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Summary. A procedure for genetic evaluation with field
data is proposed for situations in which there is mixed
major gene and polygenic inheritance and the major
genotype membership of some or of all individuals is un-
known. Location parameters (fixed environmental, major
genotype and polygenic effects), major genotype frequen-
cies and variance components are estimated by the modal
values of joint and marginal posterior distributions. The
method is described for continuous and discontinuous
data as well as for univariate and multivariate evalu-
ations. Results from a simulation study are presented.
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Introduction

In animal breeding, mixed linear (Henderson 1973) and
nonlinear (e.g., Gianola and Foulley 1983; Harville and
Mee 1984; Foulley et al. 1987) model methodology is a
powerful and widely used tool for estimating breeding
values of candidates for selection. This methodology is
based on multifactorial models that include environ-
mental factors such as herd-year-season, age and sex, and
polygenic breeding values. Breeding values are usually
considered to be the sum of the effects of many genes all
having “small” effects. This model of polygenic inher-
itance satisfactorily fits data on important traits such as
milk and fat yield.
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However, this does not mean that genes with “large”
effects (i.e., single loci that account for an appreciable
amount of genetic variation) do not exist. Such loci have
been called major loci (Hanset 1982; Roberts and Smith
1982), and evidence for the coexistence of one or few
major loci and polygenic effects has been found. Some
examples are the muscle hypertrophy in cattle and pigs,
the Booroola gene in sheep, the recessive dwarf gene in
beef cattle and the rapid postweaning growth gene in
mice. Other traits considered as potential candidates for
mixed major gene and polygenic inheritance include
twinning, calving ease and liability to certain diseases.

In segregation analysis (e.g., Elston and Stewart 1971;
Morton and McLean 1974; Bonney 1986) used to inves-
tigate the mode of inheritance of a trait, polygenic effects
and polygenic heritability are either assumed to not exist
or are not separately distinguished.

Data resulting from mixed major gene and polygenic
inheritance require statistical methods for detecting ma-
jor genotypes and for genetic evaluations including ma-
jor genotypes and polygenic breeding values. This paper
presents a method for genetic evaluation with partly or
fully unknown major genotype membership of individu-
als. It requires evidence for the existence of a major locus
and for the number of major genotypes. Detection of
major genotypes is addressed in a different communica-
tion (Hoeschele 1988).

Methodology
Model

Consider the mixed linear model
Vik = Wik 8+ Xif +ziu+e, (1)

where y;, is an observation on the i'* individual, g is an
m x1 vector of major genotypic means, f is a (px1)
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vector of systematic environmental factors and wisa q x 1
vector of polygenic breeding values or sire and dam ef-
fects; w;, is a row vector having a one in column k if the
individual has the k™ major genotype and zero elsewhere,
x; and 2} are the i'" rows of the incidence matrices X and
Z and e, is a residual with var (e;, ) = 2. Denote known
major genotype membership (i.e., known w,) by [, =k,
ke{1,2,...,m}, and let w;, g=g,. Then, assuming nor-
mality

Yilli:k’g7ﬂ5u’ae2~N(gk+x;ﬂ+z;“5ag)
and
Cov(yi’yi’lli=k’Ii'=k/5g5B,“,ae2):0' (2)

The density function of y; conditional on the genotype
membership and on the parameters ¢ = [g/, p’,u’] and ¢2
will be denoted by {(y;|I; =k, 8,02).

If the major genotype membership I, is unknown, y;
has an m-component mixture distribution with mean

EaGiIp.0.03) = ¥ p(I,=K) g+ xi B+ ®
and variance

van, (p.0.2) = 3 pll;=K)(Ec— s, + 02 @
where p is an m x 1 vector with elements p(I; =k}, the
probabilities that the i'* individual has major genotype
membership ke(k=1,...,m) and p, = kglp(li =k)g,.

Also, h denotes expectation and variance with respect to
the density of y; marginal with respect to the uncertain
genotype membership

h(Y]Ip’0>a§):kz p(Ilzk)f(y1|I|=k10’ae2 (5)
=1

In (5), h(-)is called an m-component mixture density and
f(-) a component density (Titterington et al. 1985).

Statistical inference

Prior information. Prior information on @ and p will be
used by specifying Normal priors for the location param-
eters and a Dirichlet prior for the unknown probabilities
of major genotype membership, so

g~N(p,X) ge(—cwo,o) k=1,.,m
B~N(pg, %), PBie(—o0,0) i=1,...,p
n~ N(0,G), u,e(—oo0,00) i=1,...,q
p~ D(a) pe€[0,1] k=1,...,m

where N and D denote Normal and Dirichlet distribu-
tions. It is convenient to assume that g, §, u, and p are
independent a priori and that prior knowledge about g,
B, and p is vague, implying X — o0, X;~>c0 or equiva-
lently, £, '>0,X2;—0,and a, =1forallke{1,2,...,m}.

