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PERSISTENCE OF CHANGES IN THE GENETIC COVARIANCE MATRIX
AFTER A BOTTLENECK
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Abstract.—Genetic variance, phenotypic variance, and the genetic covariance matrix (G) can change as a result of
genetic drift. These changes will persist over time to some extent and will continue if population size remainsrelatively
small. Nine populations founded by a single pair of Drosophila melanogaster were measured for a series of six
morphological characteristics for a large number of parent-offspring families at both the third generation after the
bottlenecks and after 20 generations. From these data, the phenotypic variance, additive genetic variance, and G were
estimated for each line at each generation. Phenotypic and genetic variances were highly correlated over time, so that
the measurements made at the third generation were predictive of the state of the population 17 generations later.
Genetic covariances were also somewhat stable over time; however, the G matrices of some lines changed significantly
over the intervening generations. This change did not return the populations toward their original state before the
population bottlenecks. We conclude that the genetic covariance matrix can change as a result of mild genetic drift

over a short span of time.
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In modern quantitative genetic theory, the additive genetic
covariance matrix (G) plays a central role in predicting the
short-term trajectory of evolution by selection or genetic drift
(Lande 1979; Falconer and Mackay 1989). This G matrix
gives a structured list of the additive genetic variances for a
set of continuously distributed traits and the additive genetic
covariances among each of these traits. These characteristics
are needed to predict the change in the mean values of traits
due to selection, drift, or migration.

For these predictions to be useful over a period of time
longer than just a few generations, the G matrix must stay
roughly constant over time (Lande 1979; Turelli 1988). Sev-
eral studies have tested whether G is uniform in closely re-
lated taxa, that is, whether the G matrix has remained constant
over the evolutionary time separating the two taxa (i.e., Lofs-
vold 1986; Arnold and Phillips 1999 and references therein).
There have been relatively few experimental investigations
of the constancy of G, however. Wilkinson et al. (1990; see
also Shaw et al. 1995) found that the G matrix for five mor-
phological characters in Drosophila melanogaster changed
during 23 generations of divergent selection. Bryant and Mef-
fert (1988) found that G changed in shape following popu-
lation bottlenecks in the housefly Musca domestica, and we
have shown that G can change drastically as aresult of pop-
ulation bottlenecks in D. melanogaster (Phillips et al. 2001).
Many other studies have shown changes in the additive ge-
netic variance during selection (Wilkinson et al. 1990; Meyer
and Hill 1991; Beniwal et a. 1992a,b; Shaw et al. 1995) or
after inbreeding or population bottlenecks (Frankham 1980;
Bryant et al. 1986; Briscoe et al. 1992; Whitlock and Fowler
1999 and references therein). These changes in G after in-
breeding may be transient, though, because the evolutionary
forces such as selection and mutation that act to determine
G may return it to its previous shape (although see Camara

et al. 2000). Thus, we need to understand more about the
persistence of changesin G.

Certain models of evolution depend on changesin G and
in the phenotypic covariance matrix, P. A model of complex
trait evolution, called the variance-induced peak shift (VIPS)
model (Whitlock 1995), predicts that evolution by genetic
drift on a complex adaptive landscape is facilitated by drift-
induced changes in the phenotypic variance. If phenotypic
variance increases sufficiently for any reason, including drift
induced changes in genetic variance, then the adaptive land-
scape may become flatter and it becomes easier for a pop-
ulation to evolve to higher adaptive peaks deterministically
(Whitlock 1995). This process depends on the ability of P
to change as aresult of drift (demonstrated by Whitlock and
Fowler 1996; Fowler and Whitlock 1999a,b and references
therein) and on the short-term stability of these changes. The
changed landscape must remain in its new topography long
enough for selection to take the population into the area pre-
viously occupied by the domain of attraction of the alternate
adaptive peak. There are no published empirical data that
address the stability of the change in G or P after population
bottlenecks.

