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Abstract A method for estimating major gene effects us-
ing Gibbs sampling to infer genotype of individuals with
unknown values, was compared with a standard mixed-
model analysis. The purpose of this study was to evaluate
the effect of including information of individuals with un-
known genotypes on the estimates and their error variances
(Ve) of the single-gene effects. When genotypes were
known for all the individuals, results using the Gibbs
method (GS) were similar to those obtained with the mixed
model (MM). In the absence of selection, when informa-
tion from individuals with unknown genotypes was in-
cluded, GS yielded unbiased estimates of the major gene
effects while reducing the Ve associated with them. This
reduction in Ve depended on the gene frequency and mode
of action of the major locus. For the additive effect, the re-
duction in Ve ranged from 29 to 69% of the total reduction
which would have been obtained if all individuals had had
a known genotype. Similarly the reduction in Ve found for
the dominance effect ranged from 12 to 58%. Estimates us-
ing GS generally had small detectable biases when the
polygenic heritability used in the analysis was inflated or
estimated simultaneously. However, the benefit of using in-
formation from individuals with unknown genotypes was still
maintained when comparing the mean square error of the
estimates using either GS or MM when genotypes are only
known for a subset of the population. When the population
has been under selection, the use of Gibbs sampling to in-
corporate information of individuals without genotypes re-
duced substantially the bias and mean square error found for
MM analysis on partial data. Nevertheless, there was some
bias detected using Gibbs sampling. The gene frequency of
the major gene in the base population was also well esti-
mated despite its change over generations due to selection.
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Introduction

Although quantitative traits are often considered to be in-
fluenced mainly by a large number of genes each having a
small effect, single-genes with large effect affecting these
traits have also been found. Examples of these are the
k-casein locus influencing milk protein content in dairy
cattle (Bovenhuis 1992), the Booroola gene affecting re-
production in sheep (Piper and Bindon 1982), and the hal-
othane locus which affects meat quality in pigs (Jensen and
Barton-Gade 1985). Knowledge of the genotypes at these
loci can be used to increase the accuracy of estimated
breeding values of candidates for selection, thereby in-
creasing the short-term genetic progress. However, it is im-
portant to establish reliable estimates of the single-gene ef-
fects or else genetic progress may be lost (Sales and Hill
1976).

When genotypes of individuals are known, the effect of
the single locus upon a trait can be estimated without bias
using standard mixed-model (MM) techniques (Kennedy et
al. 1992). However, for reasons of practicality and economy,
it is likely that most individuals, especially ancestors, will
have an unknown genotype for the locus in question. Since
mixed-model analysis requires a knowledge of the
individuals’ genotype, phenotypic information of individu-
als with unknown genotypes must be excluded from the anal-
ysis, thereby decreasing the accuracy of the estimates and
introducing bias if the population has undergone selection.

Several techniques of estimating single-gene effects us-
ing information from animals with unknown genotypes
have been reported (Hoeschele 1988; Hofer and Kennedy
1993; Kinghorn et al. 1993). They have been applied in
segregation analyses where exact likelihood techniques
cannot be used due to large and complex pedigrees, per-
haps involving loops. These techniques use approxima-
tions to the likelihood in order to avoid the difficulty of
computing all possible incidence matrices. Hofer and Ken-
nedy (1993) have shown that using the approximations
leads to bias and, therefore, alternative approaches avoid-
ing them may prove superior.



Guo and Thompson (1992) showed that Gibbs sam-
pling could be used to infer genotypes of individuals with
unknown values. For a joint distribution, this method al-
lows the estimation of the parameters for the marginal den-
sities through sequentially sampling each variable from
its conditional distribution, given the other variables (Ca-
sella and George 1992). The genotype of each animal can
then be sampled conditional upon the genotypes of the
other animals and, when a large number of samples are
accumulated, their distribution will be proportional to the
true probability distribution for the genotypes. Although
computer intensive, this approach replaces difficult cal-
culations with a series of random samples, allowing cal-
culation of the genotype probability with great accuracy
in large and complex pedigrees. Janss et al. (1995) ex-
tended this technique to the calculation of other hyperpa-
rameters, obtaining estimates of both the single-gene and
the polygenic effects. This method has been used to de-
tect major genes in a pig crossbred population (Janss et
al. 1994).

