variation
and the amount of standing genetic variation within a population11–13,
and there is often, but not always, rough similarity between standing
genetic variation and divergence among species7. Several simple models
of evolution, summarized in Table 1, assume that mutation constrains
evolution5,7,14,15. These models all predict that divergence will tend to
be greater in directions with more mutational variation, but differ in
their predictions of the rate of divergence among species, scaling of
divergence rate with mutation, and phylogenetic heritability (the degree
of phenotypic resemblance between related species).
Equally plausible arguments can be made that evolution is not
constrained by mutation. The influence of natural selection in
evolution is evident in the fit of phenotypes to environments throughout the tree of life; observed mutational variation can fuel orders of
magnitude more evolutionary change than is observed on geological time scales, even in rapidly evolving organs such as the human
skull16, suggesting that phenotypes can be rapidly optimized by
natural selection. Diversifying natural selection often arises from
external ecological circumstances, such as the presence or absence of
competitors, predators or resources17, suggesting that the direction
of adaptive evolution could be both idiosyncratic and independent of
mutational variation.
Here, we directly estimate the relationship between mutation,
rate of species divergence and within-population genetic variation.

We summarize variation using variance matrices, consisting of the
variances and covariances of traits. Mutation is quantified as the
amount of phenotypic variance created by mutation per g eneration,
captured in M matrices. The rate at which differences among
species have evolved is summarized in an R matrix. Lande5 showed
that within-population additive genetic variance, summarized in
a G matrix, mediates the possible relationship between M and R.
G predicts the short-term response to selection and potentially longterm evolution, and is shaped by the interactions among selection,
mutation and other evolutionary forces.
We estimated variation in the locations of 12 landmark vein intersections on wings in the Dipteran family Drosophilidae (Extended
Data Fig. 1a), summarized as wing size and 20 independent wing
shape variables. Each shape variable represents a specific pattern of
relative movement in the locations of vein landmarks, while holding
size c onstant (Extended Data Fig. 1b–d).
Our first result is that all 21 measured aspects of wing form have
evolved among Drosophilid flies, consistent with our previous finding
that G captures variation in all measured aspects of wing form in
Drosophila melanogaster18. Our estimates of spontaneous mutational
variation provide evidence for variation in at least 18 orthogonal trait
combinations when measured in homozygous condition (Mhom), and
8 in heterozygous condition (Mhet)10. The discrepancy is likely to be
due to insufficient statistical power in the mutation experiment, as the
Table 1 | Macroevolutionary predictions of mutational constraint
models
Evolutionary model7

Fitness function

Neutral evolution
Flat
Fluctuating
Linear
directional selection
‡
Divergent selection Linear
BM§ slow||
BM§ fast||
White noise**
OU†† slow||
OU†† intermediate||
OU†† fast||
Observed

Moving optimum¶
Moving optimum
Moving optimum
Moving optimum
Moving optimum
Moving optimum

Divergence
rate*

Scaling
Phylogenetic
exponent heritability

High (2VM†) 1
High
2

High
High

Very high
>2VM
Low
Very high
Low
Low
Low
Low
Low

2

Intermediate

~0
~0
0
~0
0–1
~0
~1

High
High
0
Intermediate
Low
~0
High

Results for fly wings are given in the last row (‘observed’). Predictions that match the observed
results are in bold.
*
Per-generation divergence rate averaged over macroevolutionary timescales.
†
VM is the per-generation increase in variance in a single trait due to mutation.
‡
Each taxon is subject to selection in a different direction.
§
Optima move according to Brownian motion in an unlimited random walk.
||
Speed is the movement of optimum relative to the rate at which the population evolves towards
the optimum.
¶
All moving optimum models assume that fitness declines with the square of the distance from
the multivariate optimum.
**
Optima move in a temporally uncorrelated pattern.
††
Optima move according to an Ornstein–Uhlenbeck process, which combines Brownian motion
with a tendency to return to a single global optimum. OU parameters chosen to approximate the
low divergence rate observed.
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Figure 1 | Mean wing shapes of 112 Drosophilid species, plus five outgroup taxa. Each point represents the Procrustes-aligned position of a single vein
intersection in one taxon. The inset shows the phylogeny of the major Drosophilid taxa represented in this study. Grey diamonds indicate phenotypes of
outgroup taxa.

