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Abstract The recycling of elite inbreds (i.e., advanced
cycle breeding) has led to significant genetic gains but
also to a narrow gene pool in plant breeding programs.
Sustained yield improvements in many crops have sug-
gested that genetic variance is not depleted at a rate
predicted by an additive genetic model. Unlike the
additive model in classical quantitative genetic theory,
metabolic control analysis relates the variation in a
biochemical process with the genetic variation in a
quantitative trait. Our objective was to determine whether
metabolic control analysis is a mechanism that slows the
decrease in genetic variance during advanced cycle
breeding. Three cycles of advanced cycle breeding were
simulated with 10, 50, or 100 quantitative trait loci (QTL)
controlling a trait. In metabolic control analysis, these
QTL coded for enzymes involved in a linear metabolic
pathway that converted a substrate into a product. In the
absence of selection, both the additive model and the
metabolic control analysis model led to about a 50% re-
duction in genetic variance from cycle to cycle. With
selection, the additive model led to a 50-58% reduction in
genetic variance, but the metabolic control analysis model
generally led to only a 12-54% reduction. We suggest
selection in a metabolic control analysis model as a
mechanism that slows the decrease in genetic variance
during advanced cycle breeding. This conservation of
genetic variance would allow breeders to achieve genetic
gains for a longer period than expected under the additive
model.
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Introduction

In modern plant breeding, pairs of elite inbreds are
crossed to form base populations from which new inbreds
are developed (Allard 1960, p. 115; Bernardo 2002, p.
70). This inbred recycling process, which is called ad-
vanced cycle breeding, has been extensively used to de-
velop inbreds in major crops and has led to significant
genetic gains (Poehlman and Sleper 1995, p. 4). Ad-
vanced cycle breeding, however, systematically reduces
genetic variation (Tanksley and McCouch 1997).

Crossing two inbreds to form a new breeding popula-
tion in each cycle creates a bottleneck, which is defined as
a severe reduction in the number of parents that are mated
to form the next generation. Inbreeding increases with
each successive bottleneck, and the classical additive
model in quantitative genetics predicts that genetic vari-
ance during advanced cycle breeding will decrease as a
linear function of inbreeding (Wright 1951). Genetic
gains, however, are still being achieved, although plant
breeding programs often have a core germplasm pool with
low genetic variation expected under the additive model
(Peel and Rasmusson 2000). In a recent study (Yu and
Bernardo 2004), we found no significant changes in ge-
netic variance for maize (Zea mays L.) grain yield among
three breeding populations, which was contrary to the
predicted decrease in genetic variance for an additive
model.

Conversion of additive-by-additive epistatic variance
into additive variance has been proposed as a mechanism
for maintaining additive variance during bottlenecks
(Cockerham and Tachida 1988; Goodnight 1988; Whit-
lock et al. 1993; Cheverud and Routman 1996). Classical
two-locus epistatic models, such as duplicate dominant
epistasis or complementary gene action, have been shown
to maintain genetic variance after bottlenecks (Goodnight
1988; Whitlock et al. 1993; Bernardo 2002, p. 115). Two-
locus epistatic models, however, do not adequately
describe gene interactions that occur across many loci.

Metabolic control analysis provides a framework
under which the variation in a biochemical process



generates the genetic variation in a quantitative trait. The
flux (i.e., the output of a system) of a metabolic pathway
with an array of enzymes can be considered as the ge-
notypic value for a quantitative trait controlled by a
number of loci (Kacser and Burns 1981; Bost et al. 1999).
In metabolic control analysis, the control of the flux is
shared among all the enzymes, and the effect of each
enzyme is dependent upon the other enzymes in the
metabolic pathway (Kacser and Burns 1973). Experi-
mental data have demonstrated a good fit of metabolic
control analysis to in vivo relations between enzyme ac-
tivity and flux (reviewed by Kacser and Burns 1981;
Groen et al. 1986; Albe and Wright 1992; Hill et al.
1993). Metabolic control analysis is therefore a biologi-
cally meaningful mechanism that can explain epistasis for
quantitative traits (Kacser and Burns 1981; Keightley
1996). Metabolic control analysis allowed us to study the
genetic variance generated from a large number of loci
involved in a metabolic pathway.