The objectives of the present study were to evaluate, us-
ing simulations, the benefit of using a Gibbs sampling ap-
proach when genotypes of a given locus are known only
on a subset of the population, and to extend findings pre-
viously reported by Pong-Wong and Woolliams (1994).
The estimate and its error variance were compared with a
standard mixed-model analysis carried out only with in-
formation from individuals with known genotypes. It ex-
amines some characteristics of Gibbs sampling when ap-
plied to populations under selection. The effect of gene fre-
quency, the mode of action of the single-gene, errors in as-
sumed polygenic parameters, and simultaneous estimation
of the polygenic heritability were studied.

Methods
Model

A quantitative trait in a population was considered to be controlled
by a polygenic effect together with a single locus with two alleles, a
and A. The single-gene was assumed to have an additive effect ()
defined as half the difference between homozygotes [0=(AA —aa)/2]
and a dominance effect (J) defined as the deviation of the
heterozygote from the average value of both homozygotes
[6=Aa—(AA+aa)/2]. In the unselected base population the favour-
able allele A had a frequency P, and the genotype frequencies were
assumed to be in Hardy-Weinberg equilibrium. Polygenic and envi-
ronmental variances were also assumed to be 50 units? each (i.e.
h2=0.5). In the genetic models considered o was either 0 or 10 units,
while é was 0, 10 or ~10 units and P took values of 0.5 or 0.15.

Two population structures were simulated. The first was com-
posed of 50 sires and 500 dams, randomly selected and mated hier-
archically with one offspring per dam (ten per sire). Each animal had
one phenotypic observation and the genotype of the single-gene was
assumed to be known only for sires and offspring (i.e. 550 individ-
uals with known genotypes, 500 with unknown).

The second population structure included two rounds of selec-
tion. From an unrelated base population of 1000 males and 1000 fe-
males, 50 sires and 500 dams were phenotypically selected to pro-
duce the next generation. Each female had four full-sib offspring
(two males and two females) from which the next generation of par-
ents was selected with the same criterion, to produce another gener-
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ation. A total of 6000 individuals (2000/generation) was generated.
All individuals had one phenotypic observation, but only 600 (10%)
have a known genotype: all sires (100) and one individual per full-
sib family (500) in the last generation.

Major-gene effect estimation

Methods used to estimate single-gene effects are the same as de-
scribed by Kennedy et al. (1992) for the mixed-model approach
(MM) and by Janss et al. (1995) for the Gibbs sampling scheme (GS).
A full explanation of the methods has been reported previously by
them.

Mixed Model

The analysis using MM was done using Henderson’s mixed model
equations as suggested by Kennedy et al. (1992). The analysis was
carried out with the BLUP option of a DFREML programme (Mey-
er 1989) assuming a known polygenic heritability [h’=c2(c2+672)
where o2 excludes the variance due to the major gene]. Only obser-
vations from animals with known genotypes were used, but all the
available pedigree information was included to account for the co-
variance between observations. The genotypes of the animals was
included in the model as a fixed-effect classification and the param-
eters o and & were later calculated from the genotype estimates. In
some cases polygenic genetic variance was also estimated (Meyer
1989) instead of assuming a known heritability.

Gibbs sampling

This apalysis was done using the programme of Janss et al. (1995).
The environmental variance, as well as the breeding values of all the
animals and their genotypes for the locus in question were estimat-
ed together with the effect and frequency of the favourable allele.
The samples accumulated (which are referred to as ‘realisations’ in
this study) were later used to calculate the expectation and error var-
iance (Ve) of the estimates.

In order to decrease computation within each replicate, only two
realisations per replicate (i.e. the replicate of the data set for a giv-
en set of parameters) were used in the GS analysis, but Ves of the es-
timates were corrected for the sampling error associated with small
samples. In principle when convergence to equilibrium distribution
has been achieved, the chain of realisations of aforms a random sam-
ple from a distribution with expectation o* and variance var(o*),
representing the estimate of ¢zconditional on the data and its Ve about
the true value ¢. If the number of realisations accumulated (n) is
large, their average will be o* and their variance will be Ve of o
about o. Over all possible data sets the expected Ve (variance with-
in replicate) would be equal to the variance of all replicates (vari-
ance between replicates). However, when few realisations are used,
their expectation (**) is an estimate of o*, but with a sampling-er-
ror variance which will be equal to var(o*)/n. Therefore, about the
true value, var(o**) will be equal to var(a*) + var(o*)/n. For the
case in which two independent realisations are used, var(o**) about
o will then be 3/2 var(o®).