existence of genetic variation within and among species in all aspects of
wing form must have a basis in mutation. The estimates of R, G, Mhom
and Mhet are in Supplementary Tables 2–5.
Our second result is that wings evolve very slowly. Figure 1 shows
that, once scaled to the same size, all fly wings are similar, despite
diverging over at least 40 million years. Extended Data Fig. 2 shows that
shape and size show modest levels of divergence at short time scales but
greatly increased divergence over tens of millions of years. The rate of
species divergence is remarkably slow compared to the variation within
species (Extended Data Table 2). Assuming that the average number of
generations per year for Drosophila species is 10, the rate of divergence
is less than 10−4 of the rate that would be generated by genetic drift in
the absence of selection. The variance generated by just 187 generations
of mutations, as summarized in Mhom, is equal to the average variation
created by one million years (Myr) of wing evolution. This corresponds

to 14 mutational standard deviations. Just half the variance in the
G matrix is equal to the evolutionary rate per Myr, an average change of
just 0.7 genetic standard deviations. For comparison, artificial-selection
experiments on wing shape readily achieve multiple genetic standard
deviations of response in tens of generations19–22.
Our third result is that the phylogenetic relationship between
species predicts 90% of their phenotypic similarity, as measured
by the p
 hylogenetic heritability23 (Extended Data Table 3). When
variation among species is captured in the two variables that best
show d
 ivergence, major Drosophilid clades occupy restricted regions
of phenotype space (Fig. 2).
Finally, the patterns of mutational, within-species and among-
species variation are remarkably similar. This is evident in the r elative
variation around each landmark position on the wing (Fig. 3). To investigate the similarities in matrix structure more comprehensively, we
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Figure 2 | Species scores on the two directions in shape phenotype space
(canonical variables) that explain the most variance among species
means. Canonical variate 1 and Canonical variate 2 capture 57% and
14% of the variance among species means, respectively. A representative
wing from each species group is shown (numbers are mean centroid

size in millimetres). Symbol shapes correspond to the groups in Fig. 1.
Hirtodrosophila includes the genera Hirtodrosophila and Mycodrosophila.
Scaptodrosophila includes the genera Scaptodrosophila and Chymomyza.
Unique taxa are D. busckii, Samoaia leonensis, and Dettopsomyia
nigrovittata. Grey diamonds indicate phenotypes of outgroup taxa.
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Figure 3 | Ellipses representing the variation around each landmark.
Variance matrices were scaled to the same size, so areas of ellipses are
relative to the total variance within each matrix.
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compared the variance along the same set of directions for each pair
of matrices, with the results for shape shown in Fig. 4, and for shape
and size in Extended Data Fig. 3. The precision of these relationships
is striking, as the proportion of variance explained (R2) by almost all of
these r elationships is greater than 90%. The scaling parameters for the
influence of mutation on divergence, b, are all within a factor of 0.3 of
the proportional value of b =  1.
We thus have four main results: all measured wing traits evolve; the
rate of evolution is low; phylogenetic heritability is high; and mutation
is highly correlated with evolutionary divergence. The largely proportional relationship between mutation and divergence gives apparent
support to the idea that mutation constrains evolutionary divergence,
but examination of the predictions listed in Table 1 make it clear that
none of the mutational constraint models can explain all of our results.
For example, the neutral model predicts high phylogenetic heritability
and b = 1, but a rate of evolution over four orders of magnitude higher
than what we observe5,15,24.
The mutational constraint hypothesis can be rescued if most mutations cause deleterious pleiotropic effects that render them irrelevant
to adaptation, and, more importantly, the proportion of mutational
variation that is deleterious is similar for all traits. To examine the
consistency of this hypothesis, we used conditional evolvability25, the
evolvability achieved when all trait combinations not subject to directional selection are subject to stabilizing selection. This is equivalent to
assuming that mutations with effects that are not in the precise direction favoured by selection are deleterious. Conditioning on the wing
traits that we measured lowers the predicted evolvability by a factor of
about 10 (Extended Data Fig. 4). The relationships based on conditional
variation within the wing are still fairly precise, consistent with deleterious pleiotropy affecting all traits to a similar degree. The potential
impact of deleterious pleiotropy could be even larger because there is
certain to be pleiotropy between wings and traits we did not measure.
Alternatively, our results could be explained if the pattern of
mutation is the outcome, rather than the driver, of macroevolutionary processes26,27. If phenotypic optima change faster along dimensions of phenotype space that are normally under weaker stabilizing
selection, it is conceivable that the genetic architecture itself would
evolve so that M matches R. Genetic variation for M exists28, and some
studies have found selective conditions under which M will plausibly
be reshaped to more closely match the fitness landscape29–31. More
explicit models generally cast doubt on this possibility, as M can also
evolve counter to the adaptive expectation, depending on the pattern
of epistasis32–34.
We do not know whether the striking pattern of similarity between
mutational and among-species variation we observe is found in other
traits and taxa. It is possible that the low rate of evolution in fly wings
makes them particularly susceptible to whichever processes favour
matching mutational and among-species variation. In some cases in
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Figure 4 | Relationships between variance in wing shape in M, G and R.
Points are log10(variances) ± 2 s.e. along orthogonal directions in
phenotype space. Key gives the allometric scaling parameter, b ±  s.e. and
R2 for the regression. Lines pass through the bivariate means of the points,
and have slopes equal to b. a, R and G on Mhom and Mhet. b, R on G.