Then we can write the prior density function as

1(0,p) =1(g) 1(B) 1 (w) 1(p) (6)
=Cl(u)
=C*exp{—1uA " ug;?} N

where C and C* represent appropriate constants. In (7),
A is a matrix of known additive genetic relationship be-
tween the elements in w, ¢2 is polygenic variance and
G = A ¢2. We will assume first that ¢2 is known.

Likelihood. Using (5) and assuming ¢? is known, the joint
likelihood of all observations is

h(Y|0,P,0’§)=%p(l=K)f(yII=K,0,03) ®

where K is a particular N x 1 vector of major genotype
memberships, N is the total number of observations,

the summation ) represents a nested sum of the form
K

> { 3 {{ >, and p(I=K) is the joint proba-

ki=1 {kp=1 kn=1
bility of N particular genotype memberships in K. This
form of the likelihood is difficult to handle, and simplifi-
cations are required.

Assume that the data consist of records on unrelated
parents and their progeny. Given the major genotype
memberships of the sire and dam, the genotype member-
ships of the progeny are conditionally independent. If
there is no assortative mating with respect to the major
genotype, those of the sire and dam are also independent.
Then, simplified forms of the likelihood can be found and
are presented in Appendices 1 and 2.

Inferences. Using Bayes theorem, the product of the like-
lihood in (A 1.3) and the prior density in (7) is propor-
tional to the joint posterior density of the location pa-
rameters 6 and the major genotype frequencies p,

h(0,ply, 6) = constant h(y|6,p,¢?)-1(u|a3) 1(p) 9
with 6’ = [62, 62] assumed known. Inferences about 6 and

p may be obtained from (9). An alternative approach is to
consider the marginal posterior densities of  and p:

t(ﬂly,d)Zkfh(f’,Ply,G) dp

=l§f(0!p,y,a)t(ply,a)dp (10

where t(f]y,o) is the marginal posterior density of 6,
taking into account uncertainty about p, and t(ply, o) is
the marginal posterior density of p obtained from

t(PIy,d)=ﬁfh(9,pIy,d) do
6

=Rff(p|0,y,a)t(0|y,a)d0. (11)



If t(8|y,6) were reasonably peaked, integrating @ out
could be approximated by evaluating the conditional
density of p at the mode @ of t (8 |y, 6) (Box and Tiao 1973)
so that

t(ply, o) =f(p|f,y,0). (12)
Also, we have
f(pl8,y,6)=g(y|p.d,0) I(p) constant.

Combining (12) and (10) then provides an approximation
to the marginal posterior density of 6:

t(ﬂly,d)ﬁnff(olp,y,d) f(p|8,y, o) dp. 13

Inferences about the unknown parameters in @ and p
will be made by point estimation using the joint (0, p)
mode of (9) or approximating the marginal § and p modes
of (10) and (11), respectively. The mode represents the
most likely vector of values for # and p, given the data,
and with “large” sample sizes, the posterior mode is close
to the posterior mean (Berger 1985). This approach will
be referred to as Maximum A-Posteriori Estimation
(MAPE). A similar approach has been developed by
Foulley et al. (1986) for genetic evaluation with uncertain
paternity.

Algorithms of computation

First, consider estimating the unknown location parame-
ters and major genotype frequencies by the mode of the
joint posterior distribution of @ and p, h(@,p|y, o). The
vector of modal values is found by using an iterative
algorithm that converges to a maximum of (9). However,
because (9) cannot be assumed to have a single maximum
(Titterington et al. 1985), this requires using starting val-
ues close to its global maximum. The logarithm of (9)
using (A 1.3) is:

Ns m
logh(6,ply.0)= 3 log [Elp (Is=k) f(ys|Is =k, 0, a?)]
Np m
+ 3 log L;p (Io=Df(pll, =1 0, af)]

Ns Np
+ log |:Z > Ilpds= kslys)Dljlp(ID =kplyp)

Ks Kp §=1

Np m
-T1 Zp(Ii=rlIS(i)=kS(i)’ID(i)=kD(i)) f(Yi|Ii=1',9,0'e2):|

i=1r=1

—1/2w G~ u + constant (14)

assuming 1(p) = constant. An iterative algorithm can be
obtained by differentiating (14) with respect to @ and p
and setting the derivatives equal to zero. Because of the
nested summation, differentiation of (14) is very difficult.
However, derivatives of the logarithms of (A 2.1), (A 2.2),
(A2.3), (A2.4) and (A2.5) are given in Appendix 3.

