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ABSTRACT

Deleterious mutations are relevant to a broad range of questions in genetics and evolutionary biology.
I present an application of the “biometric method” for estimating mutational parameters for male fitness
characters of the yellow monkeyflower, Mimulus guttatus. The biometric method rests on two critical
assumptions. The first is that experimental inbreeding changes genotype frequencies without changing
allele frequencies; i.e., there is no genetic purging during the experiment. I satisfy this condition by
employing a breeding design in which the parents are randomly extracted, fully homozygous inbred lines.
The second is that all genetic variation is attributable to deleterious mutations maintained in mutation-
selection balance. I explicitly test this hypothesis using likelihood ratios. Of the three deleterious mutation
models tested, the first two are rejected for all characters. The failure of these models is due to an excess
of additive genetic variation relative to the expectation under mutation-selection balance. The third model
is not rejected for either of two log-transformed male fitness traits. However, this model imposes only
“weak conditions” and is not sufficiently detailed to provide estimates for mutational parameters. The
implication is that, if biometric methods are going to yield useful parameter estimates, they will need to
consider mutational models more complicated than those typically employed in experimental studies.

The long-debated question of whether or not genetic variation in fitness primarily reflects contribu-
tions of low-frequency deleterious alleles maintained by the balance between selection and mutation,
or has a substantial contribution from variants maintained at intermediate frequencies by selection,

is still unanswered.

ELETERIOUS mutations have been a focus of study

in both genetics and evolutionary biology for most

of the history of each field (Crow 1993). MULLER (1950)
argued that modern medicine would allow deleterious
mutations to eventually accumulate to intolerable levels
within the human species unless countered by “a rationally
directed guidance of reproduction.” Muller’s claims initi-
ated a prolonged debate with other geneticists, most nota-
bly Theodosius Dobzhansky (see CRow 1987). Since the
Muller-Dobzhansky dispute, biologists have hypothe-
sized that harmful mutations may be critical to a wide
range of ecological and evolutionary phenomena. These
include the evolution of sex, mating systems, and mate
choice (PAMILO et al. 1987; KONDRASHOV 1988; CHARLES-
WORTH et al. 1990b; UYENOYAMA ¢t al. 1992); the evolu-
tion of recombination rates (KONDRASHOV 1984; PALs-
SON 2002); the persistence of small populations (LANDE
1994; LyncH et al. 1995; KonDRASHOV 1995); and the
maintenance of both molecular and quantitative trait
variation (LEwONTIN 1974; TurerLLi 1984; CHARLES-
WORTH et al. 1993). The validity of these hypotheses
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depends not only on the rate that deleterious mutations
occur, but also on the magnitude of their effects, on
dominance relations, and on how deleterious alleles at
different loci combine to influence the overall fitness
of an individual.

The primary mutational parameters are U, %, and s.
The genomic deleterious mutation rate, U, equals 22,
where ;is the deleterious mutation rate at the ith locus,
and the summation is taken over all loci affecting fitness.
The selection coefficient, s, is the proportional fitness
reduction caused by the mutation when in homozygous
form. The dominance coefficient, A, characterizes muta-
tional effects in heterozygotes (see Table 1). A mutation
with s = 0.05 and /& = 0.2 reduces fitness by 1% in
heterozygotes and 5% in homozygotes. As mutational
effects are likely to vary among loci (and among differ-
ent mutations at the same locus), estimates for s and A
may actually represent average values for mutational
effects. However, because the values of 4 and s for a
given allele are assumed to be constant, this is essentially
a model of unconditionally deleterious mutations. Given
the range of applications outlined above, accurate esti-
mates for U, h, and s will shed light on a number of
unsolved problems in evolutionary biology.

At least three different approaches have been devel-
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oped to estimate the rate and effects of deleterious
mutations: mutation-accumulation experiments, molec-
ular evolution surveys, and biometric analyses. These
methods, briefly summarized below, each have their re-
spective strengths and weaknesses. They are applicable to
different sorts of data. The procedures also differ in the
specific parameters that are estimated and in their un-
derlying assumptions regarding genetics and evolution.

Mutation-accumulation experiments estimate muta-
tional parameters from the observed genetic divergence
ofinitially identical lines (MULLER 1928; BATEMAN 1959;
MUKATI et al. 1972). These lines are maintained at small
population sizes and diverge due to the random accu-
mulation of new mutations. Estimates for mutational
parameters can then be extracted from the rate and
overall pattern of divergence through a variety of statisti-
cal procedures (KEIGHTLEY 1994; GARrRcIA-DORADO
1997; LyncH and WALSH 1998; SHAW et al. 2002, and
references therein). Mutation accumulation is the most
direct of the estimation methods and these experiments
have provided most of our information regarding muta-
tional parameters (reviewed by SiMmmons and Crow
1977; LyncH and WALsH 1998, pp. 343-348). Unfor-
tunately, mutation accumulations are highly labor
intensive. The parameter estimates are subject to large
statistical uncertainty. Perhaps most importantly, muta-
tion-accumulation experiments may fail to detect muta-
tions with small effects on fitness (KEIGHTLEY and EYRE-
WALKER 1999; LyNCH et al. 1999). As a consequence, U
may be substantially underestimated and s substantially
overestimated.

The molecular survey method is based on the rates
of synonymous and nonsynonymous gene sequence evo-
lution within an evolutionary lineage (KONDRASHOV and
Crow 1993; EYRE-WALKER and KEIGHTLEY 1999). If syn-
onymous mutations can be treated as selectively neutral,
an estimate for Ucan be obtained from the deficiency of
nonsynonymous substitutions (relative to synonymous
substitutions) within the genome as a whole. Molecular
surveys measure the time-integrated effects of selection
(as opposed to the direct effects of mutations on viability
and fertility) and can thus potentially detect very weakly
selected mutations. A second advantage is that infer-
ences are based on the actual historical results of natural
selection (genetic substitutions). In contrast, the other
methods are based on measurements of fitness surro-
gates (e.g., viability, female fertility, male mating success,
etc.) that are usually measured under controlled labora-
tory conditions. On the negative side, the molecular
survey analysis depends on several unrealistic assump-
tions. In particular, the method assumes that adaptive
amino acid substitutions do not occur and that all synon-
ymous changes are strictly neutral; i.e., there is no selec-
tion on codon usage (ArasHI 1997). EYRE-WALKER and
KercHTLEY (1999) argue that deviations from these as-
sumptions will lead to underestimates for U. As a conse-
quence, molecular surveys may provide a robust lower
bound for this quantity.

Biometric methods use patterns of phenotypic varia-
tion in fitness components to infer mutational parame-
ters (MORTON et al. 1956; CHARLESWORTH el al. 1990a;
DENG and LyNchH 1996). This approach is grounded in
population genetic models of mutation-selection bal-
ance (e.g., HALDANE 1927). Biometric quantities, such
as the amount of genetic variation in fitness and the
magnitude of inbreeding depression, can be expressed
as functions of U, h, and s. Estimates of inbreeding de-
pression or the genetic variance can thus be used to
estimate mutational parameters by inverting the popula-
tion genetic equations. For example, DENG and LyncH
(1996) derive simple estimators for U, h, and s from the
means and genetic variances of inbred and outbred
individuals within an experimental population.

Biometric methods are generally less labor intensive
than mutation-accumulation experiments. More impor-
tantly, these experiments can potentially yield estima-
tors that are relatively low in bias for a wide range of
mutational parameters (DENG 1998; DENG et al. 2002).
However, like the two previous methods, biometric
methods are also encumbered with potentially limiting
assumptions. Two particularly important assumptions
are (1) that all genetic variation in fitness is maintained
through mutation-selection balance and (2) that experi-
mental inbreeding changes genotype frequencies with-
out changing allele frequencies. Assumption 1 will break
down if balancing selection of some form (e.g., hetero-
zygote advantage, frequency-dependent selection, spa-
tial and/or temporal variation in selection, genotype-
by-environment variation, etc.) maintains a substantial
fraction of the genetic variance in fitness. If this is so,
biometric quantities may deviate substantially from their
expected values given U, h, and s. Assumption 2 breaks
down if deleterious alleles are eliminated or “purged”
from the experimental population so that the frequen-
cies of deleterious mutations differ between inbred and
outbred individuals. This will bias parameter estimates.