In order to test such an assumption, a preliminary study was done
using GS analysis with either 2 or 500 realisations per replicate
(data set). When n=500, realisations were taken at intervals of 20 sam-
ples between two consecutive realisations, with the first one obtained
after 120 samples away from the arbitrary starting point (total length
of the chain=10100 samples). Realisations #100 and #500 (samples
2100 and 10100 of the chain) were used for the analysis when n=2.
Using an analysis of variance the Ves estimated within and between
replicates were compared. Over 1000 replicates, it was found that the
number of realisations used made no significant difference to the
magnitude of these variances and, as expected, the variances com-
ponents within and between replicates were of similar magnitude.

Because a small number of realisations per replicate were to be
taken, several analyses were done to ensure that they were random
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and independent samples. For the unselected population structure, it
was found that sampling tended to converge to the true distribution
and was independent of the initial point after approximately 100 sam-
ples from the starting point (Fig 1a). Two further tests were used to
check the independence of the two realisations. Analysis of autocor-
relations showed that correlation between samples was close to ze-
ro when the lag between them was around 50 samples (Fig 1b). The
other test done was a cusum analysis. The cusum value at time ¢ is
the sum of deviations of each value from the overall mean cumulat-
ed until time ¢ [i.e. cusum (i, x)=2i_; (x~1)}. A cusum plot over time
amplifies the trend within a given interval, allowing the detection of
cyclicity in the chain. A change of trend in the chain would result in
achange in the direction of the cusum curve and, therefore, the length
of a cycle would be the lag between consecutive changes of direc-
tion of the cusum graph. In the case of the unselected population, the
results suggested further long-term trends (to those observed with
the autocorrelation study) in the realisations, with irregular cycles of
the order of 100 samples (Fig 1c). Given these resuits, the two se-
lected realisations were taken at samples 300 and 500 after the arbi-
trary starting point to ensure independence of the samples between
themselves and between the starting point. A similar analysis was
carried out for the population undergoing selection. In this case, the
two realisations were taken at samples 1500 and 3000 after the arbi-
trary starting point, because of the more complex pedigree structure.
However, it is important to point out that the protocol for obtaining
realisations used here is specific to the situation of this study. The
relatively simple pedigree structures considered made it unnecessary
to use techniques such as “simulated tampering” (Geyer and Thomp-
son 1995) and others (e.g. Lin et al. 1994) which have been found to
be important for speeding up the mixing of chains when complex
pedigree structures are involved.

The starting point for all cases assumed all polygenic breeding
values and gene effects to be zero. Initial gene frequency was the
gene frequency observed on those animals having known genotypes.
All individuals with unknown genotype were first assigned with a
heterozygous genotype.

Comparison between methods

The expectations of the gene effects and Ve obtained using both MM
and GS methods on the same data were compared. A total of 1000
replicates per set of parameters was simulated. The same parameters
were estimated with both methods. When unknown genotypes were
present, GS analysis used the additional phenotypic information from
such individuals. Values for Ve reported for GS are the mean of the
variance components between and within replicates, estimated from
an analysis of variance of the realisations.

All genotypes known

The purpose was to validate the equivalence between both methods
in the cases considered here. The heritability of the polygenic effect
was assumed to be known without error. Parameters used in this study
assumed that the single locus had a totally additive effect (a=10;
6=0) and P=0.15.

Genotypes partially known

The effect of gene frequency and the mode of action of the single-
gene were evaluated. Three variations were studied in this case: (1)
the polygenic heritability was assumed to be known without error,
(2) the heritability was assumed to be known but was biased upwards
and (3) the heritability was unknown and was calculated from the
data. The biased polygenic heritability was chosen to be that derived
when the genetic variation associated with the single locus is includ-
ed with the polygenic variance. Data sets were generated for differ-
ent gene frequencies (P=0.15; 0.50) and effects of the locus on the
trait (neutral: o=8=0; additive: ¢=10, 6=0; dominant: &=10, &=10;
and recessive: a=10, &=-10 when P=0.15). The prior distribution for
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Fig. 1a—c¢ Sampling properties of the additive effect (o) when
using Gibbs sampling for the population structure without selection
(0=10; 6=0; P=0.15). a Convergence to the true distribution over
time from an arbitrary starting point. b Correlogram for 5000 reali-
sations after removing a “burn-in” period of 100 realisations. ¢ Cu-
sum analysis for 1000 realisations after a “burn-in” period of 100
realisations (the corresponding values of the realisations are also
shown for comparison)



gene frequency was uniform in the interval [0:1]; for gene effects a
flat prior was used; and for the variance components a flat prior uni-
form in 6°>0 was used.