To address questions about the kinds of changes in genetic
variance, phenotypic variance, and G, we began a large ex-
periment using a set of wing size and shape charactersin D.
melanogaster. A set of 52 inbred lines were created by single-
pair population bottlenecks and expanded to larger size. At
the third generation, more than 6000 families were measured,
and various results have been reported previously. The chang-
es in the phenotypic variance (Fowler and Whitlock 1999a),
genetic variance (Whitlock and Fowler 1999), and fitness
(Fowler and Whitlock 1999a,b) were measured for each of
the lines. The phenotypic, genetic, and environmental vari-
ances were extremely variable across the bottlenecked lines,
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Fic. 1. The landmarks used to generate characters. Ten landmarks were measured for each wing. The measurements were consistently
made from the same point of the junction of the wing veins. The characters used were wing area (the area of the polygon defined by
vertices at points 1, 2, 3, 4, 5, and 10), and the angles formed by the points 5-7-4, 8-7-6, 2-9-3, 2-1-5, and 2-3-5 (with the vertex listed

as the middle point).

in all cases with both increases and decreases observed. Tak-
ing the average, however, showed that the bottlenecked lines
decreased in genetic variance almost exactly as predicted by
classical additive theory (Wright 1951; Lande 1980; Whit-
lock and Fowler 1999). We further used these data to address
the constancy of the G matrix in response to bottlenecks
(Phillips et al. 2001). On average, G changes as predicted
by theory (Lande 1979), but the G matrix of any given line
is likely to vary in every possible way from its progenitor
(Phillips et al. 2001).

A subset of these same lines was maintained for additional
experiments after another 17 generations had passed. In this
paper, we address the following questions: How stable are
increases in genetic and phenotypic variance after population
bottlenecks? How stable are the changes in G induced by
this inbreeding? Does G evolve toward an equilibrium state?

MATERIALS AND METHODS
Experimental Design

The development of the bottlenecked lines has been de-
scribed in detail in Fowler and Whitlock (1999a) and Whit-
lock and Fowler (1999) and will only briefly be recounted
here. A series of randomly mated pairs from the Dahomey
stock of D. melanogaster was used to found inbred lines,
which after this one-generation bottleneck were maintained
by mixing among four half-pint bottles with 18 individuals
of each sex per bottle per generation for a total of 144 flies
per line. Approximately 400 pairs of flies were used to create
each of six control outbred populations, which were main-
tained with the same husbandry as the inbred lines. These
lines were created in three batches, separated by approxi-
mately three months. Each of the batches had two subgroups,
created on consecutive days, and each of these subgroups had
a corresponding control outbred population.

At the third generation after the bottleneck (the F3), pairs
of flies from each population were randomly mated and al-

lowed to produce offspring. All of the lines were then mea-
sured for genetic and phenotypic changes resulting from the
bottleneck. After 17 more generations, in the 20th generation
(the F»), nineinbred lines and five of the control populations
were chosen for re-examination. The nine inbred lines with
characters that increased in additive genetic variance by 30%
or more for any one of the characters were chosen for further
analysis, and the contemporaneous controls of each of these
nine were measured as well. Flies were chosen at random to
produce offspring, following the same protocol asin the third
generation (Whitlock and Fowler 1999). Wings from each of
these parents and eight of their femal e offspring were mount-
ed on microscope slides to be measured for a series of wing
size and shape characters (see Fig. 1) using a computerized
digitizer. On average, 60 families per line were measured,
and 258 families from the control populations were also mea-
sured. In addition, enough other flies were measured to bring
the total number of males and females available for esti-
mating the phenotypic variance (Vp) to an average of 68
individuals of each sex per line, and atotal of 287 males and
287 females for the control lines. The pattern of variance and
covariance among these parent-offspring families was used
to estimate G (for details, see Whitlock and Fowler 1999;
Phillips et a. 2001). The outbred lines showed no hetero-
geneity across replicates and so were pooled into a single
measure for each variance component and the G matrix.