Advanced cycle breeding can be viewed as creating
and selecting for new combinations of enzymes that give
higher flux values in a metabolic pathway. The mainte-
nance of genetic variance by metabolic control analysis
has not been studied in the context of plant breeding. Our
objective was to determine whether metabolic control
analysis is a mechanism that slows the decrease in genetic
variance during advanced cycle breeding.

Materials and methods
Advanced cycle breeding

We wrote a computer program in C*™* to simulate three cycles
(cycle 0, 1, and 2) of advanced cycle breeding. Two initial inbreds
(A and B in cycle 0) with different alleles at each locus were
generated. At a given locus, either inbred A or B had the +/+
genotype, and the other inbred had the —/— genotype. These two
inbreds were used to generate two new inbreds (C and D in cycle
1), and in turn these two new inbreds were used to generate another
pair of inbreds (E and F in cycle 2). This simulation scheme de-
picted the intensive inbred recycling practices used in many plant
breeding programs (Peel and Rasmusson 2000; Yu and Bernardo
2004). Simulation was done for the above process without con-
straints on genotypic values of the inbreds (i.e., without selection),
and with constraints (i.e., with selection). With selection, the in-
breds in a cycle (i.e., cycle 1 or 2) had genotypic values greater than
or equal to the average of two parental inbreds (i.e., the mid-parent
value of two inbreds in the immediate previous cycle), but had at
least 20% of quantitative trait loci (QTL) different from each other.
These criteria were chosen to simulate selection based on both
mean performance and parental genetic distance applied by
breeders in real situations. Selection based on genotypic rather than
phenotypic values guaranteed genetic gain, so that the results were
not confounded with any ineffectiveness in selection among par-
ents.

The ten chromosomes corresponded to the chromosome sizes
from a published maize linkage map (Senior et al. 1996). A total of
n=10, 50, or 100 segregating QTL were randomly distributed
among the ten chromosomes. Meiosis was simulated, and recom-
bination frequencies were calculated from the map distances among
loci within a chromosome using the Kosambi mapping function.
Recombinant inbreds were generated with modified recombination
frequencies (Wang and Bernardo 2000).
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For measuring the genetic variance in each cycle, a population
with 1,000 recombinant inbreds was generated for each within-
cycle cross (i.e., AxB, CxD, and ExF). The genetic variance in
each cycle was calculated based on the genotypic values of the
1,000 recombinant inbreds. Phenotypic values were not generated,
as the objective was to directly assess any changes in genetic
variance. The ratio of genetic variance (V,./V,) was calculated
between cycle 1 and cycle 0, and between cycle 2 and cycle 1. The
simulation experiment was repeated 1,000 times. The mean, me-
dian, and 90% range of V,,,/V, across 1,000 repetitions were cal-
culated. The percentage of the cases in which V,,,/V, was greater
than 1.0 was recorded.

Additive model

An additive genetic model, with linkage but no epistasis, was first
considered. This simple model provided a reference for comparing
the results from metabolic control analysis. The inbreeding coef-
ficient was O in cycle 0, 0.5 in cycle 1, and 0.75 in cycle 2. The
expected genetic variance was View = (1=Few) Vinitial, Where Viey
was the expected genetic variance in the bottlenecked population
(i.e., CxD and ExF), Vinia Was the genetic variance in the initial
population (i.e., AxB), and F.,, was the inbreeding coefficient of
the bottlenecked population with reference to the initial population
(Wright 1951).

The additive model in our simulation involved only loci without
dominance or epistasis. The genotypic effect at locus i (a;) was half
of the difference between the genotypic values of the +/+ and —/—.
An exponential distribution has been proposed for QTL effects
(Mackay 2001), as experimental (Kearsey and Farquhar 1998;
Bernardo 2002, p. 309) and theoretical (Otto and Jones 2000)
studies have supported a model of a few genes with large effects
and many genes with small effects. Accordingly, we used a trun-
cated exponential distribution for @; with a probability density
function of fix)=(1/0) exp(—x/o)/[1-exp(—30/c)], where 0=2.5, and
0<x<30. In the additive model, the overall genotypic value of a
recombinant inbred was equal to the sum of its genotypic values
across loci.

