ORIGINAL ARTICLE

doi:10.1111/j.1558-5646.2007.00161.x

THE G MATRIX UNDER FLUCTUATING
CORRELATIONAL MUTATION AND SELECTION

Liam J. Revell
Department of Organismic and Evolutionary Biology, Harvard University, Cambridge, Massachusetts 02138

E-mail: Irevell@fas.harvard.edu

Received October 29, 2006
Accepted April 11, 2007

Theoretical quantitative genetics provides a framework for reconstructing past selection and predicting future patterns of phe-
notypic differentiation. However, the usefulness of the equations of quantitative genetics for evolutionary inference relies on
the evolutionary stability of the additive genetic variancexcovariance matrix (G matrix). A fruitful new approach for exploring
the evolutionary dynamics of G involves the use of individual-based computer simulations. Previous studies have focused on the
evolution of the eigenstructure of G. An alternative approach employed in this paper uses the multivariate response-to-selection
equation to evaluate the stability of G. In this approach, | measure similarity by the correlation between response-to-selection
vectors due to random selection gradients. | analyze the dynamics of G under several conditions of correlational mutation and
selection. As found in a previous study, the eigenstructure of G is stabilized by correlational mutation and selection. However, over
broad conditions, instability of G did not result in a decreased consistency of the response to selection. | also analyze the stability
of G when the correlation coef®cients of correlational mutation and selection and the effective population size change through
time. To my knowledge, no prior study has used computer simulations to investigate the stability of G when correlational mutation
and selection "uctuate. Under these conditions, the eigenstructure of G is unstable under some simulation conditions. Different
results are obtained if G matrix stability is assessed by eigenanalysis or by the response to random selection gradients. In this case,
the response to selection is most consistent when certain aspects of the eigenstructure of G are least stable and vice versa.

KEY WORDS: Evolutionary constraint, genetic constraint, genetic correlation, genetic variancexcovariance matrix, quantitative
genetics.

The additive genetic variance+covariance matrix; onatrix, has  in which 1 Z is a vector of single-generation changes in popu-
become an important tool in predicting the course of phenotypidation means for traits and is a vector of the partial regres-
evolution under natural selection and genetic drift (Lande andsion coefficients of fithess on phenotype (i.e., the selection gra-
Arnold 1983; Arnold 1992; Arnold et al. 2001 is a symmet-  dient; Lande 1979; Lande and Arnold 1983). As the response
rical matrix in which the diagonal elements are additive genetido selection depends both on the genetic variation for single
variances for traits and the off-diagonal elements are additive garaits and on the genetic correlations between themGhmea-
netic covariances (Lynch and Walsh 1998). Quantitative genetitrix plays a central role in determining the course of adaptive
theory comprises, at its base, a set of equations that use this mateixolution.

to describe the course and pattern of phenotypic evolution (Lande  Lande (1979) also proposed that the net selection gradient
1979; Lande and Arnold 1983; Arnold etal. 2001). Central amongb () responsible for phenotypic change over many generations
these equations is the multivariate version of the classic breedertould be obtained by summing equation (1) from time 0 to time
equation (Lande 1979), which provides the single-generation ret; such that

sponse to selection,

1ZD Gb: 1) bret D G (Zi i 20); )
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in whichz is a vector of trait means at tinteln addition, if the  differs from the eigenanalysis in which the stability®fis mea-
populations or species had phenotypically diverged under driftsured directly. As such, | will henceforward refer to the random
then the covariance matrix for species mean trait valuespPthe skewers approach as measuring the evolutionary consistency of
matrix, has an expectation proportional to the time average of G. This is because random skewers measures the consistency of
the expected response to selection given the same selection gradi-
D D (t=Ng)G; ) entimposed on two differei® matrices. As this method uses the
quantitative genetic equation (1), it may be useful in diagnosing
in which N is the effective population size. An implicit assump- differences betwee® matrices that are likely to influence the
tion of equation (2) and a practical necessity of equation (3) is thatesponse to natural selection.
G is stable over the evolutionary time scale of interest. As such,  lalso simulate previously unexplored conditions under which
successful retrospective selection analysis (eq. 2) and prospecti@may be more severely destabilized. In particular, | explore the
prediction of diversification (eq. 3) depend on the evolutionarydegree to which the stability and evolutionary consisten¢y afe
dynamics ofG (Turelli 1988; Arnold 1992; Arnold et al. 2001). compromised by fluctuating coefficients of correlational selection
Theoretical considerations provide no concrete predictionsind pleiotropic mutation, and by fluctuating effective population
about the long-term dynamics Gfand consequently the stability size. To my knowledge, no prior simulation study has ingzgéd
of G is fundamentally an empirical question (Barton and Turellithe consequences of fluctuating correlational selection and muta-
1987; Turelli 1988; Shaw et al. 1995; Roff 2000). Although theretion on the evolution of th& matrix.
is accumulating evidence th& may be conserved, particularly In summary, therefore, this study uses different methods to:
at low taxonomic levels (Roff 1997; Roff and Mousseau 1999;(1) evaluate the evolutionary dynamics@iunder various condi-
Steppan et al. 2002; &jin and Roff 2004; Revell et al. 2007), tions when correlational selection, correlational pleiotropic muta-
theoretical investigations are needed to explore the dwolaty  tion, and effective population size are constant over time; and (2)
dynamics ofG. Because the dynamics & are not particularly  evaluate the evolutionary dynamics @fwhen correlational se-
amenable to analytic exploration (see Jones et al. 2003), severalction and mutation, and effective population size fluctuate over
authors have made successful use of individual-based, stochastime.
computer simulations to examine the shape and stabilit( of
under various conditions of selection, mutation, and genetic drift
(Btirger et al. 1989; Hrger and Lande 1994; Reeve 2000; JonesMethods
et al. 2003, 2004). SIMULATING THE EVOLUTION OF G
In the most thorough such study to date, Jones et al. (2003Jhe simulation model used in this study is a Monte Carlo simula-
showed that the stability of some aspects of the eigenstructurgon with all individuals modeled and is similar to that employed
of G is increased by correlational natural selection and correby Jones et al. (2003, 2004), and in a univariate contextig&
lated effects of pleiotropic mutation. In particular, the stability of et al. (1989) and Brger and Lande (1994). In this model, two
the orientation of the primary eigenvector Gfis increased by traits were determined by D 50 unlinked pleiotropic loci. A
correlational mutation or selection or both. They also note, howmutation at a locus produced a new allele with new effects on
ever, that under several mutaticselection parameter combina- both traits. The new effects were drawn from a bivariate normal
tions (henceforwar@mutatiortselection scenari®y instability  distribution with mean [0, 0], variances;? D a,? D 0.05, and
in the orientation of the primary eigenvector Gfis associated correlationr,. The new state at the locus was then determined by
with low matrix eccentricity and thus is probably inconsequentialadding new effects to the old. This corresponds to a continuum of
to evolution by natural selection (Jones et al. 2003; p. 1758). Thiglleles mutation model (Crow and Kimura 1964; Kimura 1965). |
is because evolution is not constrained by a matrix that is not eadetermined individual phenotypes by summing across all loci and
centric and thus matrix orientation is irrelevant to evolution. Theyadding to both traits random normal environmental deviates with
also show that stability in the magnitude of the element& a§ mean [0, 0], variance811 D E,, D 1.0, and correlationg D 0.
lower for small effective population size (Jones et al. 2003). | simulated a diploid, hermaphroditic, sexually reproducing
In this paper, | use eigenanalysis and the response to randopopulation with discrete generations and populationisjzehich,
selection vectors to measure stability and to explore the condifor most simulations, was held constant\atD 1000. | used a
tions under whichG can be considered to be stable. The latterslightly different life cycle than that employed by Jones et al.
approach, which is adapted from the random skewers method ¢2003). The life cycle was as follows: (1) | calculated phenotype
Cheverud et al. (1983; Cheverud 1996), measures the evolutionaand expected fitness for each adult; (2) | randomly mated the adults
dynamics ofG in terms of the correlation between the responsewith probability equivalent to their expected fith€ssach mating
to random selection vectors. This measure of the dynam@ of produced one offspring and having participated in one mating did
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not diminish the probability of mating again. This was repeat | conducted two sets of experimental manipulations using
until the population of progeny was equallkb (3) | produced this design. The first set involved repeating the simulation condi-
offspring genotypes by independently assorting one random gert®ns of Jones et al. (2003), in which mutation, selection, and drift
copy from each parent at each locus into each offspring, whichvere simulated for constant correlational selection and mutation
corresponds to a model of no physical linkage among loci, anénd constant population size. | repeated their simulations to an-
simulated mutations as described above with a probability pealyze the results using a response-to-selection vector correlation
allele generation ofnD 0.0002. method to assess evolutionary consistency (described below), and