Sability of Increases in Vp and V4

Estimates of the additive genetic variance (V) and the
phenotypic variance (Vp) for each character have been cal-
culated previously for each of the linesin the third generation
(Fowler and Whitlock 1999a; Whitlock and Fowler 1999).
The new data on the 20th generation allows us to ask whether
these important components have changed over time. In par-
ticular, we are interested to know whether the increases in
genetic variance observed in some traits in some lines con-
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tinue through subsequent generations. (This is the reason for
the selection of the lines with high V for given characters,
as outlined in the section above.) To compare across traits,
each variancein theinbred lines was standardized by dividing
by the corresponding variance from the outbred lines, re-
sulting in a variance ratio.

We want to estimate the correlation of the variance ratios
in the F3 generation to those in the F,o generation. To do
this, we have to account for the fact that the traits are not
entirely independent of each other (although the mean cor-
relation of the traits is quite small for all pairs of traits;
Phillips et al. 2001). To maximize the power of this com-
parison, we might first observe that the variance ratios do
not vary significantly among the traits (testing the variance
ratios over all 52 linesin the F5, P > 0.5). Thisimplies that
combining information across traits is appropriate. Thus, we
use each line as a measure of the correlation between gen-
erations of the variance ratios. For each line we obtain an
estimate of this correlation by finding the correlation among
the values for the six traits. No statistical testing is done
within aline, so the nonindependence of the six pointsis not
relevant. The nine correlation values obtained from the set
of nine lines are statistically independent, therefore we can
test whether the mean correlation coefficient is different from
zero using a t-test.

Measurement error can result in a biased estimate of a
correlation. A correlation coefficient is cal culated by theratio
of the covariance of two variables divided by the square root
of their variances. If the true values of the variablein question
are not known without error, then the estimates of the var-
iances of the variables will be inflated by this measurement
error. If the error in measurement is not correlated between
the two variables, then the estimate of the covariance between
the variables is unbiased. Thus, with measurement error, the
denominator of estimate of the correlation coefficient is too
high, while the numerator is centered on its true value. As a
result, a correlation coefficient calculated from data with
measurement error is biased toward zero. Fortunately, if the
variance due to measurement error is known or can be es-
timated, the variances can be corrected and an unbiased es-
timate of the correlation can be produced. Thisis called the
‘“correction for attenuation,”’ a standard statistical technique
in the behavioral and psychological sciences (Ferguson
1981). (The calculation is very similar to the use of repeat-
ability in quantitative genetics.)

Inthe current case, we aretrying to cal culatethe correlation
of two variance ratios. There is no bias in the calculation of
the covariance of these ratios, but some of the variance among
estimates of these ratios is due to measurement error. In this
case, the measurement error is equivalent to the sampling
error.

To estimate the variance due to error of the phenotypic
variance ratios, we observe that the distribution of each of
the characters within alineis not significantly different from
a normal distribution. This implies that the variance among
estimates due to sampling error should follow an F-distri-
bution. (Note that this calculation requires only that the error
is F-distributed, not that the variance ratios themselves nec-
essarily follow an F-distribution. The F-distribution of error
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follows directly from the observation of normally distributed
traits.)

To estimate the variance dueto error of the genetic variance
ratios, we estimate the sampling error from bootstrapping
pseudosamples from the control data.

Sability of G
Measuring differences in G matrices

Matrix comparisons were performed using an approach
developed by Flury (1988) as modified for quantitative ge-
netic data by Phillips and Arnold (1999). This method not
only tests whether two matrices are equal to one another but
also determines the ways in which they may differ, in a
hierarchical series of questions. Matrices are tested for sim-
ilarity in principal component structure as well as for pro-
portionality and equality in an ordered fashion. For example,
two matrices that share one principal component in common
can then betested to seeif they sharetwo, and so on. Matrices
with all of their principal components in common can be
tested for proportionality, and proportional matrices can then
be tested for equality. The significance levels of these tests
are determined by repeatedly randomizing families across
populations, testing the likelihood of the tested hypothesis
against the null hypothesis of no shared structure. We used
10,000 randomization runs per test, using the CPCrand pro-
gram (Phillips 1998a).