Effect of selection

For this case only two sets of parameters were considered: when the
single-gene was totally neutral (@=0, 6=0) and when it was recessive
(=10, 6=-10). In both cases it was assumed that P=0.15 and that
the heritability was known without error.

Results
All genotypes known

Table 1 summarises the results obtained from both meth-
ods for 1000 replicates when all the genotypes were known.
The expectation of o and & and their respective Ves were
similar for both MM and GS and were not significantly dif-
ferent from the true values simulated. Since GS does not
infer genotypes in this case, estimation of the single-gene
effects is reduced to the calculation of extra fixed effects.
Small differences in results between both methods are due
to sampling errors of GS, but if the number of realisations
per replicate were to tend to infinity, GS results would con-
verge to those obtained with MM.

Table 1 The comparison of the estimates of major gene effects and
error variances (Ve) for mixed-model (MM) and Gibbs sampling
(GS) approaches when genotypes for all animals are known and the
major gene has an additive effect (0=10; 6=0). Ve for GS is the aver-
age of the components of variance between and within replicates (see
Methods). Standard errors are given in parentheses

Effect Estimate Ve
MM GS MM GS Ratio

o 9.969 9.948 1.105 1.125 1.018
(0.033) (0.041)

§ 0.036 0.067 1.339 1.349 1.007
(0.036) (0.044)
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Genotypes partially known
Using the true polygenic heritability

Results obtained from both methods when the polygenic
heritability was known are shown in Table 2 for ¢ and Ta-
ble 3 for 6. The results of mixed models assuming all in-
dividuals had known genotypes (MM*) are also included
in the tables as a comparison, since they are unbiased es-
timates of the gene effects and represent a lower bound to
the error variance.

When only partial information existed, MM analysis
yielded unbiased estimates of o and J. Since the popula-
tion was subjected only to random selection, no linkage
disequilibrium accumulated between the polygenic effect
and the genotypes of the single-gene and, therefore, exclu-
sion of some information did not introduce bias in the es-
timation. Some estimates of & using MM* were statisti-
cally different from the true value (Table 3). These are
likely to be due to sampling error during the generation of
data. Estimates using GS were not significantly different
from the true value or from the MM* estimates. Inference
of the dams’ genotypes, and the use of the performance in-
formation on them, did not bias the estimates of the gene
effects.

On the other hand, the use of extra information from an-
imals with unknown genotypes (which can not be included
in a true MM analysis) decreased the Ve of the estimates.
This reduction varied with the true parameters of the sin-
glelocus (e and 8) and its gene frequency. The smallest gain
in accuracy (reduction of Ve) was when the gene was com-
pletely neutral for the trait (o=0, 6=0) and the greatest was
for the case when the favourable allele was at a low fre-
quency (P=0.15) and had arecessive effect (0=10, 6=—10).

Differences in the gain in accuracy obtained for the dif-
ferent set of parameters depended on how well the un-
known genotypes were inferred (Table 4). The maximum
gain would be achieved for the case when all unknown gen-
otypes were sampled without error, yielding analogous re-
sults to MM* in Tables 2 and 3. The highest relative gain
in accuracy was achieved when a rare recessive allele was
segregating. Compared to the other modes of action with
P=0.15, this case corresponded with a much greater con-

Table 2 The effect of the mo-

de of action of the single gene True parameters Estimate of o Ve

on the estimates of its additive ]

effect () and its error variance & 4 MM* MM GS MM* MM GS
(Ve) when: (1) all individuals

have known genotypes and a P=0.50

mixed-model is used (MM*); 0 0 0.007 (0.015)  0.016 (0.021)  0.017 (0.026)  0.228 0433 0372
(2) only a subset have known 10 0 10.007 (0.015)  9.997 (0.021)  9.940 (0.022)  0.224 0.423  0.327
genotypes and a mixed-model 10 10 10.013 (0.015)  10.001 (0.020)  9.988 (0.022)  0.224 0413 0317
is used (MM); and (3) only a