The main difference between the life cycle simulated in thisto consider the results obtained using this method in the context
study and that of Jones et al. (2003) is that Jones et al. impos# those calculated when stability is evaluated directly by decom-
mortality selection prior to reproduction, whereas | mated adultgosing the eigenstructure of the matrix. For this analysis, | used
with a probability determined by their fitness. For a subset of thesix different mutatiottselection scenarios (following Jones et al.
simulations presented in this study | also conducted the simulatioB003). Although in this text | assign each scenario a letter in-
using prereproductive mortality selection (not shown). | found nodicated in parentheses (e.g., scenaa), [for clarity when the
difference between the results in those cases. This should not Iseenarios are subsequently referenced | will provide both the let-
surprising given that the probability of any mating pair is the prod-ter index and description of the scenario wherever possible (so
uct of the fitness parameter of each mate (calculated as describétht the reader need not memorize the specific parameter combi-
below). This makes the selection model used in this study equivAations of each scenario for which | conducted the simulations).
alent to multiplicative fecundity selection, which has been showriThe six mutatiotiselection scenarios were as followa) (o cor-
elsewhere to be exactly analogous to the two-sex viability selecrelational selection or mutation( D O,r, D 0); (b) correlational
tion model used in Jones et al. (2003; Bodmer 1965; Hartl andelection with uncorrelated mutation, (D 0.75,r, D 0); (c) cor-
Clark 1989). relational mutation with uncorrelated selectiopn D O,r D 0.5);

In addition, in Jones et al. (2003), the effective population(d) correlational selection and mutatian, (D 0.75,r, D 0.5); (€)
sizeNe was larger than the population sixewhereas in my sim-  correlational selection and mutation with high values of the cor-
ulationsNe andN were equivalent. This circumvents the necessityrelation coefficientsr, D 0.9,r, D 0.9; Jones et al. 2003); and

of complicated calculations to evaludtg givenN. (f) correlational mutation and selection in which the correlation
| assigned expected fithedd/(z), to each individual accord- coefficients have opposite signs O 0.75,rD i 0.5). Thisfinal
ing to the bivariate Gaussian fitness function, scenario corresponds to one of antagonistic pleiotropic mutation,
vl 1 i in which a mutation with a beneficial or only mildly deleterious
W(z) D exp i Evai 1z (4) effect on one trait has a severely deleterious effect on the other

trait. These simulation conditions explore a range of parameter

wherez is a column vector of individual trait values (the super- values forr, andr, both of which are poorly known empirically.
script’ indicating that a transpose was taken), grid a symmet- | simulated each set of conditions with 20 runs.
rical two by two matrix describing the curvature and orientation of The second set of manipulations involved simulating con-
the selection surface (Lande 1979). Following Jones et al. (2003Jitions under whichG might be severely destabilized. In these
2004), I setv 11 D v 2, D 49, which corresponds to a scenario of simulations | manipulated the constancyrgf ry,, andN. | ini-
weak stabilizing selection. The strength of correlational selectiontiatedr, at O and allowed, to change over time as a random
Vv 15, was set equal toy (v 11V 22)Y2, wherer, is the correlation  walk, wherer, (t C 1) was equal ta (t) plus a deviate drawn
coefficient of the fitness surface. from a random normal distribution with mean 0 and variances

Each simulation run involved the initiation of the population (g) s(r) D 0.0001, b) s2(r) D 0.001, (i)s?(r) D 0.01, and j(
at genetic uniformity, followed by 10,000 generations of stabiliz-s?(r) D 0.1. These range from very slowlg)(to very rapidly
ing selection, mutation, and drift, during which the starting pop-(j) changingr, . In a separate set of analyses, | initiategat
ulation attained equilibrium conditions. THburn-irP was then 0 and allowed , to change over time, in whichy(t C 1) was
followed by 2000 experimental generations during which valuesqual tor (t) plus a deviate drawn from a random normal distri-
for the elements of the additive genetic variafmavariance ma-  bution with mean 0 and variance$(r) as described above foy
trix, three aspects of its eigenstructure (the sizpa measure of  (mutation-selection scenaridg fhrough ]). Necessarilyj 1 -
the eccentricityg; and the orientationy), as well as the pheno- r - 1, so if a correlation hit the boundary it was reflected by
typic means for the traits were recorded in each generation. Sizen amount equivalent to that by which it would have otherwise
eccentricity, and orientation @ were calculated following the exceeded the bound. Example time seriesrfare provided in
methods described in Jones et al. (2003). Their specific calculatioAppendix A. Finally, | manipulated population si2& In these
is also described below. simulations, run for conditions of no mutational and selectional
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correlation (as in mutation-selection scenas@, gbove),N(0) xn

was initiated atN D 1000, after whichN(t C 1) was equal to
N(t) plus a deviate drawn from a random normal distribution with
mean 0 and variances)s 2(N) D 10, () s 2(N) D 100, @) s 2(N) where corr denotes the calculation of a vector correlation
D 1000, or ¢) s?(N) D 10,000. The boundary conditions of 20 G1b.)T(Gb;
0 s*N) . . yeo corrGib;; Gob;) D p (Gibi) (G2b) )]
N - 2000 were set to avoid population extinction as well as the [(G1b;)T(G1b)I[(G2b,)T(Gzb))]
complete loss of genetic variation, and to increase computational
. . . Elements of the random vectors were drawn from arandom normal

expediency. Reflection off the bound was performed as itwas for, =~ . ) )

. . . . . . distribution with mean 0.0 and variance 1.0. Generating random
r in the previous simulations. Example time seriesNiaare pro-

vided in Appendix B. Althoughy , rm, or N were varied, other vectorsmth|sw.ay results.|n.asetof?/ectorswhose orientations are
. . random and uniformly distributed (i.e., they are random vectors
parameters were held constant. In particular(except in simu-

lations [ through f]) andr , (except in simulations] through from z.a unit cwcle). As befo.re, superscﬂphd@gtes that atrans-.
[r]) were held fixed at 0, and (except in simulatiom fhrough pose is used. This calculation should be familiar as a standardized

[r]) N was held fixed at 1000, as in simulatior& through ¢). vector dot product.