There are two potential limitations in the Flury approach
that may be important for its application to these data. First,
tests conducted with data on few families are less likely to
detect differences among matrices than are those with many
families (Phillips and Arnold 1999). However, for any given
comparison (e.g., F3 vs. Fy), the power from line to line is
approximately the same, and so relative differences among
lines in the similarity of the F3 and F,q retain meaning. Fur-
thermore, tests versus the control population involve thou-
sands of families and are therefore expected to be very pow-
erful.

A second limitation of the Flury approach is that it tests
a set of null hypotheses based on principal component struc-
ture, which is constrained to be orthogonal. Matrices may
potentially share similarity in structure that is not reflected
in the principal components (Houle et a. 2002). Unlike many
studies of matrix stability, the populations compared here
display a direct ancestor-descendent relationship that strong-
ly motivates a null hypothesis of matrix equality, whereas
mutation and drift lead to expectations of proportionality
(Phillips et al. 2001). Matrices that are found to be unrelated
by the Flury approach may in fact share similar nonortho-
gonal structures (Houle et al. 2002), but this does not negate
the value of testing other degrees of similarity, especially
because our focus is on divergence.

The real problem here is that strict hypothesis testing is
probably not as valuable in this context asametric that allows
one to measure the degree of divergence (Marroig and Chev-
erud 2001). We therefore also used a second type of analysis
that asks whether the lines have retained any of their co-
variance structure over the 17 generations between measure-
ments. For each pair of traits in each population and each
generation, the major axis of genetic variation (i.e., the first
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Fic. 2. The correlation between the phenotypic variance ratios at
different generations. The line is the best-fit regression predicting
the variance ratio in the F,g from that in the F5. (Significance values
cannot be directly given for this fit; see text.) A variance ratio is
the variance of an inbred line divided by the same variance from
the control population.

principal component of the two-dimensional G matrix) was
determined. The angle between this axis and the major axis
formed by the same traits in the control lines was calculated,
which we call the ‘‘angle of deviation’’ for those traits in
that line (see also Phillips et al. 2001). A correlation coef-
ficient was calculated between these angles of deviation in
the two measured generations. Large positive correlations
indicate that there is some stability of genetic covariance
structure within lines over the generations. This approach
allows for amore general measure of similarity than the CPC
method and to some degree should protect against the pos-
sibility that principal components might be the wrong model
for shared structure across the full matrices. Because the
datapoints are not independent, normal statistical techniques
are not appropriate, and a bootstrap analysis was therefore
performed. The set of 15 trait-pair covariancesfor aline were
resampled as a set within a generation, but paired at random
with a randomly chosen set of estimates from the other gen-
eration. A total of 10,000 pseudo-datasets were created in
this way. The P-value given by this technique is the pro-
portion of pseudo-datasets that had a higher correlation in
angles of deviation than the actual dataset.

Measuring the direction of change in the G matrix

If the G matrix of the bottlenecked lines has changed over
the intervening 17 generations between the F; and F5g, we
would like to know whether these changes are toward the
control line or at random with respect to the ancestral state.
The angles of deviation from the control data were analyzed
using the bootstrap test described above to evaluate whether
the average angles of deviation in the F,o were significantly
different from that in the Fs.
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Fic. 3. The correlation between the additive genetic variance ra-
tios at different generations. The line is the best-fit regression pre-
dicting the variance ratio in the F,, from that in the Fs.

REsuULTS

Stability of Increases in Vp and Vu

Of the nine lines examined and six characters per line,
there were 10 instances in which there was a greater than
30% increase in additive genetic variance in the F5. Eight of
the lines had one character that showed such alarge increase
in genetic variance, and one line had two characters that
increased by that much in V. Of these 10 total instances of
substantially increased V5, six had V5 greater than the con-
trols in the F,o sample. We compared the mean additive ge-
netic variance ratio in generation 20 for the traits that had a
high V5 in the F; to the mean variance ratios in the Fs.
Because of the nonindependence of two of the comparisons
(i.e., the pair that came from the same line), we used only
one of these traits in that line at a time. The traits that had
high V4 in the F; still had a much higher V5 in generation
20 than the average in the F5 (mean additive genetic variance
ratios 1.07 vs. 0.71, Wilcoxon sign-rank test, P = 0.002 or
P = 0.0001, depending on which of the traits from the line
with two substantial increases was used).