Metabolic control analysis model

We considered a linear metabolic pathway in which N enzymes
(n=10, 50, 100) were involved in a process of converting a substrate
(Sp) into a product (P). Enzyme 1 converted Sy into S;, enzyme 2
converted S; into S,, and enzyme N converted Sy.; into P. The flux
of this linear metabolic pathway was considered as a quantitative
trait controlled by N QTL in a linear pattern (Kacser and Burns
1981). The enzyme activities varied across loci and within loci. The
distribution of average enzymatic value at each locus (m;) described
the variation of the enzyme activity across the metabolic pathway.
The coefficient of variation (c;) described the variation of the en-
zyme activity within each locus. We considered the distribution of
¢; instead of half of the difference between two enzyme activities at
a locus (a;) because of the constraint that a;<m;, i.e., enzyme ac-
tivities, measured as m+a and m—a, should be positive (Bost et al.
1999). The values of a; were obtained from the equation a;=m;c;\/2.
The enzyme activity (Ej) at locus i was E;=m+a; for the +/+
genotype, where j=1; and E;=m;—a; for the —/— genotype, where
j=2. The relative flux (J*) of the pathway for recombinant inbred k
corresponded to the genotypic value. At steady state given constant
external conditions, the relative flux (Kacser and Burns 1981) was
1
F == (1)
>y 1/E}

Multiple distributions were simulated for m; and c; to capture
the wide variability in enzyme activity for different metabolic
pathways. The four distributions for m; were: (1) constant (m,=10
for each enzyme), (2) reverse truncated exponential (=30, 6=2.5)
with a probability density function of f(x)=(1/c) exp[(x-0)/c]/
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[1-exp(-30/0)], (3) normal (u=10, 0=2.5), and (4) uniform [in the
range (0, 30)]. The three distributions for ¢; were: (1) constant
(¢;=0.2), (2) normal (u=0.35, 0=0.08), and (3) uniform [in the range
of (0, 0.7)]. The distributions of m; and ¢; were adapted from Bost et
al. (1999).

Results

Additive model

Relative to the original genetic variance in cycle 0
(100%), the genetic variance was expected to be reduced
to 50% in cycle 1 and to 25% in cycle 2 when selection
was absent. In our simulation, the ratio of genetic vari-
ance between cycles (V,.1/V,) had an average of about
50% when selection was absent (Table 1). This result was
in agreement with what was expected under the additive
model (Wright 1951). Selection, however, led to less than
50% (42-50%) genetic variance maintained from cycle to
cycle and this effect was most prominent when ten QTL
controlled the trait.

The V,.1/V, values had a wide range regardless of the
absence or presence of selection (Table 1). The 90%
range of V,,/V, generally did not include 1.0, which in-
dicated that observing an increase in genetic variance
after a bottleneck would be rare. The 90% range of V,,,/V,
became narrower as the number of QTL increased. With
50 or 100 QTL, no case was found in which two con-
secutive increases in genetic variance (i.e., V,,/V, greater
than 1.0 for successive cycles) occurred in the same re-
peat of the simulation experiment.

Metabolic control analysis model

When selection was absent, the decrease in genetic vari-
ance was approximately 50% regardless of the distribu-
tion of the enzyme activity among loci (i.e., m;) and
within loci (i.e., ¢;) (Table 2). The 90% ranges of V,.1/V,,
however, were much wider than those for the additive
model. Compared with the additive model, more cases
were observed with an increase in genetic variance after a
bottleneck (i.e., V,1/V, greater than 1.0) in the metabolic
control analysis model.