This article describes a biometric analysis of male
fitness measures in Mimulus guttatus, a wildflower com-
monly known as yellow monkeyflower. My purpose is to
address both of the potential pitfalls associated with the
biometric method. Mutational parameters are estimated
from a breeding experiment that uses randomly ex-
tracted, highly inbred lines as parents. This effectively
eliminates the problem of purging within the experiment.
Allele frequencies should not differ (consistently) be-
tween outbred and inbred plants. Second, the experi-
ment is designed so that the number of “empirical com-
parisons” is greater than the number of unknown
parameters. This provides the degrees of freedom neces-
sary to test the adequacy of a model prior to parameter
estimation. Following the suggestion of DENG and LyNCH
(1996, p. 358), I use likelihood ratios to test the assump-
tion that all genetic variation is maintained through
mutation-selection balance.

Biometric methods depend on specific features of the
experimental design such as the type and levels of in-
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breeding, the sorts of experimental crosses, etc. In the
following sections, I first describe the experimental de-
sign and define the biometric quantities that can be
estimated from this design. I then derive the expected
values for these quantities under various forms of the
deleterious mutation model (DMM). Next, I describe
the likelihood-based methods for parameter estimation.
A parametric bootstrapping procedure is developed,
both to assess the adequacy of the experimental design
and to perform hypothesis tests (obtain an appropriate
P value for the various likelihood ratios). Finally, the
statistical model is applied to phenotypic data from M.
guttatus. The characters are flower size and two male
fitness measures, pollen production and the pollen size
index (PSI). The PSI is strongly correlated with pollen
viability in M. guttatus (KELLY et al. 2002).

BIOMETRIC QUANTITIES AND THEIR
EXPECTED VALUES

Consider a breeding design in which the parents are
randomly extracted, fully homozygous inbred lines. Such
lines can be formed in several different ways. For select
species, completely homozygous lines can be formed
in a single generation via chromosomal manipulations,
gametophytic self-fertilization, or double-haploid for-
mation. Repeated rounds of inbreeding provide a more
generally applicable, albeit slower, method of line for-
mation. Successive generations of self-fertilization can
yield lines that are almost fully inbred in only five to
six generations. The parental lines used in this study
were developed by John Willis through six successive
generations of selffertilization (WiLLIs 1999a,b).

Regardless of the method, genetic purging is likely
to accompany the formation of the inbred lines. Lines
that become homozygous for mutations that are lethal
or cause sterility in homozygous form will go extinct
and eliminate these alleles from the experimental popu-
lation. In contrast, deleterious mutations with smaller
effects should fix randomly within lines (WrLLis 1999a,b).
As a consequence, a genetic analysis using these lines
as parents is informative only about the nonlethal and
nonsterile fraction of mutations. Parameter estimates
are thus specific to this class of mutations, termed “detri-
mentals” by StMmons and Crow (1977).

A major advantage of using fully inbred lines as par-
ents in a biometric breeding design is that they are
already fully purged. Subsequent inbreeding or out-
crossing should result in predictable changes in homo-
zygosity without changes in allele frequency (apart from
the random changes due to finite sample sizes). Con-
sider the breeding design described by Figure 1. Each
“extended family” is constituted from the progeny of
three randomly selected inbred lines (labeled L1, L2,
and L3). One line (L1) is assigned as the “sire” and is
mated to the other two lines, the “dams.” The progeny of
these crosses comprise two distinct but related outbred
families (the families in Figure 1, bottom). Each line is
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F1GURE 1.—The relationships among individuals within an
extended family derived from a particular set of lines (L1, L2,
and L3). Individual progeny, denoted by solid circles, are
contained within families. Dashed lines denote lines of descent
(a double line for selfed progeny). Of the three parental lines,
L1 is the sire for the outbred families, while 1.2 and L3 are
the dams.

also self-fertilized to produce three inbred families. The
inbred families are unrelated to each other, but each
is related to one or both of the outbred families. This
same mating scheme is applied to other sets of lines
generating a large number of extended families.

The measurement of progeny from this design pro-
vides data sufficient to estimate the mean phenotype of
both inbred and outbred plants as well as a number of
(co)variance components. Let 3 denote the difference
in mean phenotype between inbred and outbred plants.
Four different comparisons among relatives can be
quantified as covariances (Figure 1). G is the covari-
ance among plants within selfed families (selfed sib-
lings). Gsis the covariance among plants within outbred
families (full siblings). Cos is the covariance between out-
bred plants and their inbred siblings (related through
a single parent). Finally, Gys is the covariance of plants
from different outbred families (half-siblings related
through the sire line). These Cterms are “observational
variance components” in the terminology of FALCONER
(1989). The observational components can be ex-
pressed as a function of the “causal components” Vj,
Cap, Vo, and Vjy; (see CoCKERHAM and WEIR 1984; SHAW
et al. 1998; KeLLY and ARATHI 2003). I do not use these
relationships here. Instead, the observational compo-
nents are expressed directly as functions of the muta-
tional parameters (see Equations 1-7 below).

Estimates for  and the observational components are
used to assess the sufficiency of a particular deleterious
mutation model to explain genetic variability. If demon-
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TABLE 1

The basic parameterization of a single locus in which the
deleterious allele (a) has population frequency ¢

Frequency in a
randomly mating

Phenotypic effect
on a fitness

Genotype population Fitness component
AA P* 1 0

Aa 2pq 1= hs —ahs
aa ¢ 1-—35 —as

See text for additional details.

strated as sufficient, the same data can then be used to
estimate the mutational parameters of that model. For
both purposes, it is necessary to express 3, G, Gs, Cos,
and Gys as functions of the mutational parameters. This
requires a model for genotypic effects on both pheno-
type and fitness. Table 1 summarizes the standard fitness
model for an individual locus: the deleterious allele (a)
exists at population frequency ¢. Following CHARLES-
woRTH and HuGHEs (2000), I distinguish the evolution-
ary fitness of a genotype (determined by % and s) from
its contribution to a measurable fitness component. The
quantity o “translates” between phenotype and fitness.

Predicted values for B, G, G, Cos, and CGys can be
obtained by applying quantitative genetic models devel-
oped for inbreeding populations (COCKERHAM and
WEIR 1984; see also HARRIS 1964; JACQUARD 1974). As
these quantities depend on the contributions of many
loci, it is necessary to subscript the various quantities in
Table 1. As shown in APPENDIX A,

p= — 2 agsi(1 — 2h), (1a)

Gs = X adgsi, (1b)

Cos = 2 0‘%%‘ hys?, (1c)

Gs = 22 Ol?qz‘(hﬁi)(z, (1d)
. 1

Cis = E Olf(]i(hisi) = §CFS’ (le)

where ¢, a;, h;, and s; are the allele frequency and effects
associated with the ith locus (see also CHARLESWORTH
and HucHEs 2000). The summations are taken over
all loci harboring deleterious alleles. These equations
define the genetic covariances among relatives. Environ-
mental factors may also affect the phenotypic resem-
blance of relatives. In this treatment, these effects are
characterized by other variables (see HYPOTHESIS TEST-
ING AND PARAMETER ESTIMATION).

Equations 1 depend on two important assumptions.
The firstis that the loci contribute additively to the pheno-
type. Oftentimes, it is assumed that the effects of delete-
rious mutations at different loci combine multiplica-

tively. In this situation, trait values should be log-
transformed prior to analysis. As the appropriate scale
is not obvious a priori, here I apply the methods to both
log-transformed and untransformed data (see RESULTS
and DISCUSSION). Second, each component is linear
in ¢, because I have neglected terms of order ¢ (see
APPENDIX A). This approximation should be quite accu-
rate because deleterious alleles will not usually obtain
high frequencies in a large population.

The frequency of deleterious alleles at a given locus
(q¢) depends on the mutational parameters. I now as-
sume that the natural population is large, randomly
mating, and in mutation-selection balance equilibrium.
I further assume that deleterious mutations have some
phenotypic effect in heterozygotes (A > 0), an assump-
tion supported by genetic data (StMMONs and Crow
1977). As shown by HALDANE (1927), the expected fre-
quency ¢; of a partially recessive mutation is equal to
Wi/ (his;). Substitution of this expression into Equations
1yields predictions for the biometric quantities in terms
of mutational parameters.

The final step is to characterize the mutational spec-
trum, the joint density function of o, &, and s; across
loci. I consider three alternative models. In model I,
mutational effects are fixed and do not vary across loci.
In model II, mutational effects vary according to an
exponential distribution. Model III considers variable
mutational effects without imposing distributional as-
sumptions.