which rapid evolution has taken place there is evidence that withinand among-population variation can be decoupled (for example,
ref. 35). It would be particularly interesting to study mutation and
genetic variation in relation to divergence in phenotypes with a history
of evolutionary innovation.
Our finding of striking similarities among mutational, genetic and
among-species variation coupled with a low rate of evolution are not
readily explained by any of the available models of evolution. This is
an important challenge for evolutionary theorists.
Online Content Methods, along with any additional Extended Data display items and
Source Data, are available in the online version of the paper; references unique to
these sections appear only in the online paper.
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Datasets. We combine three datasets in this analysis: a new species dataset,
R, used to estimate the rate of among-species divergence, R; and two previously
published datasets, M and G. The 12,075-wing M dataset was used to estimate the
homozygous (Mhom total) and heterozygous (Mhet non-segregational) mutational
variance for wing shape arising in two different inbred D. melanogaster genotypes10.
The 17,323-wing G dataset was used to estimate the additive genetic variance, G,
in a single outbred D. melanogaster population from Wabasso, Florida, USA18,36.
For the R dataset, we measured 21,138 wings from 117 taxa. These include
the 111 samples of taxa listed in Supplementary Table 6 in ref. 22, plus an additional six taxa listed in Extended Data Table 1. Of these taxa, 112 are from the
family Drosophilidae, and the remaining five are from the Acalyptrate families
Ephydridae, Lauxaniidae and Chloropidae. Our Drosophilids are overwhelmingly
drawn from the subfamily Drosphilinae, with just two taxa from the subfamily
Steganinae. Species were collected from the wild or obtained from the Drosophila
Species Stock Center, or from other collectors. Flies were reared using combinations of food, temperature, and rearing environments based on the instructions from the source or from published sources. Wild-collected specimens were
measured when we were unable to rear the flies in the laboratory. Four Drosophilid
species are represented by more than one subspecies. The mean sample size per
taxon was 181. Eighty-five species had samples of at least 181 wings. The minimum
sample size was nine wings.
No statistical methods were used to predetermine sample size. Observers were
not blinded to the identity of specimens.
Phylogenetic hypothesis. Our phylogenetic hypothesis for these taxa is the partitioned maximum-likelihood phylogram given in Fig. 3 of ref. 37, including Ceratitis
capitata (Tephritidae), Ephydra riparia, Neogriphoneura sordida and Discocerina
obscurella (Ephydridae) as outgroups. We omitted the N. sordida wing data from
the comparative analysis because this species diverged well before the other taxa.
All species in our phylogeny are members of the Dipteran section Schizophora.
To convert this phylogeny to estimates of divergence time, we estimated an
ultrametric tree using penalized likelihood in the program r8s38. We estimated the
best smoothing parameter to be 10 using cross-validation, allowing considerable
variation in rates across the phylogeny. We analysed evolutionary rates assuming
a minimum age of 23 Myr for the divergence between Scaptomyza and Hawi’ian
Drosophila (Idiomyia), and a maximum age of the ‘picture-winged’ Hawi’ian
clade of 5.1 Myr39. These constraints by themselves yielded unrealistically old
divergence times. There has been considerable disagreement as to the age of the
Drosophilidae39–41 and its containing clade, the Schizophorans, so we conducted
separate analyses assuming that the last common ancestor of the Schizophorans
lived a maximum of either 75 or 150 Myr ago, yielding divergence times for the
family Drosophilidae of 39.5 or 66.4 Myr, respectively. While the overall rate of
evolution was influenced by this difference in assumed divergence time, all other
results of this study were otherwise very similar. All results presented assume the
more recent divergence time of 39.5 Myr for the family, based on the evidence that
the radiation of the Schizophoran clade was post-Cretaceous42,43.
To obtain the final relationship matrix, we omitted taxa not in the family
Drosophilidae, then re-estimated the optimal smoothing parameter to be 1. The
r8s estimation was repeated on this smaller dataset, constraining the divergence
time of the family to 39.5 Myr. The final estimates of divergence times are given
in Supplementary Table 1.
We supplemented the phylogeny by inserting three species based on other
evidence. D. athabasca was added based on the phylogeny of ref. 44. D. arizonae
and D. anceps were added based on our super-tree analysis45, supplemented with
other published phylogenies46–48. Six taxa for which wing data are shown in Fig. 1
are missing from this phylogeny: one species in the Drosophilid subfamily
Drosophilinae (Samoaia leonensis), one of our two species in the Drosophilid subfamily Steganinae (Leucophenga sp.) and the four taxa from families Lauxaniidae
and Chloropidae.
Wing measurements. We used a semi-automated procedure for imaging wings
and for estimating vein locations and corresponding landmarks21. The user immobilizes the left wing of a live CO2-anaesthetized fly with a suction device and takes
a digital image of the wing. We fit a series of cubic B-splines to the wing veins in
the resulting image in the program Wings 3.72 (ref. 49). The x and y coordinates
of 12 landmark vein intersections were extracted from the fitted splines (Extended
Data Fig. 1a).
Shape data were geometrically aligned to eliminate variation due to differences
in the rotation and translation of the images using Procrustes least-squares
superimposition50 within each species, then subjected to the robust Minimum
Volume Ellipsoid51,52 algorithm to detect multivariate outliers. The fit of the
splines to the corresponding image was examined for all outliers, and corrected
when n
 ecessary using an interactive module in Wings 3.72. Damaged wings and