For the distributions of m; other than uniform, selection
generally led to more than 50% (46-88%) genetic vari-
ance maintained after each bottleneck (Table 3). This was

different from the results for the additive model. This
maintenance of genetic variance after a bottleneck was
more prominent when the trait was controlled by 10 or 50
QTL rather than by 100 QTL. The 90% range for V,,,/V,
usually included 1.0 when ten QTL controlled the trait,
indicating that observing an increase in genetic variance
after a bottleneck would not be rare. Except for the uni-
form distributions of m; or c;, the distributions of V,.,/V,
were approximately symmetric as shown by the similarity
between the mean and median of V,./V,. This approxi-
mately symmetric distribution for V,,,/V, was true also for
the additive model and metabolic control analysis model
without selection (Tables 1, 2).

For the uniform distribution of m;, selection led to less
than 50% (32-51%) genetic variance maintained after
each bottleneck (Table 3). Further investigation through
fitting distributions with different o for m; revealed that
the different results observed between the uniform dis-
tribution and the other three distributions was mainly
caused by the greater o in the uniform distribution than in
the other distributions. For a uniform distribution with a
smaller o, for example a range of [5,15] for m;, the change
in genetic variance was similar to what was observed for
the other three distributions, i.e., less than 50% reduction.
On the other hand, for an exponential distribution with a
wider dispersion; for example, 0=10, the change in ge-
netic variance was similar to what was observed for the
uniform distribution, i.e., more than 50% reduction. The
normal distribution, however, was not as sensitive as the
uniform or exponential distributions to differences in o.

Discussion

While the mean of V,,,/V, fit the expectation for the ad-
ditive model (Wright 1951), V,,,/V, varied widely even
when QTL were additive and no selection was applied.
Such variability in the changes in genetic variance has
been demonstrated theoretically (Avery and Hill 1977;
Lynch 1988) and experimentally (Whitlock and Fowler
1999). Our study demonstrated this variability in simu-
lation, in which the whole genome, different genetic
models, and different distributions of gene effects were
investigated. Because the ranges of V,,,/V, became nar-
rower as the number of QTL increased regardless of the
genetic model and the distribution of gene effects, our
results verified further that this variability is most

Table 1 Ratio of genetic variance between cycles (V,,1/V)) in an additive model when 10, 50, or 100 QTL control a quantitative trait

Selection Number Cycle 1l/cycle 0 Cycle 2/cycle 1 Both
f QTL

of Q Mean  Median  90% range >1.0 Mean  Median  90% range >1.0 >1.0

Absent 10 0.51 0.51 0.05 096) 32% 053 0.57 (0.00 1.01) 73% 02%

50 0.51 0.51 022 080 0.1% 049 0.48 0.12  0.87) 1.1%  0.0%

100 0.51 0.50 0.27  077) 02%  0.50 0.49 (0.20  0.83) 1.0%  0.0%

Present 10 0.48 0.45 0.06 096) 27% 042 0.37 0.02  096) 22% 0.0%

50 0.49 0.49 (020 0.82) 04%  0.49 0.48 0.16  0.87) 1.8%  0.0%

100 0.50 0.50 025 075 01%  0.49 0.48 022 078 04%  0.0%
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Table 2 Ratio of genetic variance between cycles (V,,1/V,) in a metabolic control analysis model without selection when 10, 50, or 100

QTL control a quantitative trait

Number Distribution  Distribution  Cycle 1/cycle 0 Cycle 2/cycle 1 Both
of QTL  of ¢; of m; - -