The derivatives of the log posterior density (14), using
the derivatives of the log likelihoods in Appendix 3, have
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the general form

h m
Ologh®p1.0) _ 5§ o1, = K|y) (v — 44 0)52 4y,
o0 i=1 k=1

- 0dim (g) +dim ()

[6& A 'u :| 13)
where N is now the total number of individual with
records. Equating (15) to zero and rearranging gives a
nonlinear system of equations in 8:

pil Q'II]X Q'[l]Z g[l+1] = Q'my
X0 XX XZ U = X'y | (16)
ZQM ZX ZZ+A A || =|z7y

where N
DU = Diag{ > p(I = k| ymxm)}
i=1

Q" = {p"(L; = k|yxm)}

and the p"(I;=k|y) values are those given in Ap-
pendix 3 evaluated at " and p!". In relation to Baye-
sian classification, p(I; =k|y) represents the posterior
probability that the i individual has major genotype
membership k (Geysser 1982) if  were known, and with

3 pl=kly) =1

Also, G=A¢?, and i =o02|0%. The unknown un-
conditional probabilities of major genotype membership
p(I; =k) are estimated by

1N
f>[”(1i=k)=ﬁ ToT=kly k=1,...m. (17
i=1

The estimator (17) can be derived by differentiating
log h (6, p|y, o) with respect to p and equating the deriva-
tive to zero. For estimating @ and p, (16) and (17) are
combined in an iterative scheme. Iteration starts with a
set of initial guesses 8! and p™ and stops when a con-
vergence criterion such as {[§0'* 11— U [gU+1_ gy,
dim (0)}°° < ¢ is satisfied, ¢ being an arbitrarily small
number.

An alternative iteration scheme can be obtained using
Newton’s method (Kennedy and Gentle 1980) requiring
second derivatives of (14). This algorithm converges
rapidly even for nonlinear functions not quadratic in the
parameters.

The second approach consists of estimating @ by the
corresponding marginal posterior mode. The vector of
first derivatives of the logarithm of the marginal posterior
density of @ in (10) is

dlog dlog
“An s = E h 0’ H
0 t(8]y, o) plw[ 29 h@.ply o‘)]

N m
>z X E [p(Ii=k|y)](Yi_Ai’k0)ae_2Aik
i=1 k=1 ply,0

_ [odim (g) +dim (ﬂ)] (1 8)

o, 2A u
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where E denotes expectation with respect to the densi-
ply.o

ty t(p|y, o). Based on (18), 8 is estimated by iterating with
(16) and replacing the p(I; =k|y) values in D and Q by

E p(, =k|y). This approach is more demanding com-
ply.o

putationally because it requires calculating, for each
record and in each round of iteration, the quantity

1

1
E p=kiyl=]...[p(=ky)

0
-f(p|6™,y,0)dp,...dp,,_,. (19)

Also, the -mode of h (0, p|y, 6) may often closely approx-

imate the mode of t(@|y,o). It can be shown that the

posterior density of p in (12) is a mixture of Dirichlet

densities, {(p|0™,y,6)= wgD(n;+ a;,...,n, +a,),
K

where the wy are appropriate weights, n, (k =1,...,m) is
the number of observations with major genotype-
membership k, and the summation goes over all sets of

m
positive integers (n, ,...,n, ) with > n, =N.
k=1

Partly known genotype membership

Determination of the major genotype membership by
biochemical methods can be expensive and complicated
and, therefore, is not performed for all individuals. Stud-
ies on mixture distributions (Titterington et al. 1985) have
shown that it is clearly worthwhile to include unclassified
observations in discriminant analyses. If selection based
on functions of the data is ongoing, unclassified records
should not be discarded to avoid selection bias. Using
Titterington et al. (1985), the appropriate log posterior
density for partly known major genotype membership is

logh(0,ply.0)=(149+ X XYlogf(y;|l; =k, 0,07)

k=1 i=1

+ Y n dogp(I=k)—1w G~ 'u+ constant (20)
k=1

where N, = Ng+ N + N, is the number of individuals
with unknown genotype membership, n, is the number of
individuals with known genotype membership k, and

m
> n, = N, is the total number of individuals with known
k=1

genotype membership.
Based on (20), the following equations to estimate @
and p are obtained:

DI+ W, W, Q"X + W, X,
X, QM+X,W, X X, +X,X,
Z,QU+7Z,W, Z X, +Z,X,

QMZ,+ W, Z,
X, Z,+X,Z,

Z,Z,+Z,Z,+A

Ny
me(li =k{y)+n,

(I = k) = =2 k=1,...,m 22
I =k) NN, (22)
where

. N
D, =Diag {_;p(li = kly)}N ;
and

=P L=k N, <

indices 1 and 2 refer to individuals with unknown and
known genotype memberships, and W, is the known part
of the incidence matrix of g.