. . . . . The random skewers correlation is a useful metric of similar-
Each set of simulation conditions was explored with 20 replicate . o i .
runs ity because it uses the multivariate response-to-selection equation

(eq. 1), and thus provides a measuré&samatrix resemblance in
terms of the expected similarity of the multivariate response to
natural selection. As the random skewers matrix correlation is a

MEASURING G-MATRIX STABILITY fth ] fth q ut
I measured the evolutionary dynamics®fusing two different measure o _t e consistency oft _eexpecte e_vo. utm_nary responses
of two matrices to natural selection, and to distinguish it from the

approaches. The first was the approach of eigenanalysis (e.g.

Jones et al. 2003, 2004). | analyzed stability by evaluating théﬂlrectmeasures of matrix stability, | henceforward refer to random

constancy of various aspects of the eigenstructu@ die matrix skewers as providing a measure of the evolutionary consistency

size 6 ), calculated as the sum of the eigenvalueG pan inverse ofG.

measure of the eccentricitg;(henceforward for brevity referred My modification of this approach, which | caikerial ran-

to as the eccentricity), calculated as the ratio of the smaller tgom skewers, measures the temporal evolutionary consistency

the larger eigenvalue of the matrix: and the orientationef G, of G using the mathematics of the random skewers method. It

calculated as the angle in degrees between the leading eigenvectg\(owes calculating the average arccosine of the random skewers

andthe firsttrait axis. To evaluate the stability@fl calculated the vector (?orrelatlon across all posslble t.|me steps in each 2000-
. . . generation run, and then averaging this result across runs. The
mean cross-generational change in the elemei@s a$ well as in

the total size16 ), the eccentricity &), and the orientatiori(w; arccosine provides the angle between the response-to-selection

Jones et al. 2003). These were used as measures of the stabillvt(§1CtOIrS (henceforwardis used to indicate the angle, in degrees,

of G and of important aspects of the eigenstructur&ofThis between response-to-selection vectors, with subscripts or hats to

approach allowed direct measurement of the temporal stability Og|ffe'rent.|ate specm.c contrasts and gverages; Figi @‘S the con-
L venient interpretation of representing the angle, in degrees, over

G and its eigenstructure. hich th 10 selectiorfsen? by substituti i 2

The second approach that | used to measure the evolutione o1 (€ FESPONSe o SElectio Nt by substifuting matrix

. . for matrix 1 or vice versa. Its average across all possible time steps
ary dynamics ofs uses an adapted version of the random skew- . i
f lengtht is tﬁt (e.g., for 2000 generations betweed 0 andt

ers method (Cheverud et al. 1983; Cheverud 1996; Marroig an8D 2000 th 200 1t fi . 0| q
Cheverud 2001). The random skewers method measures the siny- there are i 1ttme steps o e",gt ). | average

. . . . ) nz{h for1t D 1to1t D 2000 across 20 replicate runs of each
larity between the two variangeovariance matrices by first mul-

tiplying each by a single randomly generated selection gradients.immation scenarianD 100 random selection vectors were used

For each matrix, the product is a vector that is equivalent to thé’ﬂ each time step (see eq. é)‘ was thus evaluated as follows:

expected response to selection given the covariance matrix and 1 RO 208 1t o

the random selection gradient. The vector correlation between the th D 200(2001; 11) .. arccosfs(i: j)I-  (7)

response-to-selection vectors from each of the two matrices, av- oL

eraged across many random selection gradients, is a measure@lbviouslyé}t is calculated from both independent and noninde-

the similarity of the matrices (Cheverud 1996). pendent observations, where nonindependence results both from
Specifically, for matrice$s; andG,, andmrandomly gen-  time-step overlap and from temporal autocorrelationGofAs

erated selection vectotts; throughb 1, the random skewers cor- such,vﬁt was used as a quantitative measure of evolutionary

relation ¢s) is calculated as consistency but not to assess whether significant differences in

1 i ¢
rsD —  corr Gib;; Gob; (5)

iD1
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estimated in the typical way. Thus, to facilitate hypothesis tests
of G matrix consistency, | also calculateg, the angle, in de-
grees, between the response vectors to random selection gradients
at timest andt D O, for each value of > 0 and averaged across

the 20 replicates of each simulation scenario. Variance yrwas
calculated in the standard way across runs at eéach, which is
possible because ateach time step only independent (between-run)
observations are used. | evaluate the significance of differences
in G matrix consistency among mutatitselection scenarios by
calculating the-statistic at all time intervals as

Roli)i doi)

1 NVarfuo(i)] C vario(j)]

t(i; ) D ¢

(8)

where time is indicated in the subscript and the genetic scenarios
are shown in parentheségi,j) is expected to be distributed as a

Figure 1. An illustration of the random skewers procedure. G ma-
trices are represented by ellipses G A and Gg, for which orienta-

tion is determined by the primary eigenvector of G and length t-statistic withdf D 38. Genetic scenari@{r, D r D s?(r,) D

and width are proportional to the square roots of the eigenvalues s?(rm) D s?(N) D 0, andN D 1000) was used as the null sce-
of G. Each G; is multiplied by the random selection vector,  b. A narioi in all analyses such that a positive value for theatistic
measure of matrix similarity is provided by the angle,  u, between indicated that the alternative scenario promoted the evolutionary

the response-to-selection vectors, R a4 and Rg. Note how R 5o and
Rg are 2bent® toward the primary eigenvectors of G A and Gg, re-
spectively. Matrix similarity is evaluated as the mean value of the
angle, u, from many random selection vectors.

consistency o6 relative to its stability with constant correlational
mutation and selection equal to zero, and constant population size,
whereas a negative result indicated that the alternative mutation
selection scenario decreased the consisten&y. of
consistency were observed among different mutasetection AIth_ough each value of thestatistic was.calculated frc_)m

i& set of independent (between-run) observations, sequential val-

scenarios. For that purpose a different measure of matrix consis- h ) ) )
ues oft are highly serially autocorrelated, making the calculation
tency was used (see below).