The pattern of correlation between the variance ratios for
phenotypic variance in the F; and the variance ratios for the
same characters in the F,q is shown in Figure 2. The phe-
notypic variance early after a bottleneck predicts Vp many
generations later (P < 0.05). The raw correlation of variance
ratios between generations is not extremely high (r = 0.27),
but each of these variance ratios is estimated with a fairly
large error. Correcting for attenuation (Ferguson 1981) gives
an estimate of r = 0.35.

Similarly, the additive genetic variance for each trait is
similar between the generations (P < 0.01). Figure 3 shows
the pattern of correlation for the additive genetic variance
ratios for the two generations. The correlation is not high (r
= 0.32), but by correcting for the error variances we can
estimate the correlation coefficient to be 0.63 for the additive
genetic variance of the F; and Fy.
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TaBLE 1. Matrix comparisons using the Flury hierarchy. Each entry gives the level of the hierarchy at which the stated hypothesis could not
be rejected. CPC[X] indicates that the hypothesis that the matrices share x common principal components cannot be rejected. Full CPC indicates
that the hypothesis that the matrices share all six principal components cannot be rejected. Unrelated indicates that the hypothesis that any
principal components are shared by the matrices can be rejected at the « = 0.05 level. Line numbers are arbitrarily assigned for ease of reading

this table.

Line number No. of families: F, No. of families: F,, F;vs. Fy F vs. control F,, vs. control
1 74 59 equal CPC[1] CPC[1]
2 102 63 equal unrelated unrelated
3 98 56 equal unrelated proportional
4 90 65 proportional unrelated equal
5 100 58 full CPC unrelated full CPC
6 87 60 CPCI[3] CPC[1] CPC[1]
7 86 55 CPC[3] unrelated unrelated
8 104 60 CPC[1] CPC[1] unrelated
9 87 64 unrelated unrelated unrelated

Sability of the Outbred G Matrix

The replicate control populations were not significantly
variable in their G matrices in the F; (Phillips et al. 2001),
nor was there evidence for significant deviations from equal-
ity in the Fyy (P = 0.2131). Thus, the control populations
were pooled to make a single control dataset. The residuals
of midparent and offspring means from the averages of that
control line were used to prevent the small variance in means
among the replicate control lines from being conflated with
within-line variance. The outbred control populations did not
change significantly in the size or shape of their G matrix
over the 17 generations in this study (test of equality of
matrices; P = 0.204).

Changes in the G Matrix of Bottlenecked Lines

For six of the nine lines measured in this study, there is
significant evidence of changein the G matrix over the course
of the study (Table 1). These lines have changed in ways that
vary from sharing the entire eigenstructure but differing in

the magnitudes of the eigenvalues to having no eigenstructure
in common. In most cases, the structure of the G matrix
remains quite different from that of the control populations.
Thus, the G matrix can evolve over relatively short periods
of time, even when the population size is not extremely small.

For one-third of the lines, however, there is no statistically
significant evidence that the G matrix has changed over these
17 generations. These negative results must be interpreted in
view of the fact that with around 60 families per line in the
F,o generation, we are at the limits of reliability of measuring
genetic covariances (Klein 1974; Phillips 1998b). Limitations
in power can lead to failure to reject the null hypothesis of
similarity when it is false (Phillips and Arnold 1999). Using
the most similar (Table 2) and least similar (Table 3) lines
as examples, it is clear that the results for any specific com-
parison arelikely to be strongly influenced by sampling error.
For line 1, for example, the Flury test could not reject the
hypothesis of equality between the F; and F,y matrices, yet
it is very unlikely that these matrices are in fact equal. For
instance, there are point estimates (e.g., the variance for angle

TABLE 2. Additive genetic variance-covariance matrices (G) for the outbred control, the bottleneck, and the 20-generation recovery lines for
areplicate (line 1) that showed the highest degree of similarity across generations (see Table 1). For each element in the matrix, the estimate
for the outbred control population is given on the top line, the estimate for the F, population shortly after the bottleneck isin the middie line,
and the estimate for the F,, population is in the bottom line. Estimates from the control line are reprinted from Phillips et al. (2001). All
variances, covariance, and standard errors have been multiplied by 10* for ease of viewing. Variance units are mm* for area and radians? for
the angles. Values in parentheses give the standard error of the estimate calculated via bootstrapping across families.