Model I: All new mutations have fixed effects «, 4,
and s. With constant mutational effects,

1
= Ux|l — —|, 2
o =i - 5 @
Uo’s
= , b
Gss oh (2b)
2
Cos = 223, (20)
2
CFS = UthS, (Qd)
G
Cus = f, (2e)

where U = 22, as defined previously.

The five estimable biometric quantities are functions
of only three unknown quantities: Ua, h, and sa. Because
both U and s are always included in a product with a,
neither parameter can be estimated individually (unless
a particular value for a is assumed). Only the composite
parameters, Un and so, can be estimated. The fact that
the five measurable statistics are a function of only three
unknowns allows us to test the sufficiency of model I.
The model imposes the constraints that G = 2Cos’/ Gss
and Cys = 1/2CFS-

Model II: New mutations vary in their effects ac-
cording to a simple probability model. Following DENG
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and LyncH (1996), model II posits an exponential den-
sity for s,

7o = Lespl =), (3)
s s

where s is the average homozygous effect. Since muta-

tions with larger effects tend to be more recessive

(MAcKAY et al. 1992; CABALLERO and KEIGHTLEY 1994),

the dominance coefficient is a function of s,

h(s) = %Exp(Ks), (4)

where (—1/5) < K<0.DENG and LyNcH (1996) suggest
a value of K = —13 from a consideration of genetic
data. Here, it is a parameter to be estimated from the
data.

The parameters of model II are U, K, 5, and a. I
assume that o; is the same across loci. The average domi-
nance of new mutations, #, is

1

h=—
2(1 — K5s)

(5)
Integrating over the distributions of mutational effects
(see APPENDIX B), we obtain predicted values for the
biometric quantities:

B R
U
G = (1 + K3)? (65)
”
Cos = 223 (60)
2
. Ua’s
=50 -k (6d)
CHS = % (66)

Again, our five observable quantities are functions of
three unknowns. These three estimable quantities are
composite functions of the parameters Ux, Ks, and so.
Model II constrains the value of Cg,

Ges = e (7)
P4 — 4o+ 2

where h* = Cys/ Cs.

Model III (weak conditions): Model Il represents only
one way in which mutational effects may vary across loci
(or between different mutations at the same locus). A
range of alternative models could be considered. For
example, CABALLERO and KEIGHTLEY (1994) consider
a model that allows variable dominance of mutations,
even if they have the same value for s. Other generaliza-
tions are also possible (ZHANG et al. 2002 and references
therein). Given the range of possibilities, it is fortunate
that we can make a few statements about the relative

magnitudes of the biometric quantities without an ex-
plicit model of mutational effects. As long as deleterious
alleles are rare and h; < 0.5 at all loci, then Equations
1 imply that Cos < %G, Gs < Cos, and Gy = %Gs.
Model III is not sufficiently detailed to allow parameter
estimation. However, a model with these constraints
can be tested against the unconstrained model. The
conditions associated with model III are “weak” because
they may often hold even if a substantial portion of the
variance in fitness is maintained by balancing selection.

STUDY SPECIES AND METHODS

M. guttatus (2n = 28; Scrophulariaceae) is a small
wildflower, increasingly used as a model organism for
genetic studies of floral variation and the evolution of
plant mating systems (MACNAIR and CUMBES 1989; RiT-
LAND 1989; CARR and FENSTER 1994; FENSTER and RiT-
LAND 1994; ROBERTSON et al. 1994). It occurs through-
out western North America and local populations may
be either annual or perennial. The plants of this study
are derived from Iron Mountain, which is a large, annual
(or winter annual) population located in the Cascade
Mountains of central Oregon (see WiLLIS 1996, 1999a,b).
M. guttatus is a self-compatible, but the Iron Mountain
population is predominantly outcrossing (WILLIS 1993b).

John H. Willis initiated ~1200 independent lines of
M. guttatus in August of 1995. Each line was founded
from the seed set of a separate field-collected plant from
Iron Mountain. Each line was subsequently maintained
in the greenhouse by single-seed descent (self-fertilization)
for six generations. Six successive generations of self-fertil-
ization yield an inbreeding coefficient of >0.98 and I
treat the parents as fully inbred (f= 1) for the purpose
of calculating covariances among relatives. As expected,
these lines are almost completely homozygous at highly
polymorphic microsatellite loci with differentlines fixed
for different alleles (WiLLIs 1999a).

Three hundred of these sixth-generation lines were
used to found 100 extended families following the ex-
perimental design of Figure 1. A single plant from the
sire line was grown to maturity, self-fertilized, and used
as a pollen source for a single plant from each of the
dam lines. Each of the dams was also self-fertilized. A
maximum of eight pots were seeded per family (40 per
extended family) on March 9, 2001 in the University of
Kansas greenhouses. At 2 weeks after seeding, all pots
were thinned to a single plant (randomly selected) and
were subsequently fertilized once per week. A series of
morphological measurements were taken on the first
flower produced by each plant (see KELLY and ARATHI
2003) and the anthers were collected into a microcentri-
fuge tube. Flowering was monitored daily until 60 days
postseeding, by which time the great majority of plants
had flowered. In total, 2345 plants were measured (1113
outbred and 1232 inbred). The distribution of plants
across families was not balanced and many extended
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families were completely missing one or more of their
component families. This is relevant to the analysis.
Maximum likelihood accommodates unbalanced de-
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signs better than least-squares or “ANOVA-style” meth-
ods do (SEARLE et al. 1992).
Pollen number and the PSI were estimated for each
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sample using a Coulter counter model Z1 dual (Coulter,
Miami). The microcentrifuge tubes were left open for
1 week after pollen collection to allow the anthers to
dry and release their pollen. Each sample was then di-
luted into 20 ml of electrolyte solution and run through
the Coulter counter. The machine counts the number
of particles between two size thresholds (10 and 25 um)
and the number of particles that are larger than the
upper threshold (>25 uMm). The PSI is the proportion
of grains in the upper size category. The size thresholds
were set on the basis of results from a previous study
showing a strong positive correlation between PSI and
pollen viability as measured through standard staining
techniques (KeLLY et al. 2002).

The distributions of pollen number and PSI within
both inbred and outbred plants are given in Figure 2.
A genetic analysis of the floral morphology is presented
elsewhere (KeLLy and AraTHI 2003). One floral trait,
corolla width, is included here as a comparison to the
male fitness measures (outbred plants, mean = 19.13
mm, SD = 2.65; inbred plants, mean = 17.32, SD =
2.95). For analysis, the original measurements were di-
vided by the outbred mean value for that trait. This
linear transformation is commonly used in biometric
studies as it allows comparison of parameter estimates
for traits that differ in the magnitudes of their measure-
ment values (HOULE 1992; CHARLESWORTH and HUGHES
2000). We also considered log-transformed values for
pollen number and PSI, as this may be more appropriate
if loci combine multiplicatively.

HYPOTHESIS TESTING AND
PARAMETER ESTIMATION

Maximum likelihood is used for both testing the vari-
ous models and estimating parameters. By methods de-
scribed below, I find the parameter values for each of

0.8 0.9 1.0

the mutational models (I, II, and III) that produce the
highest likelihood for the data. These values are the
maximum-likelihood estimates (MLEs) for the parame-
ters of that model. The sufficiency of that model is tested
by comparing the maximum-likelihood value for the
model with the maximum likelihood of the “uncon-
strained model.” The latter is based on direct estimates
for the biometric quantities without the particular re-
strictions imposed by the various mutational models
(see section on constraints below).

The resemblance of relatives may depend on environ-
mental factors as well as genetic factors. These factors
must be accounted for in order to infer genetic parame-
ters from phenotypic covariances. Maternal effects are
a potentially important source of resemblance among
relatives. The variance of maternal effects, V, can be
estimated from this design because the comparison be-
tween inbred and outbred sibs (estimating Coygs) involves
both male and female parents (Figure 1). Also, the
magnitude of environmental deviations may be greater
forinbred individuals than for outbred individuals (LER-
NER 1954; KeLLy and ArRATHI 2003). I thus estimate
different environmental variances for outbred and in-
bred plants, Vi) and V.

With regard to hypothesis testing, it is important to
distinguish universal constraints from model-specific
constraints. The universal constraints apply to all of
the models including the unconstrained model. These
follow from basic features of inheritance, independent
of allele frequencies or the nature of genetic effects.
The universal constraints are that V) and V;; must be
positive; Wy, Gs, Gis, Cos, and s must be greater than
or equal to zero; Cys = %Gys; and the magnitude of Cos
is limited by Gss and Gis (KELLY and ARATHI 2003).