Interpretation of&t is straightforward. vaﬁt is relatively of specific P-values for the test very difficult. Consequently, |

small compared to a null model, it indicates that the mean depresent a temporal profile of thestatistic for each comparison.

viation from collinearity of the response to selection because op nly profiles that consistently exceed the significance threshold

. . . of the two-tailed critical value from thedistribution,tg.os(df D
the differences amon@ matrices sampled t generations apart ) o L : )
L . . . ) 38) D 2.02, are considered to indicate a significant difference in
in time is small, and thus the evolutionary consistencyGois ] . .
. R . . consistency with respect to null scenar&. (

high. In other words, |f£i§t is small, then swappinG matrices o . )

L . | also measured similarity in the relative magnitude of the
over the time intervall t would be of little consequence to the

direction of the response to selection. By contrast, relatively IargéeSponse to selection. Magnitudinal similariy, was measured

- . . . as the ratio of the lengths of the response-to-selection vectors, the
tﬁ[ implies that evolutionarily important differences between the i . )
. . . larger vector over the smaller. This ratio can also be expressed in
matrices exist (Fig. 1).

| also evaluated the significance of the differences in evolu-termS of the absolute value of a difference in logarithms,

tionary consistency among mutatieselection scenarios. Admit- € = NG ! Xn '

tedly, hypothesis testing in this context has some artificiality asso- MDexp ;In 1 Zi i 1 Z; = (9

ciated with i® because we know a priori that our null hypothesis b1 b1

is false (the data were generated under different simulation condHere, 1 4 is thejth of n elements of the response-to-selection

tions). Nonetheless, evaluating the significance of the differenceector associated with thi¢h matrix. This metric measures the

between simulation conditions can provide a reasonable indicastandardized mean difference in the magnitude of the response to

tion of whether discernibly different evolutionary consequencesselection produced b because of the same random selection

of the different simulation models are implied. vector. It was averaged across many random selection vectors and
Because the means at edch(denoted axﬁ t)inthe preced- many pairs oc matrices for each time interval. | calculated means

ing analysis were calculated from both independent (nonoverlapand conducted hypothesis testing\fas described fou, above.

ping and between-run) and nonindependent (overlapping, within-  uandM were used to assess the evolutionary dynami¢s of

run) observations (see eq. 7, above), standard errors cannot because, given tw@& matrices: (1)u provides a measure of the
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s
R
expected difference in the direction of the response to selection . o 8888 ~
induced by differences between matrices (Fig. 1); and/ADyo- 8 § E © OO 9 0o
vides a measure of the expected difference in the magnitude of g % UE’” 8 B 8
the response to selection induced by differences between matri- % 2 2 o g g g g
ces. Thusi andM facilitate evaluating the potential evolutionary E, “S g 8 3
importance of differences iG. We might consider differences ,:? % % © © . o S ©
in G to be of greater potential evolutionary consequence, specifi- § S 2 g g g g g ~
cally in terms of the response-to-selection equation (eq. 1), if they \_mf 5 E . S 3
induce a larges or M. That is not to say that other change<an g 3 3 e = < S e
are biologically unimportant or uninteresting, but rather that those acwa b 2 - - 8 g g 8 ~
associated with a largeor M are more likely to affect the effec- i g f, o §_ §
tiveness of the evolutionary inferences based on the multivariate S ig % = g g g §
response-to-selection equation (eq. 1). ig % g s oo oo N
soe [0S aand
S s [T 3333
Results £6gs | |gSsoSy
STABILITY OF G é;;? “_5: sH.H.E
The mean total sizé5() and eccentricityd) of G differed substan- 5o j= S Sl S S
tially among simulation conditions (Table 1. was maximized ‘% 8 k=Bl 4|§ocoeocy
when correlational mutation and selection was aligned and high % - i 8 8 K 8
[scenario & r, D 0.9,r,, D 0.9); Table 1], and minimized when ; & % % 3 3 3 g
the correlation coefficients of mutation and selection had opposite :‘3% 5 X N % NS T for_
sign f:ry D 0.75,rn, D j 0.5). Meare was maximized (i.e., the z % 5 § z| @ 0
eccentricity was minimized) nea D 0.75 when mutation and ﬁ % % I © S’r_ ';r_ ﬂ 8 <
selection were both uncorrelatedi(fy D O, r, D 0]; Table 1) % 2 = uE’ cooc oo g
and when mutation and selection were both correlated but with T2 ;; s | N OO © I~
opposite sign [: ry D 0.75,r,D j 0.5]; Table 1), and minimized g g g N ji : : o‘_.o 3 ,CQ_
(eccentricity maximized) for high, andrp, (€). § g2 < © =)
The stability of6 ande (16 andl e) was similar for all £ « : N”_' o ® S Q8 <«
mutation:selection scenarios, whereas stabilitywgl w) differed 5 TS |4leeee-° 2
considerably among simulation conditions. Stabilitywfias low s g o I
under scenariog(ry D 0,rp,D 0)and :ry, D 0.75,r,Dj 0.5), E ) g N g '5 g :.' : g_
but was improved by increased positiveandr , (Table 1). Aside E g g : = =
from scenariosd) and ), in whichw fluctuates wildly and thus > 35 ﬁ f S & & 3 ] -
for which the mean orientation is meaningless, the meaw of = % g s | o O o oo 8
varied little among simulation conditions (Table 1). % E° 2 -
When matrix evolutionary consistency was evaluated in terms s o228 [/838& IR 8
of the predictability of the response to selection by serial random % I 0) SEA N
skewers, slightly different findings were revealed (Fig. 2A). Evo- % £ z” % ocQNR® @
lutionary consistency was not persistently significantly different z % g % § g oo oogs
from the mutatiostselection scenarica(ry D O, ry, D O; con- % 5 = °
stant, uncorrelated selection and mutation) in mutasetection I ; g f = .‘3 8_ 2 8 r@_ Sr_
scenariost§: ry D 0.75,r,D 0), c:ry D 0,rD 0.5), and{: ry D 3 e 2 s |9|e°° N CE
0.75,rmn D 0.5) (Fig. 2B). Consistency of the response to selec- ; = f % . 00O
tion was mildly but significantly improved under the mutation § o8 |-|°°e°° o
selection scenariai(r, D 0.75,r,, D 0.5), and even more greatly 8o 8
increased under strong correlational mutation and selection (i.e., 25T ﬁ 2 o ﬁ
éh is decreasedg[ry D 0.9,r, D 0.9]; Figs. 2A, B). '_ ‘_3 % % S|oooocoo
Matrix consistency evaluated by similarity in the magni- % 4;: i § BETTEC
- o o Q

tude of the response to selectiod, was unaffected by the
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Figure 2. Evolutionary consistency of G for constant mutational
and selectional correlation ( rypand ry). (A) Mean angle in degrees,
A t, between the response vectors to random selection vectors
(random skewers) applied to all pairs of G matrices over all time
intervals of each length, ¢ t. The rate at which uﬁ ¢ increases with
¢ t is a measure of the consistency of G. Larger vﬁ,t implies less
consistent G. (B) The t-statistic for uy.o, the angle between the re-
sponse vectors to random selection gradients at times  tand t =
0, for each value of t > 0, across 20 replicate runs. Signi ®cantly
greater consistency than the null mutation-selection scenario (a)

is indicated if t consistently exceeds the horizontal dashed line at
to.05(df = 38) = 2.02, and signi ®cant inconsistency relative to the
null scenario (a) is indicated when t < j tg.s(df = 38) = j 2.02.
(C) Mean magnitudinal similarity, M, measured as the ratio of the
lengths of the response-to-selection vectors from random skewers,

the larger vector over the smaller, between all pairs of G matrices
over all time intervals, ¢ t. (D) The t-statistic for M¢.q. N was invari-
antat N= 1000,V 11 = V22 = 49,212 = a2 = 0.05, m= 0.0002,
and Ej; = Ep = 1.0 forall simulations. Other parameters are listed

in the ®gure legend. See text for additional explanation.