Trait Wing area Angle 5-7-4 Angle 8-7-6 Angle 2-9-3 Angle 2-1-5 Angle 2-3-5
Wing area C 12.10 (0.57)
Fs 7.31 (2.70)
Fap 7.77 (2.98)
Angle 5-7-4 C 3.51 (0.33) 9.07 (0.36)
F, 0.69 (1.70) 6.22 (1.37)
Fao 2.36 (1.66) 5.71 (1.67)
Angle 8-7-6 c 1.50 (0.53) —3.85 (0.45) 21.84 (1.03)
Fs 9.43 (3.64) —5.86 (2.76) 45.41 (8.30)
Fao 3.19 (3.14) —3.56 (2.09) 15.41 (4.46)
Angle 2-9-3 C 1.03 (0.10) 0.95 (0.08) —0.46 (0.14) 0.90 (0.04)
F, 1.11 (0.49) 1.09 (0.37) 0.42 (1.02) 0.78 (0.15)
Fao 0.87 (0.48) 1.12 (0.44) —0.10 (0.66) 0.71 (0.14)
Angle 2-1-5 c 1.79 (0.15) 2.44 (0.14) —1.31 (0.19) 0.80 (0.04) 1.96 (0.07)
Fs 0.89 (0.64) 2.25 (0.58) —4.44 (1.65) 0.73 (0.22) 1.64 (0.44)
Fao 1.19 (0.72) 1.81 (0.66) —2.41 (1.07) 0.84 (0.20) 1.78 (0.36)
Angle 2-3-5 C 1.61 (0.26) —1.48 (0.21) 2.71 (3.24) 0.09 (0.06) 0.02 (0.09) 5.79 (0.21)
F, 2.72 (1.34) -0.29 (0.83) 4.78 (2.08) 0.85 (0.31) 0.72 (0.37) 4.23 (1.13)
Fao 4.58 (1.84) —1.38 (1.18) 4.65 (2.62) 0.39 (0.41) 0.43 (0.50) 7.18 (1.86)
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TaBLE 3. Additive genetic variance-covariance matrices (G) for the outbred control, the bottleneck, and the 20-generation recovery lines for
areplicate (line 9) that showed the least degree of similarity across generations (see Table 1). Notations as in Table 2.

Trait Wing area Angle 5-7-4 Angle 8-7-6 Angle 2-9-3 Angle 2-1-5 Angle 2-3-5
Wing area C 12.10 (0.57)
F, 7.14 (1.82)
Fao 4,99 (1.16)
Angle5-7-4 C 3.51 (0.33) 9.07 (0.36)
F, 2.79 (1.40) 11.76 (2.39)
Fa 3.64 (1.31) 10.33 (2.28)
Angle 8-7-6  C 1.50 (0.53) —3.85 (0.45) 21.84 (1.03)
F, 2.02 (2.11) —11.53 (3.01) 24.80 (4.59)
Fa —4.71 (2.39) —8.83 (2.64) 24.34 (6.19)
Angle2-9-3 C 1.03 (0.10) 0.95 (0.08) —0.46 (0.14) 0.90 (0.04)
F, —0.10 (0.41) 1.29 (0.52) —1.55 (0.78) 0.80 (0.18)
Fa —0.16 (0.32) 0.78 (0.42) —0.14 (0.54) 0.63 (0.13)
Angle 2-1-5 C 1.79 (0.15) 2.44 (0.14) —1.31 (0.19) 0.80 (0.04) 1.96 (0.07)
F, 1.59 (0.65) 4.74 (1.11) —6.03 (1.47) 0.99 (0.28) 2.78 (0.56)
Fa 0.75 (0.36) 2.23 (0.59) —2.56 (0.68) 0.23 (0.13) 0.86 (0.23)
Angle2-3-5 C 1.61 (0.26) —1.48 (0.21) 2.71 (3.24) 0.09 (0.06) 0.02 (0.09) 5.79 (0.21)
F, —0.91 (0.92) —1.078 (0.96) 1.35 (1.41) —0.61 (0.22) —1.54 (0.43) 3.80 (0.93)
Fa —2.47 (0.96) —1.68 (1.28) 3.16 (2.12) —0.97 (0.34) —1.13 (0.41) 5.38 (0.98)