Subject to these universal constraints, MLEs were ob-
tained for the unconstrained model by finding the set

of values for My, B, Gss, G, Cos, Cus, Vi, Vi), and Vg
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that maximize [, the log-likelihood function. Here, M,
is the mean phenotype of outbred plants. The predicted
mean phenotype of inbred plants is M, + B. I use the
standard multivariate normal model for the log-likeli-
hood function,

1= C— %ln|V| - %u — X))V (2~ Xn), (8)

where Vis the variance-covariance matrix of individual
measurements, z is the vector of trait values, X is an
“incidence matrix” for fixed effects, m is the vector of
fixed effects, and C is a constant determined by the
total sample size (SHAW 1987; SEARLE et al. 1992). The
(co)variance parameters determine the numerical val-
ues of elements in Vand m = [M,, B]". Equation 8
assumes a multivariate normal distribution of trait val-
ues, but is quite robust to deviations from this distribu-
tion (SEARLE et al. 1992; ]. K. KELLY, unpublished simula-
tion results).

The maximum of {was determined iteratively by using
the first derivatives of [ with regard to each parameter
and the asymptotic dispersion matrix. Following SEARLE
et al. (1992), the vector of derivatives of [ with regard
to each of the fixed effects is

a_ X'V (z— Xm). (9)
an

The derivative of [ with regard to a particular variance
component 0 is

9

al 1 F 1 .
T= - V= }4‘* — Xm) TV
Qr[ %) 2(Z M) 30

30 30 (N)V7H(z = Xn),

(10)

where (9/90) (V) is the derivative of the variance-covari-
ance matrix with regard to 6 and tr[*] is the trace of a
matrix.

Optimization was performed using two methods si-
multaneously, steepest ascent and scoring (SEARLE et al.
1992, Chap. 6; ELiasoN 1993). By steepest ascent, the
direction of movement within the parameter space is
simply the vector of first derivatives. The direction for
scoring is the product of the dispersion matrix and the
derivatives vector. A log-likelihood value was calculated
at 10 points along each directional vector using Equa-
tion 8. The highest of these 20 likelihood values was
chosen to determine the set of parameters for the next
iteration. In most cases, the optimization routine used
the scoring vector in the first few iterations and the
steepest ascent vector close to the optimum. These cal-
culations, as well as the simulations described below,
were performed by a series of computer programs simi-
lar to those described in KeLLy and ArRaTHI (2003).
These programs, written in the C programming lan-
guage, are available from the author upon request.

The maximum log-likelihoods for each mutation
model were also obtained using Equation 8, although

with different values in the variance-covariance matrix,
V. The Vmatrix is a function of four genetic parameters
in the unconstrained model (G, G, Cos, and Ggg), in
addition to the environmental components. For model
I, V contains only two genetic parameters, Css and £, in
addition to the same set of environmental components.
The various comparisons between relatives within Vare
functions of these two parameters: Cos = hGs, Gs =
2 Css, and Cys = M Css. For model 11, V also depends
on only two genetic parameters: Cos = h* Gss, Gy is given
by Equation 7, and Gy = Gs/2. For model III, the
elements of Vare functions of three genetic parameters
(Gss, Grs, and Cps) with the genetic covariance of half-
sibs equated to Gy/2. However, two of these parameters,
Grs and Cgg, are constrained in value: Cos < G/2 and
Grs < Cos. These model-specific constraints affect not
only the numerical values within V, but also the deriva-
tives of Vwith regard to each parameter [the (9/90) (V)
matrices of Equation 10].

Models I, II, and III were tested by comparing the
maximum likelihood obtained under that hypothesis
(%) to the maximum likelihood obtained from the un-
constrained model (). The model was rejected if the
likelihood-ratio statistic 2(4 — ) was greater than the
appropriate critical value. It is generally assumed that,
under the null hypothesis, 2(4 — 4) follows a chi-square
distribution with the number of degrees of freedom
equal to the number of parameters distinguishing the
two models. This would suggest a critical value 5.99 (for
P<0.05) for models I and II because the unconstrained
model has two more parameters than either deleterious
mutation model. There is no obvious choice for model
III because only one parameter is eliminated (Gys =
%GCrs) while other parameters are constrained in value
(Cos < %Gss, Gis < Cos). These inequalities do not translate
in a simple way into degrees of freedom. Even the critical
values for models I and II may be suspect because the
universal constraints apply to the unconstrained model
(see SHAW et al. 1998). For these reasons, I employ a
parametric bootstrapping routine to evaluate the sig-
nificance of likelihood-ratio tests.

The parametric bootstrap involves repeated simula-
tion of the data using the parameter estimates from
the relevant mutational model (I, II, or III). Genotypic
values for the parental lines are first sampled (from a
normal distribution with variance Gs) and the progeny
groups are then formed conditional on these parental
values (and the values of the various parameter esti-
mates). The numbers of individuals in each family are
equivalent to the actual sample sizes from the experi-
ment. Once the simulated data set is created, [, and [,
are determined by applying the maximum-likelihood
programs for the unconstrained and deleterious muta-
tion models, respectively. I simulated 1000 data sets per
test and the various models were fitted to each data set.
The distribution of values for 2(, — ), across simulated
data sets, estimates the sampling distribution of the like-
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TABLE 2

Simulation results for selected parameter values using the parametric bootstrapping programs

Median and percentiles for estimates

Critical value

True parameter values: model 1 for LR U h s

1.00 (0.73, 1.31)
0.99 (0.67, 1.81)

0.20 (0.16, 0.23)
0.40 (0.36, 0.44)

0.049 (0.040, 0.059)

U=1.0,h=02,s5s=0.05 Vi = Vo= Gs 5.01
L= 0.049 (0.027, 0.073)

( )
U=1.0, k=04, 5= 005 Viy = Ves= GCs 5.29
( ‘/E(i): Cgs 377

)

U= 1.0, h=0.1,s= 005, Vg, = 1.04 (0.62, 1.50)  0.10 (0.07, 0.14)  0.050 (0.042, 0.059)
U=10,h=02 5= 005 Vi = Vi) = 3G 3.88 0.99 (0.54, 1.72)  0.20 (0.13, 0.27)  0.049 (0.035, 0.067)
U=1.0, h= 02, 5= 0005 Vi, = Viiy = Css 4.62 0.98 (0.73, 1.27)  0.20 (0.16, 0.23)  0.005 (0.004, 0.006)

Critical value

True parameter values: model II for LR U K s
U=1, K= —10, s = 0.05, Vi) = Vig = Gss 6.15 1.00 (0.73, 1.31) —10.3 (—13.1, —8.2) 0.048 (0.039, 0.060)
U=1,K= —5,5=0.05 Vory = Vipy = Gs 6.91 1.01 (0.80, 1.43) —5.06 (—6.05, —4.10) 0.049 (0.038, 0.066)
U=1, K= —15,5= 0.05, Vg(,) = Vi) = Gs** 3.54 1.03 (0.46, 1.61) —15.1 (—29.3, —10.5) 0.049 (0.030, 0.063)
U=1, K= -10,s=0.05, Vi, = Vi = 3CGs** 3.58 1.00 (0.52, 1.63) —10.4 (—15.3, =7.7) 0.047 (0.036, 0.057)
U=1, K= —100, s = 0.005, Vi) = Vig = Gss 6.24 1.01 (0.75, 1.30) —101 (—124, —85) 0.005 (0.004, 0.006)

For each parameter set, we used the distribution of likelihood-ratio (LR) values to determine an appropriate critical value for
hypothesis testing (for that particular array of parameter values). The median estimate and the 10th and 90th percentiles of the
distribution of 1000 estimates are given for the appropriate model. In all cases, « = 1 and V3 = 0. **Distributions of parameter

estimates exclude simulations that yield estimates out of the proper range.

lihood-ratio statistic. The P value associated with a par-
ticular testis (M + 1) /(R + 1), where M is the number
of simulated values that exceed the actual likelihood-
ratio value (calculated from the original data) and Ris
the number of simulations (DavisoN and HINKLEY
1997, p. 148).

In addition to their use in hypothesis testing, the
parametric bootstrapping programs can be used to esti-
mate the joint sampling distribution of our ML estima-
tors for any mutational model in this experimental de-
sign. These simulations thus provide a means to evaluate
properties such as bias and sampling variance. The dis-
tribution of simulated data sets demonstrates the range
of possible experimental outcomes, including values for
the likelihood-ratio statistic, when the null hypothesis
is correct (when genetic variation conforms to the muta-
tional model under consideration). I conducted simula-
tion studies of both models I and II for a range of
parameter sets to investigate (1) the null distribution
of the likelihood-ratio statistic and (2) the statistical
properties of the estimators. Each simulated data set was
equivalent in terms of sample sizes to the experimental
study.