INSTABILITY OF G

Under a fluctuating coefficient of correlational selection, an in-
crease in the rate of changergf, s2(ry), was associated with a
decrease in the magnitude of the diagonal elemen®arid thus

of the overall size of5 (Table 2). The mean value efwas low
(i.e., matrix eccentricity was high) for a slow rate of change of
rv, and high for higts 2(ry) ands?(r,) D 0 . Meanwwas rela-
tively unaffected (Table 2; compara)@nd ) vs. other scenarios
in Table 1). The stability of the total siz&§ ) and eccentricity
(1 e) were unaffected by fluctuating, ; however, the stability of

G (measured byt w) was highest under slowly changing and
lowest under unchanging or rapidly changmg(Table 2).

For fluctuating correlational mutation, neither the diagonal
elements of5 nor6 were substantially affected. The mean value
of e was lowest for slowly changing, and highest for rapidly
changing ,, or unchanging ,, D 0. The mean orientatiomy, was
relatively unaffected by the rate of change @{Table 2; see com-
ment above). As with fluctuating, , the stability of the sizel )
and eccentricityX e) were unaffected by fluctuating,; however,
the stability of the orientation @& (measured b w) was highest
under slowly changingy, and lowest under unchanging or rapidly
changing m, (Table 2).

Under fluctuating population size with, D r, D 0 and
fixed, the mean value 06 decreased with increasirg?(N),
whereas meae andw were largely unaffected (Table 3). The
stability of the eigenvalues arsl were lowest for highs 2(N)
(Table 3).

These results suggest that the eigenstructur® &g most
stable whem, andr, change at a low rate and least stable under
unchanging or rapidly changing andr, (Table 2). The stability
of the total size and eigenvalues®fis weakly compromised by
increasings 2(N) (Table 3).

When | analyzed the simulation results using serial random
skewersG was also fairly consistent in terms of the predictability
of the response to selection whep andr, changed at a low
rate. However, the response @Gfto natural selection was even
more consistent if, andry, were constant and zero, or if they
changed rapidly (Fig. 3A: scenari@t E2(rm) D 0.1]; Fig. 4A:
scenario fi: s2(ry) D 0.1]). Evolutionary consistency @& was

mutationtselection scenario used in the simulation (Figs. 2C, D).also significantly decreased relative to the scenario of constant

An equilibrium mean value d¥! for a largel t of approximately

correlational selection and mutation only under conditions, of

1.2 was approached asymptotically at similar rates by the differerandr ,, changing at an intermediate rag?(r) D 0.001; scenarios

mutationtselection scenarios (Fig. 2C).

In Figures 2A and C, it is important to note that for large
values ofl t many fewer comparisons were used to estin@te
andM than for small t (only 20 for the largest t). Consequently,

(h) and (); Figs. 3B, 4B), and not under other conditions.

Also in contrast to the result derived under constant correla-
tional mutation and selection, for conditions of changipgand
rm the magnitude of the response to selection is severely affected

less weight should be given to the extreme right sides of Figureander some circumstances. In particuldrjs highest and most
2A and C; however this does not affect Figures 2B and D forsignificantly inconsistent when compared to mutatieelection
which 20 comparisons (only one per run) are calculated at eacbcenario& ry D ry D s2(ry) D s?(r,,) D O; constant correla-

time-step.

tional selection and mutation) under conditions in whighand
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Table 2.

The in" uence of changing values of the correlation coef
G.s 2(r) is the intergenerational variance in

®cients of correlated natural selection (

ry) and pleiotropic mutation (
r. All other column heads are the same as in Table 1. All parameter values not shown are as in Table 1.

r'm) on the stability of the eigenstructure of

SZ(I'V) sz(rm) Gi1 Go, Gio g (Y I 5 6 e w 1Gy 1Gy 1Gq 11, 11, 16 1 e 1w
(@ 0 0 0.72 0.70 0.00 0.00 081 061 142 0.76;3.88 0.042 0.042 0.0212 0.041 0.041 0.03 0.06 8.18
(9) 0.0001 O 0.62 0.62 j0.03 004 0.76 047 123 0.61;13.04 0.042 0.042 0.019 0.042 0.042 0.03 0.06 4.79
(h) 0.001 0 0.57 058 001 (002 071 044 116 063 {099 0.043 0.042 0.018 0.042 0.043 0.03 0.06 5.29
@) 0.01 0 0.47 0.49 0.00 0.00 057 0.39 096 0.69j2.63 0.043 0.043 0.015 0.042 0.043 0.03 0.06 6.18
) 0.1 0 045 0.44 0.00 §0.01 051 038 0.8 0.75 j272 0.043 0.043 0.014 0.043 0.043 0.03 0.06 7.73
(k) 0 0.0001 0.68 0.67 0.02 0.03 094 041 135 0.47 3.64 0.042 0.042 0.022 0.042 0.042 0.03 0.06 3.3
0 0 0.001 0.67 0.70 0.03 0.04 089 048 1.37 0.56 6.96 0.042 0.042 0.021 0.042 0.042 0.03 0.06 38
(m O 0.01 0.69 0.70 0.02 0.02 082 056 138 0.70 11.04 0.042 0.042 0.020 0.041 0.042 0.03 0.06 6.1
(n) 0 0.1 0.69 0.71 003 003 081 059 140 0.74 1062 0.042 0.042 0.021 0.041 0.042 0.03 0.06 7.21
Table 3. The in" uence of changing values of the effective population size ( N) on the stability of the eigenstructure of G. s 2(N) is the intergenerational variance in ~ N. All other
column heads are the same as in Table 1. ry = ry = 0. All other parameter values not shown are as in Table 1.
SZ(N) G11 Gao Gy g |1 |5 6 e w 1Gy; 1Gy 1Gp 11, 11, 16 le 1w
€)] 0 0.72 0.70 0.00 0.00 0.81 0.61 1.42 0.76j 3.88 0.042 0.042 0.021 0.041 0.041 0.03 0.06 8.18
(0) 10 0.76 0.78 0.01 0.01 0.88 0.66 1.54 0.76j 0.48 0.041 0.041 0.022 0.040 0.040 0.03 0.06 8.12
(»)] 100 0.71 0.71 001 jo0.02 0.80 0.62 1.42 0.76 j 6.39 0.042 0.041 0.021 0.041 0.040 0.03 0.06 9.01
() 1000 0.56 0.52 0.00 0.00 0.63 0.45 1.09 0.70 6.11 0.046 0.046 0.017 0.045 0.044 0.03 0.07 7.4
n) 10,000 0.53 054 {001 | 0.02 0.63 0.44 1.07 0.71 ; 4.78 0.050 0.050 0.019 0.049 0.049 0.04 0.07 7.64
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G MATRIX STABILITY

Figure 3. Evolutionary consistency of G under scenarios involving
achanging coef ®cient of correlational selection, ry.ry changesasa
random walk with variance s 2(ry ). (A) Mean angle in degrees, Lﬁ t
between the response vectors to random skewers as in Figure 1.
(B) Thet-statistic for uy.q for each value of t > 0. Signi®cant consis-