truly aberrant wings that were more than four robust s.d. away from the mean
were excluded. All but one taxon in our sample have the same vein topology with
five longitudinal veins and two crossveins. The exception is the Hawi’ian species
D. silvestris, which has an additional crossvein, as shown in Fig. 2, as well as dark
clouds on the wings that made automated splines fit poorly. Splines for this s pecies
were substantially fit by hand, starting from the approximate fits obtained in
Wings 3.72.
The previously published M10 and G36 datasets were gathered using the same
landmark definitions and techniques.
Analysis of wing shapes. The M, G and R datasets were then simultaneously
aligned50 with an even larger dataset of 83,000 wings that also includes wings
from experiments that are not part of this study. Although the superimposed data
are still in the form of 12 pairs of x and y coordinates, three degrees of freedom
are used for superimposition, so the resulting variance matrices have a maximum
rank or dimensionality of 21—centroid size and 20 shape variables. Centroid size
was measured in millimetres, then natural log-transformed before analysis53. All
shape variables and ln(size) were then multiplied by 1,000. We carried out analyses
in the 21-dimensional shape-size space then back-transformed parameter estimates
into the wing shape space for interpretation and visualization. Examples of these
back-transformed shape variables are shown in Extended Data Fig. 1b–d.
Canonical variate analysis. To visualize the relationship of phenotypes among
species in Fig. 2, we used canonical discriminant analysis in the procedure
CANDISC in SAS 9.3 (ref. 54). We used taxon as the classification variable, then
scored the phenotype of individuals on the first two canonical variables. The first
two canonical variables were nearly orthogonal (vector correlation r =  0.03) and
similar to the first two principal components of the among-species covariance
matrix (r = 0.83 PC1 vs CV1; r = 0.84 PC2 vs CV2).
Phylogenetic heritability. We partitioned the among-species variance into
that which can be explained by a Brownian-motion model of evolution VB, a
phylogenetically uncorrelated residual VU, and within-species variance Vw
using the the maximum-likelihood mixed-model program Wombat55. The full
multivariate model would not converge, so we analysed each of the 21 traits in
univariate analyses. Phylogenetic heritability23, H2, calculated as VB/(VB +  VU),
is a measure of the expected correlation of related taxa. To compute an average
H2 over sets of traits, we weighted each variable by its among-species variance.
H2 estimates are shown in Extended Data Table 3.
Estimating variance matrices. We estimated variance matrices in Wombat55. In
each case, we estimated pooled-sex variance matrices by including the sex of the fly
as a fixed effect. Estimation of matrices was carried out for both full- and reducedrank models56–58, and we selected the best-fitting rank model on the basis of
Akaike’s Information Criterion corrected for small sample size (AICc). We obtained
1,000 matrix estimates from the sampling distribution of each matrix using the
restricted maximum likelihood, multivariate normal (REML-MVN) approach18.
Matrices were sampled in a transformed space (the L-scale18) to ensure that each
sampled estimate was of the same rank as the best estimate. To estimate the rate
of divergence across our phylogeny, we used a phylogenetic mixed model23,59
implemented in Wombat using a relationship matrix based on the divergence
times in Supplementary Table 1. A full-rank model of species d
 ivergence in all
21 possible phenotype dimensions fits more than 2,000 AICc units better than
lower-dimension models.
The homozygous (Mhom total) and heterozygous (Mhet non-segregational)
mutational variance matrices were estimated using a single analysis of the data
from two different inbred genotypes, fitting a fixed effect for genotype and sex in
each case10.We re-estimated the standing additive genetic variance matrix G as
previously described18, with the addition of natural log-transformed centroid size
as a 21st variable. Block and sex were fit as fixed effects.
Comparison of variation across the phenotype space. Mhom and Mhet are both less
than full rank, so we used ‘common subspace analysis’10 to find a subspace in which
to compare each M matrix with the better-estimated G or R matrix. Commonsubspace analysis simultaneously maximizes the proportion of variance of both
matrices that is captured in the common subspace, and ensures that the variance
in all directions in the common subspace is greater than the minimum eigenvalue
that was statistically supported for each matrix10. We used the trace (sum of the
diagonal elements) of each matrix in the common subspace as a measure of o verall
variation. Proportionality constants were calculated as the ratio of the traces.
To compare variation in each pair of matrices, we scaled them to the same
size by multiplying one of them by the appropriate proportionality constant, then
computed the average matrix, H. We decomposed H into its eigenvectors, and
took the resulting eigenvectors KH as directions along which to compare variation.
The vector of variances along each of these eigenvectors was calculated from each
matrix estimate, C, as the diagonal of KHTCKH, where T indicates transposition.
The directions KH are not in themselves particularly meaningful, but collectively
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provide a set of orthogonal directions that cover the entire phenotype space. For G,
the values of this vector are evolvabilities in the sense of ref. 25. For the M matrices,
these variances are related to the evolvability that would arise in a population
segregating for the mutations that arise each generation. Because our estimates of
M were not full rank, we include just the r directions in which the corresponding
M matrix was well-estimated.
Conditional variance in a direction is uncorrelated with variation in a set of
orthogonal directions25,60; for these calculations, we assumed that when one direction was under directional selection, all other orthogonal directions were constrained by stabilizing selection. Conditional variance is zero in a matrix of less
than full rank, so we calculated it in the r rank space common to the compared
matrices as follows. The conditional variances are the inverses of the diagonal
elements of C[−r,1r], where