RESULTS

Simulation study: Table 2 summarizes a representa-
tive set of results from the simulation study. Cases 1-5
are simulations from models I, while cases 6-10 are from
model II. Each simulated data set was first fit to the
appropriate mutational model and then to the uncon-
strained model. The second column of Table 2 gives
an empirically determined “critical value” for that set

of parameters. Ninety-five percent (950 of 1000) of the
simulations yielded likelihood-ratio statistics that were
less than this value. For model I, the empirical critical
values differed among parameter sets but were always
less than the chi-square value of 5.99. For model II, there
was also variation among parameter sets, but empirical
critical values were somewhat higher than those for
model I.

The maximum-likelihood parameter estimates for
both models are approximately median unbiased (Table
2). They exhibit relatively low sampling variances. The
procedures do occasionally fail to yield estimates when
certain variance components approach boundary val-
ues. However, this occurred in only a small fraction of
simulations (not at all for most parameter combina-
tions) and these cases are excluded from Table 2.

Mimulus study: Parameter estimates with standard
errors (SEs) are given in Table 3 for each trait under
the unconstrained model. The SEs are derived from the
asymptotic dispersion matrix. These are only approxi-
mate and significantly nonzero estimates are routinely
within 2 SE of zero (SHAW et al. 1998; KELLY and ARATHI
2003). The inbred genetic variance (Css) is greater than
the outbred variance (Ggs) for each trait, although the
magnitude of the difference varies greatly. For each
trait, Gs > Cos. This implies that the point estimates
for these components violate even the weak conditions
(model III). Finally, maternal effects are evident for
flower size but have no apparent effect on the male
fitness traits. The Vi parameter is thus eliminated from
the model for subsequent analyses of male fitness traits.

Maximume-likelihood values for each trait under
model I are far lower than their associated values under
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TABLE 3

Maximum-likelihood estimates for each trait for the unconstrained model

Ve Vi) \

Cus
0.0024 (0.0009)
0.0076 (0.0053)
0.0049 (0.0078)
0.0044 (0.0020)
0.0087 (0.0046)

CFS

Cos

0.0030 (0.0009)
0.0099 (0.0046)
0.0234 (0.0110)
0.0050 (0.0026)
0.0146 (0.0068)

Gss
0.0088 (0.0016)
0.0424 (0.0090)
0.1790 (0.0299)

0.036 (0.006)

Trait

0.0023 (0.0012)
0.00 (0.0065)

0.0126 (0.006)
0.106 (0.005)
0.411 (0.019)

0.0119 (0.0005)
0.133 (0.006)
0.236 (0.011)

0.0048 (0.0015)
0.0245 (0.0084)
0.0297 (0.0175)
0.0088 (0.0040)
0.0173 (0.0105)

—0.093 (0.008)
—0.447 (0.021)
—0.732 (0.036)
—0.308 (0.016)
—0.45% (0.028)

Corolla width

Pollen number

0.00 (0.0157)

Ln (pollen number)

PSI

0.0630 (0.0028)  0.00 (0.0035)

0.2302 (0.0104)

0.0490 (0.0023)
0.1416 (0.0066)

0.00 (0.0094)

0.1065 (0.0176)

Ln(PSI)

Corolla width, pollen number, and PSI were divided by their respective outbred mean values prior to analysis. Standard errors (in parentheses) are derived from the

asymptotic dispersion matrix.

J. K. Kelly

the unconstrained model (Table 4). Each likelihood-
ratio test is highly significant by both the parametric
bootstrap and x% A P value <0.001 for the parametric
bootstrap implies that the observed likelihood-ratio
(LR) statistic was greater than any of the 1000 simulated
values. The MLEs for each trait are also given. Confi-
dence intervals could be established for these estimates
by resampling (bootstrapping) over extended families.
I do not bother to justify the parameter estimates here
because the model on which they are based is rejected.

There is generally better fit of the data to model II,
although the model is still rejected for all traits (Table
5). As expected, the likelihood ratios are much lower
for model III (Table 6). In fact, genetic variation in
both Ln(pollen number) and Ln(PSI) are statistically
consistent with the weak conditions. For all of the mod-
els, the likelihood ratios are lower for Ln-transformed
male fitness values than for untransformed trait values.

DISCUSSION

This study clearly illustrates both the strengths and
the faults of biometric estimates for mutational parame-
ters. On the positive side, I was able to calibrate several
different mutational models with an experiment of only
moderate size (2345 plants). These models are surpris-
ingly general, allowing variable mutational effects, ma-
ternal effects, and distinct environmental deviations for
inbred and outbred plants. The parametric bootstrap
simulations demonstrate that, if genetic variation is
maintained according to one of the mutational models,
the MLEs are surprisingly accurate (Table 2). Taken
together, these observations suggest that biometric
methods have the potential to yield accurate estimates
for mutational parameters with much lower effort than
is typically necessary for mutation-accumulation experi-
ments.

The primary weakness associated with our parameter
estimates is that they are based on models insufficient
to explain the data. Likelihood-ratio tests reject models
I and II for each of the traits (Tables 4 and 5). This
is not surprising for flower size, as a previous study
demonstrated that this trait is inconsistent with a delete-
rious mutation model of genetic variation (KELLy and
WiLLis 2001). However, it is unexpected that models I
and ITwere rejected for the male fitness traits. Evolution-
ary analyses of life-history (fitness) traits frequently as-
sume that genetic variation is maintained by mutation-
selection balance (Crow 1993; HOULE et al. 1996; DENG
and Ly~nca 1997). Our results call this assumption into
question.

The rejection of mutation-selection balance for male
fitness traits is clearly tentative. Model III was not re-
jected for either Ln(pollen number) or Ln(PSI). This
may reflect the fact that these “weak conditions” are
consistent with a range of genetic architectures, at least
within the scope of estimation error. However, it may
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TABLE 4

Likelihood-ratio tests and parameter estimates for model I (fixed mutational effects) applied to each trait

Trait LR Poo PIx*] Un h s

Corolla width 16.14 <0.001 <0.001 0.33 0.39 0.018
Pollen number 24.58 <0.001 <0.001 5.70 0.46 0.006
Ln(pollen number) 14.48 <0.001 <0.001 0.51 0.20 0.139
PSI 34.88 <0.001 <0.001 0.40 0.28 0.049
Ln (PSI) 19.28 <0.001 <0.001 0.38 0.23 0.124

Two Pvalues are provided for each likelihood-ratio statistic, the first from the parametric bootstrap simulations

and the second from the x? distribution with 2 d.f.

also mean that variation is governed by a deleterious
mutation model that is simply more complicated than
models I or II (e.g., CABALLERO and KEIGHTLEY 1994;
ZHANG et al. 2002). While our experiment is not suffi-
ciently complex to both calibrate and test a more com-
plicated mutational model, it is straightforward to ex-
pand the design to include more comparisons.
Models I and II fail because there is too much additive
genetic variation in both flower size and male fitness
traits. The genetic covariance of full siblings (Ggys) is
equal to the additive variance when the parents are fully
inbred. The genetic covariance of half siblings (Cys) is
equal to one-half the additive variance (APPENDIX A).
Under the deleterious mutation models, the amount of
additive variation relative to other components depends
on the average dominance of deleterious mutations.
For example, with 2 = 0.2 in model I, the variance
among fully homozygous genotypes ( Css) should be 12.5
times greater than the variance among outbred geno-
types (Ges) and Cogs should be 2.5 times greater than Ggs.
The G estimates are substantially greater than G
estimates, particularly for log-transformed male fitness
traits. However, Cog is invariably less than Gy when the
unconstrained model is fit to the data (Table 3). The low
estimates of Cyg relative to Gy indicate that, if variation is
attributable to rare alleles, these alleles must be fairly
recessive on average. However, the more recessive they
are, the less additive variation there should be. Estimat-
ing A just from Cos and Cgs in Table 3, we would expect
the additive variances of the male fitness traits (as mea-
sured by Gy and Gys) to be only ~20% of their actual

estimated values. An excess of additive genetic variation

has also been documented for several life-history traits
of Drosophila melanogaster and used to reject mutation-
selection balance as a sufficient explanation of variation
(Murar and NAGANO 1983; TAKANO et al. 1987; CHARLES-
woRTH and HucHES 2000).