Figure 4.  Evolutionary consistency of G under scenarios involving

a changing coef ®cient of correlational mutation, I'm- 'm changes
as a random walk with variance s 2(ry). (A) Mean angle in de-
grees, lﬁ t, between the response vectors to random skewers as in
Figure 1. (B) The t-statistic for uy.o for each value of t > 0. Signif-

tency and inconsistency is indicated by the horizontal dashed lines

as in Figure 1. (C) Mean magnitudinal similarity, ~ M, as in Figure 1.
d) The t-statistic for M¢.o. Selection scenarios are listed in the ®g-
ure legend. rpis held ®xed at r, = 0. All other parameters are as
in Figure 1. See text for additional explanation.

icant consistency and inconsistency is indicated by the horizontal
dashed lines as in Figure 1. (C) Mean magnitudinal similarity, M,
as in Figure 1. (D) The t-statistic for M¢.q. Mutation scenarios are
listed in the ®gure legend. r, is held ®«ed at r, = 0. All other
parameters are as in Figure 1. See text for additional explanation.

rm change at an intermediate ra&?(r) D 0.001; scenariosh .

m g ) I to selection (Lande 1979; Lande and Arnold 1983). However,

and (); Figs. 3C, D, 4C, D]. . _ . .
attempts to extend the equations of quantitative genetics to predict

WhenN changes over time, the evolutionary consistency of L . . .
) ; multivariate evolution over macroevolutionary time scales rely on
G also depends on the rate of changainin particular, fluctu- . . . .
a highly stable or predictably evolvinG matrix (Arnold et al.

ating population size, in which?(N) D 1000, severely increased :
'ng popu'at ize, in which“(N) verelyl 2001). There are no theoretical reasons to presuppos&timat

inconsistency oM (Figs. 5C, D). Higher or lower rates of change o . .
constant: theory predicts it to be stable in some circumstances and

Of_N induced Ies§ instability iM (_F|gs. 5_C’ D)_' Thereis also “tﬂ? unstable in others (Turelli 1988; Roff 2000). Empirical findings
evidence for a simple monotonic relationship between evolution-

. . . that G may be stable over some time scales (reviewed in Roff
ary consistency and the effective population siég® calculated . .
s ) 1997), suggest that the reconstruction of past selection and the
as the harmonic mean df (Appendix B).

. . . . . prediction of morphological diversification based on quantitative
The same disclaimer applying to the far right Figures 2A

. . . tgenetic models may not be hopeless ventures (Lande 1979; Arnold
and C, which is that many fewer comparisons are used to estimate

l‘ﬁ andM for largeL t than small. also anplies to Figures 3A and et al. 2001). Still, there is a paucity of empirical studies in which
! 9 ' bp 9 G from more than a few related taxa are compared (but gegrB

< Flgures 4Aand C, and Figures 5A.and C. Consequer?tly, IeSasnd Roff 2004), and there is little theory to suggest the factors
weight should be accorded to the far right of each panel figure.

likely to result in high stability or instability of.

In this paper, | provide insight into the impact of selection,
mutation, and effective population size on the evolutionary dy-
IS G STABILIZED BY CORRELATED SELECTION namics ofG. In addition to the eigenstructure comparison method
AND MUTATION? (previously employed; see Jones et al. 2003), | also examined the
The G matrix plays a central role in modern evolutionary theory evolutionary consistency d& using the vector correlation ap-
because of its importance in determining the multivariate responsgroach of serial random skewers (Cheverud et al. 1983; Cheverud

Discussion
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between the response-to-selection vectors amon@ atlatrices
evolving under conditions of constant correlational mutation and
selection (regardless of the actual values,céndr ,,). This result
implies that the evolutionary importance of the differences among
matrices may be small (Fig. 2A). Furthermore, | found negligible
and statistically insignificant differences in the evolutionary con-
sistency ofG among several of the mutatitselection scenarios
(Figs. 2B, D). Nonetheless, although | find that neither moder-
ately correlated selection nor moderately correlated mutation in
isolation significantly improves the evolutionary consistency of
G as assessed by serial random skewers, the increased stability of
G induced by correlational selection and mutation enhances the
consistency ofs when both are high (Table 1; Figs. 2A, B).

A previous study identified factors that influence the stability
of the eigenstructure d& (Jones et al. 2003). | found some in-
stances in which although aspects of the eigenstructu@evegre
destabilizedc nonetheless produced a consistent response to se-
lection (was evolutionarily consistent). This result is predicted by
Jones et al. (2003) who point out that the same conditions that

Figure 5. Evolutionary consistency of G under scenarios of chang- result in highly variableG matrix orientation also result in low
ing EffECtivez population size, ~ N. N changes as a random walk with eccentricity € close to 1.0; p. 1758). This superficial discordance
variance s 2(N). (A) Mean angle in degrees, # ., between the re- between eigenstructure stability and evolutionary consistency will

sponse vectors to random skewers as in Figure 1. (B) The t-statistic
for uy;o foreachvalue of t> 0. Signi®cant consistency and inconsis-
tency is indicated by the horizontal dashed lines as in Figure 1. (C)

Mean magnitudinal similarity, M, as in Figure 1. (D) The t-statistic

generally be found when no eigenvectotiominates, as is the
case when matrix eccentricity is low (corresponding to high val-
ues fore). If no eigenvector dominates, then the direction of

for M. rmand ry were held ®xed at rm = ry = 0. All other pa- the response to selection is not constraine@hwnd instability
rameters are as in Figure 1. See text for additional explanation. in the orientation o has little bearing on the response to natural
selection.

1996). In this latter methods matrix similarity is assessed ex- INSTABILITY OF G: AN aINTERMEDIATE
plicitly in terms of the predictability of the response to selectionDISTURBANCE® HYPOTHESIS
given random selection vectors, herein terrhegblutionary con- | also found that althoug® may be evolutionarily consistent over
sistency? a broad range of conditions, it can be rendered evolutionarily in-
| found that the evolutionary consistency of the response ta@onsistent by coefficients of correlational mutation and selection
selection was fairly high across a range of conditions and even urthat change over time, particularly if the rate of change is interme-
der circumstances in which the eigenstructur&ofas unstable diate. If the correlation coefficient changes too slowly, it will not
(Jones et al. 2003). This does not in any way negate the impochange substantially during the course of the simulation and thus
tance of thes matrix for evolutionary inferend®2 to the contrary,  will fail to induce any inconsistency i6. By contrast, i changes
it implies thatG may be sufficiently consistent for evolution- sufficiently rapidly, the covariance offrom one generation to the
ary inference so long as the conditions of correlational selectiomext is so low that the system evolves as if mutation or selection
and mutation are stable over time, irrespective of the particulawere uncorrelated.
value of the coefficients of correlational selection and mutation.  This result would not be obtained by evaluating the eigen-
This conclusion is quite compatible with the findings of Jonesstructure of G. In particular, when evaluated as the cross-
et al. (2004) in which the reconstruction of past selection is effecgenerational change in the orientation®f stability is highest
tive when correlational selection and mutation are constant ovefor the slowest changing correlation coefficient of correlational
timeb regardless of the actual value of the correlation coefficientselection or mutation and lowest for the most rapidly changing
of correlational selection or mutation. and unchanging correlations. This is contrary to the result from
Evolutionary consistency is suggested by the small mean deserial random skewers in which an intermediate rate of change
viation from collinearity G\alway9< 7*evenforlargd tB which rendersG least evolutionarily consistent. Because serial random
corresponds to a very high vector correlation chos@ ,0.99)  skewers evaluates the evolutionary dynamic&oéxplicitly in
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terms of the response to natural selection, my findings suggest
that, holding all else constant, evolutionary analyses based on the
equations of theoretical quantitative genetics will be most severely
affected by the correlation coefficients of correlational mutation
and selection that change at an intermediate rate.