subset have known genotypes P=0.15

?g‘éf@:?;f‘g‘s’lig%}fj ;jzfage 0 0 ~0.057 (0.032)  -0.080 (0.047) -0.050 (0.053)  1.058 2242 1864
of the components of variance 10 0 10.007 (0.033)  10.039 (0.048)  9.924 (0.051)  1.096 2.293  1.748
between and within replicates, 10 10 9.953 (0.033)  9.970(0.048)  9.928 (0.055)  1.110  2.303  1.959
Standard errors are given in pa- 10 ~10 9.973 (0.034)  10.009 (0.048) 10.003 (0.048)  1.129 2.347  1.505

rentheses
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Table 3 The effect of the

mode of action of the single- True parameters Estimate of § Ve

gene on the estimates of its do-

minance effect () and its error O 0 MM* MM GS MM* MM GS
variance (Ve) when: (1) all in-

dividuals have known gen- P =050

3215?&“&?%’)‘%‘1 lm(:ld:lllésset 0 0 -0.036 (0.018) -0.027 (0.025) -0.048(0.030)  0.333  0.634  0.596
have known g enotypzs ) 10 0 —0.008 (0.018) —0.031 (0.024) —0.048 (0.026) 0336 0.626 0.471
mixed model is used (MM); 10 10 10.042 (0.018)  9.969 (0.025) 9.984(0.028)  0.335 0.627 0.517
and (3) only a subset have

known genotypes and Gibbs P=0.15

sampling is used (GS). Ve for 0 0 0.075(0.036)  0.123 (0.052) 0.116 (0.061)  1.298 2714 2.500
GS is the average of the com- 10 0 0.013 (0.036)  0.023 (0.050)  0.096 (0.056)  1.303 2.640 2.101
ponents of variance between 10 10 10.032 (0.035) 10.070 (0.052) 10.046 (0.061)  1.298 2.755 2.414
and within replicates. Standard 19 _jq —-9.982(0.038) -9.971 (0.052) -9.948 (0.052)  1.383 2790 1.819

errors are given in parentheses

Table 4 The effect of the 2 s L b
mode of action of the single- True parameters Overall Within true genotype Gain in accuracy
gene on the percentage of indi-
viduals with unknown genotype o aa Aa AA * 8
assigned to their correct geno- P =050
type in each realisation and the )
subsequent gain in accuracy 0 0 47.61 438 49.9 43.9 0.298 0.124
(for P=0.15; ‘a’ is the most 10 0 57.83 56.8 58.8 56.7 0.481 0.534
common allele) 10 10 61.43 752 62.8 44.8 0.508 0.378
P=0.15
0 0 72.24 83.1 46.9 13.6 0.319 0.152
10 0 77.16 85.8 54.4 254 0.455 0.403
10 10 84.11 91.6 69.0 13.8 0.289 0.234
10 -10 74.13 83.3 50.2 51.5 0.692 0.585

? Weighted average over the three genotypes
® Gain in accuracy=(Veyp — Vegs)(Veyms — Veans+) taken from Tables 2 and 3

fidence in correctly assigning individuals with the rarest
genotype (see Table 4).

Using a biased heritability

When the analysis was done using a biased heritability, the
reduction in Ve observed with GS was broadly comparable
in magnitude with the results obtained when the true he-
ritability had been used. Estimates for o were consistently
biased downward for all the cases studied, but in all cases
they were less than 2% of the true value. However, when
the expected mean square errors (which include the bias)
were calculated, the benefits of Gibbs sampling were only
marginally reduced from the benefits realised for Ve (data
not shown). The dominance effect appeared more robust
to the effect of using the wrong polygenic heritability.

Simultaneously estimating variance components
‘When polygenic heritability was estimated simultaneously

in the analysis, GS results showed bias from the true value
for some cases in which the gene frequency (P) was 0.15

(Tables 5 and 6). However, the estimates in all these cases
were not significantly different from the results obtained
using MM* assuming the genotypes of all individuals to
be known. Estimates obtained with MM* assuming all in-
dividuals with known genotypes, are considered to be the
best linear unbiased estimate (BLUE), given the data.
A considerable reduction in Ve was also observed for all
the cases.