The higher-than-expected estimates for G and Gy
also explain why the estimated dominance coefficients
for male fitness traits under models I and II (Tables 4
and 5) are greater than those obtained previously. WiL-
LIS (1999a) used a subset of these same inbred lines to
estimate the average dominance of deleterious muta-
tions by the “regression method” (MUKAT et al. 1972;
MukAI and YAMAGUCHI 1974; CABALLERO et al. 1997).
He randomly paired lines and mated them to produce
F, families. The regression of F, family mean trait values
onto the corresponding sum of mean values for their
parental lines provides an estimate for the average domi-
nance of deleterious alleles. By this method, WiLLIS
(1999a) estimated the average dominance to be ~0.1
for both pollen number and pollen viability (both mea-
surements log-transformed). In contrast, our estimates
of i (from model I) are about twice are large (Table
4) and the estimates of & (from model IT) are 3.5 times
greater (Table b).

The comparison of F; families with parental lines is
actually contained within this design (Figure 1) and it
is straightforward to show that the regression method
is actually estimating Cos/ Gss. If we calculate Cos/ Gss
from the estimates in Table 3, the values are quite close
to those obtained by WiLLis (1999a): 0.13 for Ln(pol-
len) and 0.14 for Ln(PSI). In contrast, the maximum-
likelihood estimates for 2and 4 (Tables 4 and 5) depend

TABLE 5

Likelihood-ratio tests and parameter estimates for model II applied to each trait

Trait LR Prout Plx?] Unt K3 5 h

Corolla width 15.28 <0.001 <0.001 0.35 —0.210 0.014 0.41
Pollen number 93.78 <0.001 <0.001 3.40 —0.115 0.010 0.45
Ln (pollen number) 9.06 0.012 0.011 0.94 —0.439 0.063 0.35
PSI 24.76 <0.001 <0.001 0.61 —0.334 0.029 0.38
Ln (PSI) 11.04 0.007 0.004 0.70 —0.389 0.059 0.36
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notonly on Cosand Cgsbutalso on Gsand Gys. Maximum
likelihood finds the best “compromise” given the rela-
tive magnitudes of all four variance components. This
requires dominance coefficients to be adjusted upward
to account for the higher-than-expected values for G
and Ggs. If intermediate frequency alleles make a sub-
stantial contribution to variation in fitness, the regres-
sion method ( Cys/ Gss) may actually provide a more accu-
rate estimate for the dominance of rare alleles than the
procedure used here (J. K. KELLY, unpublished results).

Assumptions: Models I and II employ an equilibrium
model to predict the frequencies of deleterious alleles as
a function of mutational parameters. These frequencies
are determined by the action of selection in nature (if
the model is accurate), but the effects are estimated
from variation measured in the greenhouse. This is
noteworthy given that both the relationship between
trait values and evolutionary fitness and the relationship
between genotype and phenotype are likely to be differ-
entin the greenhouse than in the wild. Character herita-
bilities and genetic correlations may change when or-
ganisms are assayed in a novel environment (SERVICE
and RosE 1985). In addition, the magnitude of inbreed-
ing depression may be substantially greater under natu-
ral conditions than in the relatively benevolent green-
house environment (e.g., Dubpasn 1990; CarRr and
Eusanks 2002). This may lead to biased estimates of
mutational parameters. This difficulty is abrogated, to
some extent, by the inclusion of o in the model (Table
1). This parameter effectively translates between the
measured phenotype and evolutionary fitness.

The important question for this study is whether the
change in growth environment is responsible for the
poor fit of models I and II to the data. Could the transfer
cause rejection of the mutational models even if the
natural population is in mutation-selection equilibrium?
It is difficult to provide a definitive answer to this ques-
tion, but it seems unlikely given that the hypothesis tests
do not impose stringent constraints on the values of
mutational parameters. Instead, parameters such as &
and s of model I are estimated from the data. Thus, we
should not falsely reject the null model, even if muta-
tional effects are different in the lab.

The allele frequencies at QTL are the key to the con-
straints. A false rejection of the mutational models might
occur if alleles that are deleterious in nature become ad-
vantageous in the lab environment. Such alleles might
increase in frequency and the resulting lab-adapted pop-
ulation would exhibit an excess of additive genetic varia-
tion relative to the field population. However, the op-
portunity for this kind of selection was greatly limited
in this study. The inbred lines that constitute the parents
of the breeding design were generated rapidly by self-
fertilization, with random selection of progeny within
families (WiLL1s 1999a,b). Each line was initiated from
a single family (see STUDY SPECIES AND METHODS). A rare
allele, present within a single family, might fix within
the line founded by that family. However, it could not

spread within the laboratory population as a whole be-
cause each family contributed to one and only one line.
Adaptation to lab conditions might be a more serious
concern for randomly mating populations that propa-
gate themselves for a number of generations prior to
estimation of genetic parameters (see MATOS et al. 2000;
HorrFMANN et al. 2001; LINNEN et al. 2001; SGrRoO and
PARTRIDGE 2001).

An alternative approach would be to let the natural
population adapt to the lab environment prior to
biometric analyses. This has the advantage that popula-
tion allele frequencies will settle to values dictated by
the selective conditions of the lab environment (the
relevant values of U, A, and s if variation in fitness is
maintained in mutation-selection balance). Of course,
any parameter estimates would be specific to the lab
environment. Moreover, a satisfactory fit of the data to
a mutational model would not conclusively indicate that
natural variation is maintained by mutation-selection
balance. Variation maintained by variable selection, in
either space or time, or genotype-by-environment inter-
action, would likely be lost in the process of lab adapta-
tion.

A second potential concern with this study is that the
deleterious mutation models assume random mating
in the ancestral population. While the Iron Mountain
population of M. guttatus is primarily outcrossing (Wrr-
L1s 1993b), some self-fertilization does occur. Inbreed-
ing should reduce the frequency of deleterious muta-
tions relative to the random-mating expectation, ./ (hs).
This would reduce the absolute value of the variance
components but not their relative values (to a first ap-
proximation when deleterious alleles are rare). Because
the relative values of variance components determine
the sufficiency of the models in the likelihood-ratio tests,
inbreeding is not the cause of failures for models I and
II. In this vein, it is noteworthy that M. guttatus does
exhibit large amounts of inbreeding depression in fitness-
related traits despite its mating system (WiLL1is 1993a,b;
DupasH and CARR 1998). Moreover, most of this in-
breeding depression was not purged during the forma-
tion of the lines used for this study (WiLLis 1999b).

Scale of measurement is another important concern
for analyses based on patterns of variation. Scale trans-
formations, such as the logarithm or square root of
measurements, are routinely used in quantitative genet-
ics to “stabilize” the variance (WRIGHT 1952; LYNCH
and WaLsH 1998, Chap. 11). In the present study, log-
transformation substantially improved the fit of male
fitness traits to each of the deleterious mutation models
(Tables 4-6). This may mean that loci affecting these
traits combine in a way that is more nearly multiplicative
than additive. However, it could also mean that log-
transformation simply obscures deviations from the
models.

The most appropriate scale for the application of the
present methods is the one in which loci contribute in
the most nearly additive way to trait variation. On this
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TABLE 6

Likelihood-ratio values and their associated P values for
model III applied to each trait

Trait LR Poo
Corolla width 6.04 0.02
Pollen number 12.06 <0.001
Ln(pollen number) 1.96 0.15
PSI 4.38 0.03
Ln (PSI) 0.58 0.38

scale, the mean phenotype should decline linearly with
the inbreeding coefficient (WRIGHT 1951; KEMPTHORNE
1957). Several studies have attempted to determine the
functional relationship between mean trait values and
the level of inbreeding in M. guttatus (WiLLIS 1993a; CARR
and Dupasu 1997). However, in each of these studies,
the effects of changing homozygosity are confounded
with the effects of genetic purging. As a consequence,
itis difficult to determine the best scale of measurement
for estimating mutational parameters. More data in this
area are clearly necessary.

Concluding comments: More than anything, this study
illustrates the need to combine model evaluation (hy-
pothesis testing) with parameter estimation in biometric
studies. Three distinct deleterious mutation models
were tested. The first two models were rejected by the
data for all characters, primarily because of an excess
of additive genetic variation relative to other variance
components. Thus, while most of the estimates in Tables
4 and 5 are reasonable, they cannot be treated as unbi-
ased. However, model III was not rejected for either of
the log-transformed male fitness components (Table 6).
This suggests that a more elaborate deleterious muta-
tion model may prove sufficient.