C[r, r] = KH[n, r]T CKH[n, r]
and KH[n, r] is an n ×  r matrix consisting of the first r columns of KH.
The scaling relationships between R and M or G were estimated using a
phylogenetic mixed model assuming that Brownian motion explains all of the
phylogenetic signal. The r supported orthogonal directions of KH defined the traits
in this analysis, and the mean of trait i in species j was given by

yij = μi + dij + mij
where μ is the (weighted) average of the trait across the phylogeny, d is the
phylogenetic effect and m combines sampling and measurement errors. The v ector
of measurement errors was assumed to have a multivariate Gaussian distribution
m ~  N(0, P⊗S), where N represents normal distribution, ~denotes ‘is distributed
as’, ⊗is the Kronecker product, P is the variance matrix of the average within-
species phenotypic distribution, and S is a diagonal matrix with the inverse of
species sample sizes minus one along the diagonal. The vector of phylogenetic
effects was assumed to be distributed as r ~  N (0, R⊗A),where A is a matrix with
elements equal to the branch lengths shared between species. Our analysis differs
from standard phylogenetic mixed models in that the rate matrix has off-diagonal
elements set to zero, and the ith diagonal element specified by the log-linear
relationship log10(Rii) =  log10(k) +  blog10(Qii), where log10(k) is the intercept and
b is the slope of the scaling relationship, Rii is the among-species evolutionary rate
in the ith direction, and Qii is the predictor variance (conditional or unconditional,
depending on the analysis) in the same direction. The scaling relationship between
G and M was estimated by the same model, in which full-sib family means were
replaced by the species means, A was the additive genetic relatedness among fullsib families, P was the average within-family variance matrix, and N was based on
the sample size of each full-sib family. To fully implement the half-sib breeding
design, which was carried out in 36 temporal blocks36, we included block as a fixed
effect in this analysis.
We corrected for sex differences before the analyses by centring the raw data on
global sex means. All scaling-relationship models were fitted using the Template
Model Builder61 implemented in R62. Values were log10-transformed before
analysis. The magnitude of variation in parameters was calculated from 1,000
randomly paired replicate estimates of each matrix. For comparison, we c alculated
the corresponding least-squares regressions (results not shown), which gave slopes
consistent with, but generally slightly lower than, the scaling relationship fit with
the mixed model.
The slope estimates are slightly biased owing to the variance in estimating the
predictor variances. Under standard linear model assumptions and the classical
model of measurement error63,64, the bias will be