Effect of selection

A strong bias in the single-locus effects was observed using
MM when the locus has an effect on the selected trait (Table
7). The results obtained using GS showed some small bias,
but were consistent with the results using MM* (i.e. when
all the individuals were assumed to have a known genotype).
A small bias was also observed for GS when the locus is
neutral on the selected trait. Estimates of Ve obtained with
GS were half way between those obtained with MM and
MM*,

The biases observed in Gibbs sampling increased the
mean-square error only marginally and were considerably
smaller than the mean-square errors obtained with MM.



Table 5 The effect of estimat-

1095

ing the gene effects and the True parameters Estimate of o Ve

polygenic heritability simultane- . .

ously on the estimate of the ad- o 4 MM* MM GS MM* MM GS
ditive effect (o) and its error

variance (Ve) when: (1) all indi- P =0.50

viduals have known genotypes 5 0.000 (0.015)  -0.007 (0.021) ~0.002(0.023)  0.220 0422  0.347
using a mixed model (MM*);

(2) only a subset have known 10 0 10.014 (0.015)  9.990 (0.020)  9.968 (0.021) 0219 0416 0.299
genotypes using a mixed model 10 10 10.018 (0.015)  10.011 (0.020) 10.009 (0.021) 0219 0415 0.298
(MM); and (3) only a subset

have known genotype using P=0.15

i(;"gf;s ;j‘gfg]?ﬁf(gs)c'o\fgggf G v o ~0.063 (0.033) —-0.091 (0.047) —0.053 (0.051)  1.092 2235 1.784
nents of variance between and 10 0 9.957 (0.033)  9.936 (0.047)  9.876 (0.050) 1.096 2260 1.642
within replicates. Standard er- 10 10 9.931(0.033)  9.955(0.050)  9.868 (0.055)  1.130 2445 2.033
rors are given in parentheses

Tabl The effect of estimat-

inagbt}?:geneeei?fesfs ;)nde ihl:)n a True parameters Estimate of § Ve

polygenic heritability simultane- ] .

ously on the estimate of the o 6 MM MM GS MM* MM  GS
dominance effect (8) and its er-

ror variance (Ve) when: (1) all P =050

?dgsli‘;f‘r}S have kaown geno- 0 0 -0.011(0.018) -0.002 (0.025) -0.016 (0.031)  0.332  0.649 0.620
(%/\}I)M*)' (2g) only a subset have 10 0 —0.023 (0.018) -0.010(0.025) -0.030 (0.027) 0399 0.632 0.484
known genotypes using mixed 10 10 9.992 (0.018) 9.987 (0.025) 9.971 (0.027) 0.239  0.645 0.505
model (MM); and (3) only a

subset have known genotype us- P =0.15

o8 Sﬁgfgf;?ﬁégg)&ﬁpfgf o 0 0.100 (0.036)  0.140 (0.052) ~ 0.119(0.060) 1321 2.686 2345
nents of variance between and 10 0 0.070 (0.036) 0.107 (0053) 0.184 (0057) 1.328 2.758 2.096
within replicates. Standard er- 10 10 10.071 (0.037)  10.057 (0.054)  10.091 (0.061) 1379 2.862  2.499

rors are given in parentheses

Table 7 The effect of selection on the estimates and their error var-
iances (Ve) of major gene effects when: (1) all individuals have
known genotypes using a mixed model (MM*); (2) only a subset
have known genotype using a mixed model (MM); and (3) only a

subset have known genotype using Gibbs sampling (GS). Ve for GS
is the average of the components of variance between and within rep-
licates. Standard errors are given in parentheses

True parameters o )
o 19) MM* MM GS MM* MM GS
Estimate
0 0 0.012 (0.014) 0.019 (0.051) —0.132 (0.042) —-0.007 (0.016) 0.019 (0.058) —0.103 (0.042)

10 -10 9.980 (0.010) 7.738 (0.022) 9.960 (0.019) -9.991 (0.009) -11.886 (0.028) —9.976 (0.015)
Ve

0 0 0.204 2.650 1.212 0.238 3.203 1.176
10 -10 0.100 0.522 0.248 0.088 0.687 0.147

When the major-gene was recessive (0=10, 6=—10), the
square roots of the mean square errors were 0.50 and 0.38
for or and 6 when using GS, compared to 2.37 and 2.06
when using MM. This represent a reduction of approxi-
mately 80% using GS. For the case of the single-gene be-
ing neutral, the reduction was smaller, but still over 30%.