Mean Median  90% range >1.0 Mean Median 90% range  >1.0 >1.0

10 Constant Constant 0.51 0.50 (0.19 0.93) 2.1% 051 0.49 (0.00 0.99) 44% 0.1%

Exponential ~ 0.52  0.50 (0.18 0.92) 27% 052 051 (0.00 1.00) 4.8% 0.0%

Normal 0.51 0.48 (0.16  0.95) 27% 050 049 (0.00 1.00) 53% 0.0%

Uniform 052 050 (0.00 1.10) 137% 053 054 (0.00 1.05) 13.7% 2.9%

Normal Constant 052 045 0.09 1.21) 108% 050 047 0.00 1.05 87% 13%

Exponential ~ 0.54  0.47 009 124) 119% 052 050 0.02 1.06) 103% 1.6%

Normal 052 044 0.07 1.23) 106% 053 050 (0.00 1.07) 109% 1.3%

Uniform 0.53 0.48 (0.00 1.26) 182% 050  0.45 (0.00 1.09) 13.9% 3.8%

Uniform Constant 056 042 (0.00 1.56) 19.1% 052 046 (0.00 1.21) 20.0% 4.0%

Exponential ~ 0.56  0.43 (0.00 1.61) 19.6% 053 050 (0.00 1.24) 203% 5.4%

Normal 056 039 (0.00 1.56) 20.8% 053 048 0.00 1.17) 204% 4.6%

Uniform 0.55 0.43 (0.00 1.49) 20.6% 051 0.44 (0.00 1.18) 18.8% 3.8%

50 Constant Constant 0.50 049 (030 0.73) 0.0% 051 0.50 (024 0.80) 03% 0.0%

Exponential  0.50  0.49 029 0.75) 0.1% 050 050 024 0.78) 0.5% 0.0%

Normal 0.50 049 (029 0.76) 0.0% 051 0.50 (024 0.80) 02% 0.0%

Uniform 0.51 0.52 0.01 1.04) 97% 052 051 0.01 1.02) 88% 2.0%

Normal Constant 050 048 (023 0.82) 08% 050 048 0.19 0.85) 1.1% 0.0%

Exponential ~ 0.51 0.50 (023 0.83) 1.7% 0.51 0.49 020 0.88) 1.7% 0.1%

Normal 0.51 0.50 (0.20 0.85) 1.8% 050  0.48 0.17 0.86) 1.1% 0.0%

Uniform 0.50 046 (0.00 1.13) 11.8% 050  0.49 (0.00 1.05) 10.8% 2.5%

Uniform Constant 054 044 (0.02 145 154% 049 044 0.02 1.10) 102% 2.5%

Exponential ~ 0.52  0.44 0.02 1.30) 132% 051 0.46 0.02 1.15) 13.6% 2.6%

Normal 0.50 041 0.02 1.30) 132% 050 047 (0.01 1.51) 10.8% 2.6%

Uniform 0.51 0.40 (0.00 1.36) 16.0% 052 050 (0.00 1.13) 14.1% 3.6%

100 Constant Constant 0.51 0.50 032 0.72) 0.0% 051 0.50 027 0.76) 02% 0.0%

Exponential ~ 0.51 0.50 032 0.72) 0.1% 051 0.50 028 0.75) 0.1% 0.0%

Normal 0.51 0.50 031 0.75) 0.1% 050  0.49 027 0.77) 0.6% 0.0%

Uniform 0.51 0.49 (0.00 1.06) 11.5% 050 050 0.00 1.02) 83% 1.5%

Normal Constant 0.51 0.50 (026 0.78) 0.0% 051 0.49 (025 0.80) 0.5% 0.0%

Exponential ~ 0.50  0.50 0.27 0.76) 04% 050 049 025 0.81) 03% 0.0%

Normal 0.51 0.49 (0.27 0.81) 09% 051 0.50 (023 0.82) 09% 0.0%

Uniform 050 047 (0.00 1.10) 12.6% 050 047 (0.01 1.05) 102% 2.0%

Uniform Constant 052 045 0.06 1.190 11.1% 0.51 0.47 0.04 1.04) 78% 0.7%

Exponential ~ 0.51 0.44 (0.06 1.18) 92% 051 0.49 0.03 1.09) 87% 1.1%

Normal 0.53 0.47 (0.06 1.20) 104% 052 050 (0.03 1.09) 10.6% 1.4%

Uniform 0.51 0.44 (0.00 1.31) 142% 052 049 0.00 1.11) 12.7% 1.6%

prominent when few QTL control a trait. The approxi-
mately symmetric distribution of V,,,/V,, except for the
models with the uniform distribution, was consistent with
experimental findings in Drosophila (Whitlock and
Fowler 1999).