8-7-6) that differ strongly in each of the three time points
sampled. Similarly, for line 9, which was found to have un-
related structure across the generations, there are a number
of point estimates that can be quite similar in magnitude (e.g.,
angle 8-7-6). Because all of the analyses within a particular
comparison group (e.g., F3 vs. F5g) have approximately the
same power, the overall pattern of conservation and change
is best viewed by looking across all replicates. Doing this
shows that the replicates vary in their degree of divergence
through time, at least with respect to the common principal
components model.

To examine whether the structure of the G matrix at the
F,o is predicted in any way by its structure in the F3, we ask
whether the angles of deviation from the control line are
significantly correlated over time. The value of this corre-
lation is 0.58, with none of the 10,000 bootstrapped datasets
reaching a value that high. Thus, we can say with confidence
(P < 0.0001) that the covariances between characters have
some constancy over generations. Combined with the results
from the Flury analysis, we can see that the G matrix often
does change over time but that this change does not erase
the effects of history. Some of the changes in the G matrix
that result from population bottlenecks persist over several
generations, but the G matrix may also continue to change.

Given this further change in G over time, we should ask
whether the change in G is such that evolution returns the
G matrix back toward the shape of the original matrix in the
control population. The randomization test shows that the
pattern of change is entirely consistent with the null hypoth-
esis of random change relative to the shape of the control
outbred populations; that is, the angles of deviation from the
control do not get significantly smaller over time (P = 0.65).
In summary, G changes in size and shape from population
bottlenecks (Phillips et al. 2001), continues to change during
subsequent generations at larger population size, but not in
a way that returns it to its original shape.

One caveat about these results should be emphasized. The
lines chosen for further study in the F,5 were not a random
subset of all lines but represented the populations that had a

character with alarge increase in V4. (The original intent of
this study was to measure the persistence of large increases
inV, and Vp.) By the regression effect, the V 5 estimates for
these characters are probably biased upward in the F; (i.e.,
the reason they are higher than average is a combination of
a truly large V and sampling error in the direction of an
increase). This should, if anything, cause the F,, to appear
closer than the F; to the control populations in G. The lack
of this return to the control state in our data suggests that
this regression effect is not great. A similar caveat applies
to the results of the regression in the first section: The cor-
relation across generationsislikely slightly lower than would
be expected from randomly chosen lines because of the re-
gression effect on the characters that had large increases in
Vp in the first assay.

Discussion

The course of evolution is determined by a combination
of the pattern of selection and the pattern of genetic vari-
ability described by the G matrix (Lande 1979). If G is con-
stant, then the response to future selection can be predicted
and the pattern of past selection can be estimated (Lande
1979; Arnold 1988). Furthermore, the G matrix reflects the
underlying developmental and functional coupling between
traits (e.g., Cheverud 1984) and the presence of genetic con-
straintsin general (Arnold 1992). The direction of divergence
of closely related species is predictable from G (Schluter
1996). Thus, an understanding of the stability and constancy
of the G matrix is critical to our fuller understanding of the
process of evolution. We have seen here that over several
generations after population bottlenecks, the G matrix can
change, but also some features of the G matrix are fairly
stable over this span. We will consider these two features of
the evolution of genetic covariance in turn.