σ2
βˆ − β
≈ − 2u
β
σX
where β is the true value of the slope, β̂ is our estimate, σ u2 is the pooled error
variance in the predictors, and σ 2X is the underlying variance of the predictors
themselves. When the unconditional variances are used as predictors the bias is
trivial for M (−0.04% for Mhom and −0.01% for Mhet) and −1.5% for G. For
regressions on conditional variances, the bias is −2.2% for Mhom, −0.7% for Mhet
and −0.4% for G.
We attempted to fit multiple regressions in which both M and G were used to
explain R. Unconditional variances in M and G were highly collinear ( variance
inflation factor 74), so multiple regression yielded slope estimates with high
standard errors (results not shown).

Code availability. Code used for extraction of wing data, and for statistical
analyses in SAS, R and Template Model Builder is available upon request from the
authors. Executable versions of the Wings program are available at http://www.bio.
fsu.edu/~dhoule/software.html.
Data availability. The data on which this study is based are archived in Dryad
(doi:10.5061/dryad.3b7g5, doi:10.5061/dryad.hb37q and doi:10.5061/dryad.5fr18).
Source Data for Figs 1–4 are provided with the online version of the paper.
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Extended Data Figure 1 | Wing landmarks measured and representation
of shape changes. a, Vein model fitted to a D. melanogaster wing. The
coordinates of the twelve vein intersections shown are the data for this
study. b–d, Shape vectors for PC1 of the matrices. b, Mhom matrix.
c, G matrix. d, R matrix. Each vector represents a pattern of changes in

the locations of landmark intersections, represented by the arrows. The
colours represent the pattern of landmark movements as local expansions
and contractions that can explain the movements of the landmarks. The
scale of local changes is in log2 units, so −1 represents a halving of local
area, and +1 a local doubling.
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Extended Data Figure 2 | Divergence of wing phenotypes as a function of the time since the most common ancestor. Size divergence (top) is the
absolute value of the difference in log-transformed centroid size. Shape divergence (bottom) is measured as Procrustes distance.
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Extended Data Figure 3 | Relationships between variance in M, G and R in wing size and shape. a, R and G on Mhom and Mhet. b, R on G. See legend of
Fig. 4 for additional explanation.
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Extended Data Figure 4 | Relationships between conditional variance in M or G and variance at higher levels. See Legend of Fig. 4 for explanation.
Values of the scaling slopes and R2 are given in Extended Data Table 4. a, R and G on Mhom and Mhet for shape. b, R and G on Mhom and Mhet for
shape–size. c, R on G for shape. d, R on G for shape–size.
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Extended Data Table 1 | Taxa included in the species dataset, but not included in ref. 22

†SS, species obtained from the US Drosophila Species Stock Center. Number following is the stock number. A. Hoikkala and C. Boake provided mounted wings.
‡Laboratory, flies measured after multiple generations in laboratory culture. F1 and F2, flies measured in first or second generation in the laboratory.
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Extended Data Table 2 | Ratios of evolvabilities of matrix 1 to matrix 2

*Dimension of common sub-space used to compare matrices10. Dimensions of the comparisons chosen to be in
the full-rank common subspace that best fits the two matrices.
†R is expressed as the rate per Myr.
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Extended Data Table 3 | Univariate estimates of phylogenetic
heritability (H2) for twenty shape traits, plus ln(centroid size)
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Extended Data Table 4 | Regression of log10 variances in R (per Myr)
or G on log10 conditional variances in G or M matrices

*Number of dimensions compared.
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