When selection was absent, the additive model and
metabolic control analysis model led to similar changes in
genetic variance, i.e., 50% reduction after each bottle-
neck. Keightley (1989) demonstrated that despite the
highly interactive nature of the underlying biochemical
system in the metabolic control analysis model, additive
variance accounts for most of the total variance unless
there are many loci with large differences in enzyme
activity. Changes in genetic variance in metabolic control
analysis would be dominated by the changes in additive
variance and subsequently lead to a similar change to that
in the additive model.

Unlike the additive model, selection had a different
effect in the metabolic control analysis model. Selection
to increase the flux of a metabolic pathway would tend to
quickly fix the alleles with large effects, and their fixation
would release new variation that existed as epistasis be-

fore fixation (Keightley 1989). With upward selection in
metabolic control analysis, fixation at loci with large ef-
fects leads to more than a 50% reduction in genetic
variance, but it also leads to an increase in genetic vari-
ance at other loci that remain segregating. The balance
between these two forces determines whether the average
change in genetic variance after a bottleneck is greater
than 50% or less than 50%. With a wide spread of m;, as
in the uniform distribution, the new variation released at
segregating loci would not be able to compensate for the
drastic reduction at loci being fixed, thus leading to less
than 50% genetic variance maintained after the bottle-
neck. With other distributions, however, the outcome of
the balance led to more than 50% genetic variance
maintained after the bottleneck.

Rasmusson and Phillips (1997) proposed de novo
variation and epistasis as reasons for the success of
malting barley (Hordeum vulgare L.) breeding within a
narrow gene pool. Our study indicated that the genetic
variance of an increasingly narrow gene pool can be
conserved through selection under the metabolic control
analysis model and a sustained genetic gain can thus be
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Table 3 Ratio of genetic variance between cycles (V,,/V,) in a metabolic control analysis model with selection when 10, 50, or 100 QTL