We have previously demonstrated that population bottle-
necks can cause severe changes in the size and shape of the
G matrix (Phillipset al. 2001). It ispossible that such changes
may be only transient and that with the return of selection
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as a primary force in the evolution of these populations that
the G matrix may return to its original form. This is not the
pattern observed here. In most lines G continues to change,
albeit at a slower pace, but not in away that is biased toward
areturn to its original shape. Note, however, that there was
no evidence for change in the G matrix of the large outbred
population over this time period. Most of the variance among
lines in additive genetic variance and covariance will be gen-
erated by drift-induced linkage disequilibria (Avery and Hill
1977; Zeng and Cockerham 1991). Given enough time, these
disequilibria will decay, revealing the true genic differences
among the lines. The continuing changes observed here prob-
ably reflect both of these processes. Thus, even after the
severe bottleneck, genetic drift continues to affect not only
the mean phenotypes of these populations but also the pattern
of genetic variability that will also affect subsequent evo-
lution. Genetic drift can therefore alter the course of evolution
in a way not typically given much attention; it is possible
that the major effect that genetic drift might have on the
pattern of evolution is by changing G rather than by changing
the mean values of phenotypes directly.

We have also previously shown that population bottlenecks
cause changes in genetic and phenotypic variance of mor-
phological traits and that sometimes these variances increase
(Fowler and Whitlock 1999a; Whitlock and Fowler 1999; see
also Lopez-Fanjul et al. 1989). Increases in phenotypic var-
iance have been theoretically implicated in models of evo-
lution on complex adaptive landscapes (Whitlock 1995). The
variance-induced peak shifts model argues that genetic drift
is more likely to cause a shift between peaks on a complex
adaptive landscape via changes in the phenotypic variance
than by changes in the trait mean (Whitlock 1995). Our pre-
vious results demonstrated that most assumptions and pre-
dictions of the VIPS model were reasonable, but the VIPS
model also requires that changes in phenotypic variance per-
sist over several generations. These current data demonstrate
that these changes can easily persist for at least 20 genera-
tions. Most of the lines that had traits with significant in-
creases in Vp at the F3 generation continued to have high Vp
for those traits after 17 additional generations. The correla-
tion in both the genetic and phenotypic variance over time
was high (and in fact was probably much higher than can be
shown with these noisy data; see Results). In most cases, if
the phenotypic variance had changed enough to allow peak
shifts, our data suggest that it may remain high long enough
to allow selection to cause a peak shift.

Asyet, we lack a complete theory of how genetic variance
and covariance will change with genetic drift and selection.
We know that the patterns of change that we will expect to
see depend on genetic details such as the number and dis-
tribution of effects of the loci involved (Avery and Hill 1977,
Zeng and Cockerham 1991; Whitlock 1995). We also know
that there are many genetic patterns that can create identical
genetic covariance between traits, but with very different
evolutionary properties (Houle 1991; Gromko 1995). We will
never be ableto fully predict changesin G from theory alone,
making data like those presented here that much more valu-
able.

Genetic and phenotypic variances and covariances are mal -
leable under genetic drift. Population bottlenecks sometimes
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cause large changes in the genetic basis of traits, and these
changes can continue over subsequent generations. This hav-
ing been said, however, the changes induced by population
bottlenecks do have some persistence. Therefore, we would
expect that in the presence of genetic drift that evolution by
natural selection would be neither completely predictable nor
unpredictable. Over short time spans with moderate popu-
lation sizes, predictions of response to selection should be
reasonably accurate, but with a large degree of uncertainty.
As more time passes, we would expect our predictions to
become increasingly worse, as G continues to transform rel-
ative to its starting condition. The changes in G that result
from genetic drift could cause substantial evolutionary di-
vergence even under subsequent uniform selection. If G re-
mains stable over long periods of time, as has not been re-
jected by several analyses (see Arnold and Phillips 1999),
then we can infer that either genetic drift has not played a
large role in the evolutionary history of the groups or that
selection ultimately may operate to constrain the shape of
the genetic covariance matrix.
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