| also found a similarly nonmonotonic relationship between
the rate of fluctuation in population size and the evolutionary
consistency ofG. When population size did not change at all,
G was most evolutionarily consistent was least consistent
when effective size changed at an intermediate rate. Unlike con-
ditions of fluctuating correlational selection and mutation, in
which both the direction and magnitude of the response to se-
lection are affected, under fluctuating effective population size
only the magnitude of the response to selection is inconsistent
over time. This is because effective population size primarily afFigure 6. Evolutionary consistency of G under several conditions

. . f - i . h Ik with vari
fects the overall size dB, rather than its shape (see Jones et al.o2 ucwa;mg‘ fm- fm © a_nges as _a random walk wit Va”,ance
S<(rm). s<(rm) = 0.001 with mutation rate m = 0.0002 is com-

2003)- paredto s 2(rm)= 0.0001with mutationrate m= 0.0002 £ 10i /2,

which is the same as decreasing s and mby the same factor (~ 10).
WHAT IS MEANT BY AN INTERMEDIATE s2(rp) = 0.0001 and m= 0.0002 are also shown. All other param-
RATE OF CHANGE? eters are the same as in Figure 4.

One central result of this study is that the evolutionary consistency
of G evaluated by the response to selection does not increase or
decrease monotonically with the rate of change of the coefficientselection scenario can sometimes have compensatory effects on
of correlational selection or mutation, or the effective populationthe consistency d&.
size. However, it is important to keep in mind that the specific Although the nature of the compensatory effect is an empiri-
conditions of this study that were responsible for substantial in€al observation of this study, its discovery is not surprising. This is
stability in G cannot be easily translated literally to the empirical because for a given starting valuergf the number of pleiotropic
realm. mutations that arise with expected correlatigyis determined by

Two factors in particular prohibit this kind of extrapolation. the relationship betweemands. If mis high relative tcs, then
(1) The mutation rate used in this studym O 0.0002 muta- many pleiotropic mutations will take place before there has been
tions/allele generation) was used following Jones et al. (2003substantive change in,. By contrast, ifmis low relative tos,
2004) and to facilitate computational expediency. This rate may béhenr, is likely to change too rapidly for there to be substantial
unrealistically high for a single quantitative trait locus, but may beaccumulation of pleiotropic mutations with correlation
realistic if considered to be the mutation rate for severasjafly In spite of the limitations on the quantitative predictions that
linked loci affecting the same trait (see Jones et al. 2003 [p. 1753])can be made from this study, it may be useful to consider whether
It is possible that similar matrix inconsistency would be inducedempirical values fos 2(ry), s2(ry), ands?(N) vary on a range
by lower s ?(r,,) if the value ofmwere also decreased and vice equal to or greater than that explored herein. If so, then the interme-
versa. (2) The time scale over which the evolutiosaé studied  diate minimum in consistency will be experienced by empiricists.
in these analyses is quite short by macroevolutionary standardt,not, then the effective empirical relationship betwes{r, ),
yet is longer than almost any ecological study (2000 generationss 2(r ), ands?(N) may be monotonic and not hump-shaped as
It is possible that lower or higher?(r) ands 2(N) would induce  my results imply.
comparable matrix dynamics over longer and shorter evolutionary ~ Compared tos?(ry) and s2(ry), s?(N) is very easy to
time scales respectively. Figure 6 compares the evolutionary coraddress. Empirical studies have shown both persistent popula-
sistency ofG whens?(r,;) D 0.001 andm D 0.0002 (modell], tion stability and wide population fluctuation over ecological
above) to that when both parameters are decreased by a factortuhe scales (e.g., Hanski et al. 1991ftrfeldt et al. 2005;
10and 10, respectively (which is the same as decreasiagd ~ Venkateswaran and Parthasarathy 2005; Elias et al. 2006; Pellet
mby the same factor, 10 :s%(r;,) D 0.0001 andn¥40.000063). et al. 2006). These fluctuations can exist across several orders of
They exhibit almost identical evolutionary dynamics and neithermagnitude (e.g., Brnfeldt et al. 2005), which exceeds the range
is similar tos 2(r,) D 0.0001 ananD 0.0002 (Fig. 6). This shows of N for this study. Furthermore, the rate of population fluctua-
that simultaneously changing some parameters of the mutatiortion can vary both among populations of a single species (e.g.,
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Hanski et al. 1991) and over time within a single population (e.g.the evolution of th&s matrix for more than two phenotypic traits.
Hérnfeldt et al. 2005). In addition, genetic studies of mtDNA haveFuture similar studies might consider a more expansive set of
shown that present-day census sizes frequently exceed long-tesimulations of the evolution of the multivaria@ matrix.
population genetic effective sizes (e.g., Avise 2000), an observa-
tion consistent with populations that fluctuate in size over timeCONCLUSIONS
(Hartl and Clark 1989). In this study the evolutionary dynamics &f in computer sim-
Empirical values fos 2(r, ) ands 2(r,) are much more dif- ulations were evaluated using eigenstructure analysis and an ap-
ficult to find. A recent review (Kingsolver et al. 2001) observed proach utilizing the response to random selection gradients. This
that many studies of natural selection have insufficient power t§€volutionary consisten€yprovides a measure of the usefulness
detect quadratic selection (of which correlational selection is @f G for evolutionary inferences that rely on a stable covariance
component) or neglect to even estimate it. Fluctuating linear natstructure.
ural selection is well known, however, in some cases involving ~ Evolutionary consistency was high under some simulation
natural selection that reverses sign (e.g., Grant and Grant 1989onditions in which the eigenstructure Gf was unstable. This
Losos et al. 2006). Fluctuating correlational selection may be a#as because of the fact that under many of the simulation condi-
common but is poorly documented. tions explored in this and previous studies (e.g., Jones et al. 2003),
Similarly, the temporal stability ofy, is poorly known. One  the circumstances in which the orientatior(fs least stable co-
study designed to experimentally estimafe the mutational incide with those in which matrix eccentricity is low. Conse-
variancetcovariance matrix of whichy, is a component, showed quently, instability of the matrix orientation in these simulations
that althoughM in different experimental lines were correlated, does not affect the consistency®f
there were also significant differences\hamong lines (Camara Under conditions of fluctuating correlational selection and
and Pigliucci 1999; Camara et al. 2000). How this result appliegnutation, and fluctuating population siz8,was most inconsis-
to the temporal stability of,, is unclear; however, iM differs ~ tent when fluctuations occurred at an intermediateBatet is,
among experimental isogenic lines, it is also highly plausible thafnatrix inconsistency does not increase monotonically with in-
M andr ,, vary over time. creasing rates of fluctuation in the coefficients of correlational
In all, it is clear than in some species fluctuatiNgs suf-  Selection and mutation, and the population size. Population fluc-
ficiently large to drive significant inconsistency @&. However,  tuation over ecological time scales is well known. However, at the
in this study variableN affected primarily the evolutionary con- presenttime, estimates of the temporal stability of the coefficients
sistency of the magnitude of the response to selection, impactingf correlational selection and mutation from natural populations
little the evolutionary consistency of the direction of the responseare lacking. Consequently, although it is highly plausible that the
to selection (Fig. 5). By contrast, fluctuations jnandr ,severely ~ rates of fluctuation in these parameters vary on the range ex-
influenced the evolutionary consistency@fbut itis unclear over ~ plored by this study, concrete empirical recommendations await
what range, andr,, naturally vary. estimates of the temporal stability of correlational selection and
mutation.
EXTENSION TO A MULTIVARIATE G MATRIX
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Figure A1. Example time series for the correlation coef ®cient, r, of correlational mutation or natural selection. s 2(r) is the expected
variance across generations. r was evolved according to a Brownian motion process with bounds i 1.0- r- 1.0.