control a quantitative trait

Number Distribution  Distribution  Cycle 1/cycle 0 Cycle 2/cycle 1 Both
of QTL  of ¢; of m; - -
Mean Median  90% range >1 Mean Median 90% range  >1 >1
10 Constant Constant 0.69 0.68 0.36  1.07) 10.0% 0.66 0.65 0.34 099) 0.1% 0.0%
Exponential  0.69  0.68 0.36  1.04) 83% 0.64  0.63 (0.32 0.99) 42% 02%
Normal 0.66  0.66 (0.30  1.04) 73% 063 0.62 029 097) 33% 03%
Uniform 0.36 0.28 (0.01 1.01) 5.6% 043 0.38 0.03 095 28% 0.6%
Normal Constant 0.86 0.83 (028 1.53) 245% 0.74 0.74 (0.27 1.20) 20.2% 9.0%
Exponential ~ 0.88 0.83 (033 1.58) 362% 0.71 0.69 023 1.25) 173% 82%
Normal 0.82 0.77 (0.22 0.56) 31.7% 0.69 0.68 0.19 1.16) 13.7% 7.5%
Uniform 0.51 0.38 0.01 1.37) 16.4% 0.49 0.43 0.04 1.09) 9.1% 2.7%
Uniform Constant 0.68 0.49 0.02 1.87) 26.7% 0.49 0.40 0.02 1200 11.1% 5.6%
Exponential ~ 0.66  0.47 (0.03 1.80) 243% 046 0.37 0.02 1.13) 9.7% 4.7%
Normal 0.65 0.49 (0.03 1.73) 23.1% 0.48 0.38 0.02 1.21) 123% 49%
Uniform 0.51 0.33 (0.01 1.51) 15.4% 0.39 0.26 0.01 1.13) 83% 3.0%
50 Constant Constant 0.58 0.57 (0.07 0.96) 32% 0.53 0.57 (0.00 1.01) 73% 0.2%
Exponential ~ 0.58 0.58 (0.36  0.82) 0.5% 0.58 0.56 (0.34 0.85) 04% 0.0%
Normal 0.57 0.56 (0.33  0.82) 0.2% 0.57 0.56 0.32 0.84) 08% 0.0%
Uniform 0.33 0.24 (0.00 0.96) 3.6% 0.37 0.30 0.02 0.89) 15% 0.1%
Normal Constant 0.64 0.62 (0.36 0.98) 4.0% 0.61 0.59 032 094) 33% 0.1%
Exponential ~ 0.64 0.63 (0.33  0.98) 43% 0.61 0.60 0.32 093) 2.0% 0.1%
Normal 0.64 0.63 (0.33 1.01) 54% 0.61 0.59 0.21 096) 3.6% 03%
Uniform 0.37 0.25 (0.01 1.07) 8.0% 043 0.36 (0.03 1.000 5.0% 0.5%
Uniform Constant 0.66 0.55 (0.07 1.57) 21.9% 0.54 0.49 0.06 1.17) 99% 3.9%
Exponential ~ 0.68 0.60 (0.09 1.60) 23.8% 0.52 0.45 0.06 1.22) 11.8% 4.4%
Normal 0.66 0.56 (0.09 1.54) 234% 0.53 0.45 0.05 1.19) 12.6% 4.1%
Uniform 0.50 0.36 (0.01 1.42) 159% 043 0.35 0.02 1.09) 7.6% 22%
100 Constant Constant 0.56 0.55 0.37  0.77) 0.2% 0.56 0.55 (0.35 0.80) 05% 0.0%
Exponential ~ 0.55 0.55 (0.37 0.76) 0.0% 0.55 0.54 (0.34 0.80) 02% 0.0%
Normal 0.56 0.55 (0.37 0.78) 0.2% 0.55 0.54 0.32 0.79) 03% 0.0%
Uniform 0.32 0.21 (0.00 0.89) 22% 0.37 0.30 0.02 0.89) 1.1% 0.0%
Normal Constant 0.60 0.59 (0.37  0.90) 1.8% 0.58 0.56 (0.32 0.86) 0.8% 0.0%
Exponential ~ 0.60 0.59 (0.36 0.90) 1.7% 0.58 0.56 (0.33 0.86) 0.8% 0.0%
Normal 0.59 0.58 (0.34  0.88) 1.5% 0.57 0.56 (0.31 0.88) 1.8% 0.0%
Uniform 0.36 0.26 (0.01 1.06) 6.7% 0.41 0.35 0.04 095 34% 02%
Uniform Constant 0.67 0.58 (0.13 1.41) 189% 0.52 0.47 (0.08 1.09) 8.6% 32%
Exponential ~ 0.68 0.62 0.12 1.44) 21.5% 0.54 0.49 0.09 1.13) 11.2% 3.9%
Normal 0.68 0.62 (0.13 1.46) 22.7% 0.53 0.47 0.07 1.14) 99% 25%
Uniform 0.46 0.29 (0.02 1.36) 12.7% 0.44 0.37 (0.03 1.06) 39% 1.5%
achieved in the absence of de novo variation. In our recent References

study in maize (Yu and Bernardo 2004), the V,./V, be-
tween Lo904xLo916 (cycle 2) and B73xB37 (cycle 1)
was 1.22 for grain yield, 1.88 for grain moisture, 0.74 for
plant height, and 0.59 for ear height. The V. /V, for these
traits was all greater than the expectation for the additive
model, but could be explained by selection in a metabolic
control analysis model.

The maintenance of genetic variance is crucial to
breeding programs in which selection and testing has been
heavily concentrated on a core germplasm pool. Further
genetic gains through breeding depend upon the existence
of genetic variance. Previous results (Cockerham and
Tachida 1988; Goodnight 1988; Whitlock et al. 1993;
Cheverud and Routman 1996) have indicated that epi-
stasis can lead to the conservation of genetic variance
after a population bottleneck. In this study, we have
shown that if epistasis is due to metabolic control anal-
ysis, selection is also needed for conserving genetic
variance. Given that selection is an integral part of plant
breeding, we conclude that the metabolic control analysis
model allows the maintenance of genetic variance during
advanced cycle breeding.
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