How generally will mutation-selection balance prove
sufficient as an explanation for variation in fitness com-
ponents? This is clearly the issue that will confront fu-
ture applications of the biometric method for estimating
mutational parameters. The ubiquity of genetic varia-
tion is one of our most general observations of natural
populations. The question of how evolutionary processes
maintain this variation is one of the oldest in evolutionary
biology. It remains one of the most important.

This article benefited from comments by Norm Slade, Scott William-
son, Miles Stearns, Liza Holeski, Tara Marriage, Bruce Walsh, and
two anonymous reviewers. Tyler Ternes, Scott Jablonski, and H. S.
Arathi helped to collect many of the measurements. This research

was supported by funds from National Science Foundation grant DEB-
9903758 and the Murphy Scholarship fund.

LITERATURE CITED

AxasHI, H., 1997 Codon bias evolution in Drosophila. Population
genetics of mutation-selection drift. Gene 205: 269-278.

BATEMAN, A.J., 1959 The viability of near normal irradiated chromo-
somes. Int. ]. Radiat. Biol. 1: 170-180.

CABALLERO, A,, and P. D. KEIGHTLEY, 1994 A pleiotropic nonaddi-

tive model of variation in quantitative traits. Genetics 138: 883—
900.

CABALLERO, A., P. D. KeiIGHTLEY and M. TURELLI, 1997 Average
dominance for polygenes: drawbacks of regression estimates. Ge-
netics 147: 1487-1490.

CARR, D. E., and M. R. Dupash, 1997 The effects of five generations
of enforced selfing on potential male and female function in
Mimulus guttatus. Evolution 51: 1797-1807.

CARR, D. E., and M. D. EuBaNks, 2002 Inbreeding alters resistance
to insect herbivory and host plant quality in Mimulus guttatus
(Scrophulariaceae). Evolution 56: 22-30.

CARR, D. E., and C. B. FENSTER, 1994 Levels of genetic variation and
covariation for Mimulus (Scrophulariaceae) floral traits. Heredity
72: 606-618.

CHARLESWORTH, B., and K. A. HucHESs, 2000 The maintenance of
genetic variation in life history traits, pp. 369-392 in Evolutionary
Genetics From Molecules to Morphology, edited by R. S. SINGH and
C. B. KrimBas. Cambridge University Press, Cambridge, UK.

CHARLESWORTH, B., D. CHARLESWORTH and M. T. MORGAN, 1990a
Genetic loads and estimates of mutation-rates in highly inbred
plant-populations. Nature 347: 380-382.

CHARLESWORTH, D., M. T. MorGAaN and B. CHARLESWORTH, 1990b
Inbreeding depression, genetic load, and the evolution of out-
crossing rates in a multilocus system with no linkage. Evolution
44: 1469-1489.

CHARLESWORTH, B., M. T. MorGAN and D. CHARLESWORTH, 1993
The effect of deleterious mutations on neutral molecular varia-
tion. Genetics 134: 1289-1303.

CockerHAM, C. C.,, and B. S. WEIR, 1984 Covariances of relatives
stemming from a population undergoing mixed self and random
mating. Biometrics 40: 157-164.

Crow, J. F., 1987 Muller, Dobzhansky, and overdominance. J. Hist.
Biol. 20: 351-380.

Crow, J. F., 1993 Mutation, mean fitness, and genetic load. Oxf.
Surv. Evol. Biol. 9: 3—42.

DavisoN, A. C., and D. V. HINKLEY, 1997  Bootstrap Methods and Their
Application. Cambridge University Press, Cambridge, UK.

DENG, H-W., 1998 Characterizing deleterious mutations in outcross-
ing populations. Genetics 150: 945-956.

DENG, H.-W., and M. Ly~nch, 1996  Estimation of genomic mutation
parameters in natural populations. Genetics 144: 349-360.
DENG, H-W., and M. LyNcH, 1997 Inbreeding depression and in-
ferred deleterious mutation parameters in Daphnia. Genetics

147: 147-155.

DeNG, H. W., G. Gao and J.-L. L1, 2002 Estimation of deleterious
genomic mutation parameters in natural populations by account-
ing for variable mutation effects across loci. Genetics 162: 1487—
1500.

Dupasnh, M. R., 1990 Relative fitness of selfed and outcrossed prog-
eny in a self-compatible, protandrous species, Silene angularis
(Gentianaceae): a comparison in three environments. Evolution
44: 1129-1139.

DupasH, M. R,, and D. E. CARR, 1998 Genetics underlying inbreed-
ing depression in Mimulus with contrasting mating systems. Na-
ture 393: 682-684.

Er1ason,S.R., 1993 Maximum Likelihood Estimation: Logic and Practice.
Sage Publications, London.

EYRE-WALKER, A., and P. D. KEIGHTLEY, 1999 High genomic delete-
rious mutation rates in hominids. Nature 397: 344-347.

FALCONER, D. S., 1989  An Introduction to Quantitative Genetics. John
Wiley & Sons, New York.

FENSTER, C. B., and K. RiTLAND, 1994  Quantitative genetics of mat-
ing system divergence in the yellow monkeyflower species com-
plex. Heredity 73: 422-435.

GARCIA-DORADO, A., 1997 The rate and effects distribution of viable
mutation in Drosophila: minimum distance estimation. Evolution
51: 1130-1139.

HALDANE, J. B. S., 1927 A mathematical theory of natural and artifi-
cial selection. Part V. Selection and mutation. Proc. Camb. Philos.
Soc. 23: 838-844.

Harris, D. L., 1964  Genotypic covariances between inbred relatives.
Genetics 50: 1319-1348.

Horrmann, A. A., R. Harras, C. SINCLAIR and L. PARTRIDGE, 2001
Rapid loss of stress resistance in Drosophila melanogaster under
adaptation to laboratory culture. Evolution 55: 436-438.

HouLk, D., 1992 Comparing evolvability and variability of quantita-
tive traits. Genetics 130: 195-204.



1084 J. K. Kelly

Houtg, D., B. Morikawa and M. Ly~nch, 1996 Comparing muta-
tional variabilities. Genetics 143: 1467-1483.

JACQUARD, A., 1974 The Genetic Structure of Populations. Springer-Ver-
lag, New York.

KeiGHTLEY, P. D., 1994 The distribution of mutation effects on
viability in Drosophila melanogaster. Genetics 138: 1315-1322.
KeIGHTLEY, P. D., and A. EYRE-WALKER, 1999 Terumi Mukai and

the riddle of deleterious mutation rates. Genetics 153: 515-523.

KeLLy,]. K., 1999 An experimental method for evaluating the contri-
bution of deleterious mutations to quantitative trait variation.
Genet. Res. 73: 263-273.

Kerry, J. K., and H. S. ArRaTHI, 2003 Inbreeding and the genetic
variance of floral traits in Mimulus guttatus. Heredity 90: 77-83.

KeLLy, J. K., and J. H. WiLLis, 2001 Deleterious mutations and ge-
netic variation for flower size in Mimulus guttatus. Evolution 55:
937-942.

KerLry, J. K., A. RascH and S. Kavrisz, 2002 A method to estimate
pollen viability from pollen size variation. Am. J. Bot. 89: 1021-
1023.

KEMPTHORNE, O., 1957  An Introduction to Genetic Statistics. Wiley, New
York.

KonDprasHOV, A. S., 1984 Deleterious mutations as an evolutionary
factor. 1. The advantage of recombination. Genet. Res. 44: 199-
217.

KonDpRrasHOV, A. S., 1988 Deleterious mutations and the evolution
of sexual reproduction. Nature 336: 435-440.

KoNnprasHov, A. S., 1995 Contamination of the genome by very
slightly deleterious mutations: Why have we not died 100 times
over? J. Theor. Biol. 175: 583-594.

KonbprasHoOv, A. S, and J. F. Crow, 1993 A molecular approach to
estimating the human deleterious mutation rate. Hum. Mutat.
2: 229-234.

LANDE, R., 1994 Risk of population extinction from fixation of new
deleterious mutations. Evolution 48: 1460-1469.

LERNER, I. M., 1954  Genetic Homeostasis. John Wiley & Sons, New
York.

LEwoNTIN, R. C., 1974  The Genetic Basis of Evolutionary Change. Co-
lumbia University Press, New York.

LinNEN, C., M. TATAR and D. PromisLow, 2001  Cultural artifacts:
a comparison of senescence in natural, laboratory-adapted and
artificially selected lines of Drosophila melanogaster. Evol. Ecol.
Res. 3: 877-888.