generations under each of figg(N) [including the trivial case of Multivariate simulations are subject to several limitations that
s?(N) D 0]. Quantitative genetic simulations were performed overdo not affect the bivariate case. Firstly, multivariate simulations
12,000 generations, see main text, although evolutionary dynan&re much more computationally intensive. Second, the mutation-
ics were only assessed in the final 2000 generations. These valugglection parameter space dimensionality increases in proportion
of sZ(N) correspond to mutation-selection scenar@saind ©) to the square of the number of traitg,[in particular the num-
through ¢) in the maintext. Figure B1 plot$ over time undereach  ber of parameters of correlational selection and mutation is equal
scenario. to m(mC 1)]. Third, the coefficients of correlational selection or
mutation cannot be arbitrarily specified and cannot be arbitrarily
changed over time. This is because randomly chosen elementsin a
correlation/covariance matrix will probably not satisfy the require-
yment of positive definiteneBsnor will a positive definite matrix
whose elements are randomly changed remain positive definite.

Nonetheless, | performed some limited simulations of the
evolution ofG in four dimensions.

For these analyses, | used a highly similar population genetic
model to that used in the bivariate simulati®neith some excep-
tions made for computational reasons. In particular, whereas the
was calculated as the arithmetic mean across runs of the harmonic number of locin, was set to 50 in the bivariate simulations, it was
mean within runs of N for each of 20 runs. sX(Ms) was calculated as adjusted to 20 for the four-dimensional simulations; in contrast

Appendix C. Evolutionary dynamics of G matrices
containing more than two traits.

To explore the generality of the findings presented in this stud
in which, following Jones et al. (2003, 2004), | investigate only
the evolutionary dynamics of a bivarigBematrix, | simulated the
evolution ofG containing four traits.

Table B1. Mean effective population size for various rates of
change in N. Mean effective size for each simulation condition

the square root of the variance among runsin ~ Ne. to all bivariate simulations, no selection was simulated; and the
mutation ratem, was set to 0.0025 at all loci.
s2(N) M A() | used two different correlation matrices for the mutational

(@) 0 1000 0.0 effects of pleiotropic mutations. The fird®® (1), represents the
(0) 10 1065 253.1 very simple case in which there are no correlations between the
() 100 1094 529.8  pleiotropic effects of mutations on the four traits. | also used this
(@ 1000 732 473.5 matrix as a starting point for the case in whiRR was varied over
(n 10,000 540 258.4 time:
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Figure B1. Example time series for the population size, N, under various conditions of "~ uctuating population size. s 2(N) is the expected

variance across generations. N was changed according to a Brownian motion process with bounds 20 - N - 2000.
2 10 O 0 0 s mutation [henceforward, the conditions of this simulation are re-
0O 10 O 0 ferred to aRRn(3)].
Rm(1) D 0 0 10 05" As discussed in a preceding paragraph of this appendix
0 0 0 10 (above), it is not possible to directly, randomly change the

In the second case, | specifi€,(2) so as to contain the
range of correlation coefficients used for mutation (and selection)
in the bivariate simulations. Obviously, the specificatiomaf(2)
was constrained by the requirement of positive definiteness:

2 3
1.0 075 050 0

R(2)D § 075 10 075 osoz
050 Q75 10 075
0 050 Q75 10

| also setthe mutational variances for the four traits as follows:
a D [0:05; 0:1; 0:15; 0:20]:

| then ran three sets of 20 individual-based, numerical sim-
ulations under otherwise similar conditions to those used in thé&igure C1.  The evolutionary consistency of G for four traits under
bivariate simulations. In the first two sets of simulations | initial- different conditions. Conditions are: constant correlation matrix

. . . . . . . of the effects pleiotropic mutations, no correlation among traits
ized the correlation matrix of correlational pleiotropic mutation ) . ) .
[Rm(1)]; constant correlation matrix of the effects of pleiotropic

with Rm(1) andRm(2), respectively, and held the mutation matrix mutations, correlations among traits [R  1(2)]; and a correlation ma-
constant throughout the simulation. Inthe third set, l initialized theyiy of the effects of pleiotropic mutation that was initiated as in
correlation matrix witfR (1) and randomly perturbed it by small R,(1), but then evolved over time [R  m(3)]. Speci®c parameter val-
steps over time, to simulate fluctuating correlational pleiotropicues for the simulations are provided in the text.
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elements of a correlation matrix and expect the matrix to retain itshen the correlation matrix will also evolve by large steps. In these
necessary property of positive definiteness. However, it is possisimulations, | set the variance of the Brownian motion process by
ble to evolve the elements of the Cholesky decomposition of thevhich the Cholesky decomposition matrix of the correlation ma-
correlation matrix and then each generation recover the correldrix of the effects of pleiotropic mutations was evolvedst® D

tion matrix from its Cholesky decomposition matrix, wh&g D 0.001.

CTC, in which C is the upper diagonal Cholesky decomposition | then performed serial random skewers, as described in the
matrixD whose columns have been standardized to have a sumain body of this article. Figure C1 shows tliats more consis-

of squares equal to #DandT indicates that a matrix transpose tent when the covariance matrix of correlational pleiotropic mu-
was calculated. This approach is affected by two shortcomingtation is stable over time and less consistent when the mutation
apparent to the author. In particular (1) although the elements ahatrix changes over time. The valueRyf, also affects the evolu-

the Cholesky decomposition matrix might be evolved by somdionary consistency o6. G was more consistent if off-diagonal
model, say Brownian motion, it is not clear under what modelelements of5 are nonzeroRm,(2)].

the correlation matrix is evolving; and (2) the elementsRgf Because these results are not incompatible with those ob-
evolve at different rates, even though the elementS afiay be  tained by way of bivariate simulations, it is highly possible that
perturbed at a constant rate. That said, | can empirically verifythe findings of my study may extend to the more realistic situation
that if the Cholesky decomposition matrix is perturbed by smallof aG matrix containing three or more traits. However, given the
steps, then the correlation matrix is perturbed by small steps, anlinited nature of the multivariate simulations presented herein,
if the Cholesky decomposition matrix is evolved by large stepsthis should be the subject of future more detailed study.
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