The gene frequency of the major gene in the base pop-
ulation was well estimated using GS. The accuracy of this
estimation is better shown for the case when the major gene
was recessive. For this case the average gene frequency
observed in those animals with known genotypes was 0.46
(because of changes in the gene frequency over genera-
tions due to selection, and individuals with known geno-

types were mainly from the last generation) compared with
0.149 obtained with GS (not significantly different from
the simulated gene frequency in the base population, which
was 0.15). When the single-gene was neutral the observed
gene frequency and the estimate obtained with GS were
0.149 and 0.154 respectively.

Discussion

When genotypes were known for all individuals, analysis
using MM or GS (using the priors defined here) can be con-
sidered equivalent. In both approaches, when all genotypes
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are known without error the estimation of the single-locus
effects is reduced to the estimation of an extra fixed effect.
Wang et al. (1994) showed that, in a polygenic model with
flat priors, the Gibbs sampling approach yields similar re-
sults, for both the random and fixed effects, as when solv-
ing the mixed-model equations directly.

Results obtained using GS showed a substantial improve-
ment on the accuracy of the estimate when information on
animals with an unknown genotype was available and in-
cluded. This increase in the accuracy was dependent on the
true parameters used for the single locus. For example, a
high relative gain in accuracy was achieved when simulat-
ing a rare recessive allele. This can be explained by a better
discrimination between two distinct major-locus genotype
classes. The GS method employs samples from a posterior
distribution which is a function of the probabilities condi-
tional upon the current genotypes of ancestors and descen-
dants, and these probabilities are calculated using transmis-
sion probabilities and penetrance values. The latter values
are calculated for metric traits using a penetrance function
which is conditional upon the data and the current values for
the other parameters including the genotypic effects (Janss
et al. 1995). With no effect of the locus, the posterior dis-
tribution will depend solely upon the transmission probabil-
ities, with no influence from the penetrance function. The
larger the separation of the genotypes (relative to the error
variance, as in the recessive case) the more discriminatory
the penetrance function becomes. The higher gain from the
example with the rare recessive, compared to the rare dom-
inant, may be ascribed to the additional benefit of more con-
fidently identifying those individuals with the rarest geno-
type. Since estimation errors are O(n™h), the relative gain
from an additional genotype is greatest when 7 is smallest.
In the dominance case the rarest genotype remains relatively
poorly distinguished from the heterozygote.

Using a simple model assuming no polygenic effect, the
expected proportion of individuals assigned to their true
genotype was calculated analytically. For this case, the re-
sults obtained with simulation studies using GS were very
similar to those obtained analytically (data not shown). The
proportion assigned correctly were affected by the true pa-
rameters of the single-gene (¢, § and P) in a similar way
to the studies in the presence of a polygenic effect. This
change in the accuracy of sampling genotypes according
to the mode of action and gene frequency was related to
the expected reduction in Ve obtained when information
from untyped individuals is included.

The reduction in Ve by including data from individuals
with unknown genotypes can be compared to the reduction
in Ve when all individuals are genotyped, the latter form-
ing a lower bound to Ve. Without selection, in the cases
studied the ratio of the reduction observed for using GS
and the maximum possible reduction varied from 29%
(a=0; 6=0; P=0.50) to 69% (o=10; 6=-10; P=0.15).
A crude calculation, based on the rough approximation that
the Ve for MM using » known genotypes is proportional
to %, shows that, using GS, ten individuals with data but
unknown genotypes may be worth between three and seven
individuals with both data and genotypes.

In practice, the estimation of the effects of the major
gene will normally be carried out without full knowledge
of the polygenic heritability. In these circumstances two
approaches may be considered: (1) the estimate is made
using the heritability obtained from analyses that ignore
major gene effects (as is commonly the case now), which
will consequently inflate the heritability of polygenic ef-
fects; and (2) the polygenic component will be estimated
simultaneously with the gene effect. The use of GS when
assuming a polygenic heritability that is biased upwards
leads to gene effects that were biased downwards. This re-
sults from an over-optimistic view that genetic effects
might be explained by the polygenes, consequently under-
estimating the other fixed and environmental effects. When
using GS and simultaneously estimating both the gene ef-
fect and the polygenic variance, these biases were either
small or absent. In the examples where biases were ob-
served, the estimates were not significantly different from
those obtained with MM*, assuming all known genotypes,
which suggests that the biases were partly due to sampling
errors. Nevertheless, in both approaches (i.e. using biased
polygenic heritability or estimating it simultaneously), any
biases observed were small and mean-square errors were
smaller than those obtained when ignoring data from un-
typed individuals.