LyNcH, M., and B. WaLsH, 1998  Genetics and Analysis of Quantitative
Characters. Sinauer Associates, Sunderland, MA.

LyncH, M., J. CoNERY and R. BURGER, 1995 Mutational meltdowns
in sexual populations. Evolution 49: 1067-1080.

Ly~ncH, M, J. BLANCHARD, D. HouLk, T. KisoTa, S. ScHULTZ ¢t al.,
1999 Spontaneous deleterious mutation. Evolution 53: 645-
663.

Macxkay, T. F. C., R. Lyman and M. S. JacksoN, 1992 Effects of P
elements on quantitative traits in Drosophila melanogaster. Genetics
130: 315-332.

MACNAIR, M. R., and Q. J. CumBEs, 1989 The genetic architecture
of interspecific variation in Mimulus. Genetics 122: 211-222.

MaTos, M., M. R. Rosg, M. T. R. Pite, C. REGo and T. AVELAR,
2000 Adaptation to the laboratory environment in Drosophila
subobscura. J. Evol. Biol. 13: 9-19.

MorToON, N. E,, J. F. CRow and H. J. MULLER, 1956 An estimate of
the mutational damage in man from data on consanguineous
marriages. Proc. Natl. Acad. Sci. USA 42: 855-863.

Mukar, T., and S. NacaNo, 1983 The genetic structure of natural
populations of Drosophila melanogaster. XVI. Excess of additive
genetic variance of viability. Genetics 105: 115-134.

Mukar, T.,and O.YamacucHI, 1974 The genetic structure of natural
populations of Drosophila melanogaster. XI1. Genetic variability in
a local population. Genetics 76: 339-366.

Mukar, T., S. CHicUsA, L. E. METTLER and . F. CRow, 1972 Mutation
rate and dominance of genes affecting viability in Drosophila mela-
nogaster. Genetics 72: 335-355.

MULLER, H. J., 1928 The measurement of gene mutation rate in
Drosophila, its high variability, and its dependence upon temper-
ature. Genetics 13: 279-357.

MULLER, H. J., 1950 Our load of mutations. Am. J. Hum. Genet. 2:
111-176.

Parsson, S., 2002 Selection on a modifier of recombination rate
due to linked deleterious mutations. J. Hered. 93: 22-26.

PaMmiro, P., M. Ner and W. H. L1, 1987 Accumulation of mutations
in sexual and asexual populations. Genet. Res. 49: 135-146.
RiTLaND, K., 1989  Genetic differentiation, diversity, and inbreeding
in the mountain monkeyflower (Mimulus-Caespitosus) of the
Washington Cascades. Can. J. Bot. Rev. Can. Bot. 67: 2017-2024.

ROBERTSON, A. W., A. D1az and M. R. MACNAIR, 1994 The quantita-
tive genetics of floral characters in Mimulus guttatus. Heredity
72: 300-311.

SEARLE, S. R., G. CaserLrA and C. E. McCuLLocH, 1992 Variance
Components. John Wiley & Sons, New York.

SERVICE, P. M., and M. R. Rosk, 1985 Genetic covariation among
life history components: the effect of novel environments. Evolu-
tion 39: 943-945.

SGro, C. M., and L. PARTRIDGE, 2001 Laboratory adaptation of life
history in Drosophila. Am. Nat. 158: 657-658.

Snaw, F. H., C. J. GEYER and R. G. SHAw, 2002 A comprehensive
model of mutations affecting fitness and inferences for Arabi-
dopsis thaliana. Evolution 56: 453-463.

Suaw,R. G.,1987 Maximum-likelihood approaches applied to quan-
titative genetics of natural populations. Evolution 41: 812-826.

Suaw, R. G, D. L. ByErs and F. H. SHAw, 1998  Genetic components
of variation in Nemophila menziesii undergoing inbreeding: mor-
phology and flowering time. Genetics 150: 1649-1661.

SiMMoNs, M. J., and J. F. CRow, 1977 Mutations affecting fitness in
Drosophila populations. Annu. Rev. Genet. 11: 49-78.

TakaNo, T., S. KusakaBe and T. Muxkar, 1987 The genetic structure
of natural populations of Drosophila melanogaster. XX. Compari-
sons of genotype environment interaction in viability between a
northern and a southern population. Genetics 117: 245-254.

TureLLI, M., 1984 Heritable genetic variation via mutation-selection
balance: Lerch’s zeta meets the abdominal bristle. Theor. Popul.
Biol. 25: 138-193.

Uvenovama, M. K., K. E. HOLSINGER and D. M. WALLER, 1992 Eco-
logical and genetic factors directing the evolution of self-fertiliza-
tion. Oxf. Surv. Evol. Biol. 8: 327-381.

Wirwss, J. H.,, 1993a  Effects of different levels of inbreeding on
fitness components in Mimulus guttatus. Evolution 47: 864-876.

WiLLis, J. H., 1998b  Partial self fertilization and inbreeding depres-
sion in two populations of Mimulus guttatus. Heredity 71: 145
154.

Wirwss, J. H., 1996 Measures of phenotypic selection are biased by
partial inbreeding. Evolution 50: 1501-1511.

WirLss, J. H., 1999a  Inbreeding load, average dominance, and the
mutation rate for mildly deleterious alleles in Mimulus guttatus.
Genetics 153: 1885-1898.

Wirss, J. H., 1999b  The role of genes of large effect on inbreeding
depression in Mimulus guttatus. Evolution 53: 1678-1691.
WRIGHT, S., 1951 The genetical structure of populations. Ann. Eu-

gen. 15: 323-354.

WRIGHT, S., 1952 The genetics of quantitative variability, pp. 5—41
in Quantitative Inheritance, edited by E. C. R. REEVE and C. H.
WADDINGTON. Her Majesty’s Stationary Office, London.

ZHANG, X.-S.,, J. WaNG and W. G. Hirr, 2002 Pleiotropic model
of maintenance of quantitative genetic variation at mutation-
selection balance. Genetics 161: 419-433.

Communicating editor: J. B. WALSH

APPENDIX A

CockerRHAM and WEIR (1984) describe the methods
necessary to express the observational components (Css,
Grs, Cos, and Gys) in terms of causal components. For
our case, where the parents are completely inbred, the
appropriate equations are

Gs = 2Vi+ 4Cp + Vi (Al)
Cos= Va+ Gy (A2)
Gs=Va+ W (A3)



Deleterious Mutations in M. guttatus 1085

Cs = év,\, (A4)

where V, is the standard additive genetic variance, V;
is the standard dominance variance, Vj; is the inbred
dominance variance (the variance of dominance effects
with complete homozygosity), and Cyp is the covariance
of additive and homozygous dominance effects (KELLY
and ArRAaTHI 2003).

Each of the causal components (Vi, V), Vi, and Cyp)
can be written as a function of allele frequencies and
genetic effects across loci (COCKERHAM and WEIR 1984;
KeLry 1999). Using the parameterization of Table 1, I
find that

Vi =3 20(1 — @i + (% — h)(2¢ — 1))? (Ab)
Vo= 4¢(1 — g)adsi(% — h)? (A6)

Go =2 2¢(1 = @) (1 = 2¢)odsi(% — h) (% + (% — k) (2g: = 1))

(A7)

Vor = 2 4g(1 = ) (1 = 2¢)%ai(% — h)? (A8)
and

B=3 2401~ g%~ h). (A9)

Since deleterious mutations should be rare, we expect
that ¢, > ¢ > ¢, etc. Equations la-le in the text are
obtained by neglecting terms containing higher powers
of ¢; in Equations A5-A9. Equations A5-A8 are then sub-
stituted into Equations Al-A4. Because the leading terms

in V, are of order ¢, this term vanishes under rare-alleles
models of inheritance. This explains why Gis = Gs/2 in
each of the deleterious mutation models.

APPENDIX B

We need to integrate over the probability density
function of mutational effects, f(s). Consider B for a
particular locus,

p= - Jmf(s)q(s)as(l — 2h(s))0s, (A10)
0
where f(s) and A(s) are given in the text and

-
q(s) = ) (A11)

Substituting f(s), ¢(s), and A(s) into Equation Al0, we
find that

b 2l ) pefp- el )

(A12)

Summing over loci, we obtain text Equation 6a. The
single-locus integrals for the variance components are

ZMH H} m _ _2ua%
Css 5 . s Exp }—I—K Js (1 + 3K (A13)

9 oo _
Cos = &J {s Exp (sﬂ&s = pa’s (Al14)
S Jo S

N

and CHS = CFS/2