When a population has been under selection, MM anal-
ysis is not appropriate if genotypes are missing for some
individuals. If the single locus has an effect on the selected
trait, selection pressure would create and maintain a link-
age disequilibrium between the polygenic effect and the
genotypes of the locus in question. Kennedy et al. (1992)
showed that this would lead to bias in the estimates if not
all information is included in the analysis, unless the locus
has no effect. This can be observed in our study where ma-
jor biases were found using MM on the subset of typed in-
dividuals only.

The results with GS in the presence of selection are,
therefore, of great importance. Our results showed that
these major biases were largely removed and that gene ef-
fects and gene frequencies were estimated with consider-
ably smaller mean-square errors. However, not all the bias
was removed. These results are harder to explain: in some
cases the MM* estimates were also significantly different
from the true value and were similar to the GS estimates,
so that some of these biases may be due to sampling error.
One possible explanation of the bias observed with GS
could be the lack of linearity when re-sampling genotypes.
Then, if such assumption is violated, it would be antici-
pated that the unbiased property of the estimates may no
longer hold. However, despite the small bias observed with
GS, there is still a substantial gain when including infor-
mation on individuals with unknown genotypes: the max-
imum bias observed with GS was 0.13 units, equivalent to
less than 2% of the polygenic standard deviation; and the
reduction in the square root of the mean square errors
ranged from 31 to 80% of those obtained from using MM
where information of individuals with unknown genotypes
isignored. The reduction of Ve achieved in these cases still
implies that inclusion of around 3—4 individuals with an



unknown genotype would represent the use of an extra in-
dividuval with known genotype.

The gene frequency of the single-gene in the base pop-
ulation was also estimated with great accuracy. This would
suggest that accurate prior knowledge of such frequency
would not be too essential to obtain accurate estimates of
the single-gene effect, providing pedigree and selection in-
formation is available.

Furthermore, the biases observed using GS are small
compared with those found with other methods. Hofer and
Kennedy (1993) used three different methods for estimat-
ing the single-gene effect when genotype information is
missing. When genotypes were known for 10% of the pop-
ulation (all sires and half the dams), and assuming the poly-
genic to be heritability known, all methods showed bias in
the estimate, ranging from 1 to 43%. The population struc-
ture they used was similar to the unselected population em-
ployed in the present study but with larger full-sib fami-
lies.

Additional to the mode of action of the single-gene, its
allele frequency, the effect of selection and the uncertainty
of the polygenic variance, there are other factors which
may affect the reduction in Ve for estimates obtained when
information of untyped animals is included. Increasing the
number of offspring with known genotypes (in this study
one offspring/dam has a known genotype) will increase the
accuracy of sampling genotypes and a higher reduction in
Ve would be obtained. In very large full-sib families,
knowledge of the genotype of one parent and all the off-
spring would determine the genotype of the other parent
with only negligible error. However, in practice the maxi-
mum number of individuals to be genotyped is usually lim-
ited. Thus, increasing the number of individuals genotyped
per family generally represents fewer families with no in-
dividual genotyped and, therefore, less untyped ancestors
with information included in the analysis. Further studies
are required to assess the ideal selection of individuals to
be genotyped in order to maximize the gain in accuracy
from including information of untyped relatives. The case
studied here, with few offspring per dam, is common in
cattle data.

The effective inclusion of information from individu-
als with known performance records but unknown geno-
types is one example of the benefits of using Gibbs sam-
pling in the analysis of field data. The results show that the
technique may be of great importance in enabling breed-
ers to combine information of individual loci with the pre-
diction of residual polygenic breeding values. In practice
most of the ancestral animals would have performance
records, but it is unlikely that they would have a known
genotype. Since many populations would be under selec-
tion, the inclusion of these ancestors would decrease the
bias due to linkage disequilibrium between genotypes and
the polygenic effects. For the dairy cattle situation, where
large half sib-families are common, genotyping of a few
sires would allow the inclusion of performance records of
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the dams, so increasing the power of the analysis. The need
for additional computing power will be a small cost com-
pared to the gain in accuracy of the estimate.
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