Estimation of variance components and heritability

The estimation equations in (16) and (21) require know-
ing the polygenic and residual variances, i.c.,, 62 and o2.
Usually these are unknown and replaced by estimates.
Gianola et al. (1986) justify the use of REML (Restricted
Maximum Likelihood) estimates of 62 and o2 in place of
the true values, and Hoeschele et al. (1987) suggest esti-
mating o2 and ¢2 by “Marginal Maximum Likelihood”,
which reduces to REML under normality. “Marginal
Maximum Likelihood” estimation consists of finding the
mode of the marginal posterior density of the variances
and employing flat prior densities, i.e., f(cZ) = constant,
and f(¢2) = constant (Gianola and Fernando 1986). This
is done by equating the derivatives of the log posterior
density to zero:

Olo dlo
5 th(cly)=l § [~Tgh(a,0,ply)]h(0,ply,a)dpd0
g; RORp aai
ol
- E [%gh(a,a,my)] (23)
@,p(y.0 | o

where o7 = 62, or 6 = ¢2. Because h(6,ply, o) is not in
the form of a normal density and dim () is usually large,
the integration (23) is difficult computationally. Berger
(1985) suggests normal approximations to non-normal
posterior densities and gives a heuristic proof based on
“large” sample size, implying a sharply concentrated pos-
terior density that is approximately normal. Here, we
might consider the approximations

@ly,6)~N(@ ,C,) or (0]y,0)*N(,,C,) 24
where 8, and C,[f, and C,] are solution and inverted

coefficient matrix of [16] at convergence derived from the
joint posterior h (@, p|y, ¢) [marginal posterior t(8]y, a)].

gl [QMy, +W3y,
B =1X1¥: + X%y, (21
i 2.y, +Zyy,



Because asymptotic normality does not hold on the
boundary of the parameter space, h (8, p|y, 6) will not be
approximately normal if the true parameter p, is zero
for some k e {1,2,...,m}. For ¢ =52, Hoeschele et al.
(1987) showed that

Q18 ely= E [—a—@l(ulaa)]. (25)
Oo; ¢

uly, o) 60' ‘71'
Using (7), (24) and equating (25) to zero gives the estima-
tor of a2
ali+ 11 ﬁ'mA'lﬁm
Y u@AT )

(26)

where i@ and C,, are either §, and C, 4,y or i, and C,, ,,

C,, is the gxq part of C referring to u, and A=
jalll 52l

e u

For o2 = 62 and 1(6) = constant, (23) becomes
0log 0log
t = E —2h 1. 27
s tem=_E [ 37 N010.8.0: )] @

Using the likelihood functions (A 2.1), (A2.2), (A 2.3),
(A2.4) and (A2.5),

i1 =k 0,02)=

1 1
exp{ — 55 (y; — 4; 0)2},
V2no, { 207 y
and following Gianola et al. (1986) and Foulley et al.
(1986) lead to the estimator

N m . ol
2 lem(li=k|)') &4

aall+1] i=1 k=

°  N-—dim(§)+ tr(A~ICUI) 2™

(28)

where &, =y, — 4., 0, and § is 8, or 8,, respectively.

For unknown ¢? and ¢2, four nonlinear systems of
equations have to be solved simultaneously, namely, (16),
(17), or (21), (22), (26) and (28).

“Polygenic heritability” (h2), ie., heritability within
major genotype, and the relative contribution of the vari-
ance explained by the major genotypes to phenotypic
variance (h%; ) are defined as

R = (29, 30)
R e A N RY ’
2 - m
where oy, = kgfl Pu (8 — ﬂg)z and b= kzl D 8-
An estimate of 6%; may be obtained from
G, =l§1f>k (& — fi,)* + constant (1)

where the constant is a correction factor given in Searle
(1971, p. 476) for the two-way nested classification with,
e.g., 1;. being progeny group size of sire j and n;, replaced

o . £ o A
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Genotype-environment interaction

A given environmental difference may have more effect
on some genotypes than on others, i.e., the major geno-
types differ in their environmental sensitivity. Conse-
quently, the model needs to account for environment and
major genotype interaction and for heterogeneous resid-
val variance. Similarly, interactions with the polygenic
background of different lines or breeds are possible (Ro-
berts and Smith 1982). This can be achieved by imple-
menting the following modifications. First, replace (2) by

(Yi|1i=k’ gﬁ, u, 0']%) ~ N(xlxkgﬁ+ Z;Il, 0-1%) (32)

where g B = {(g f);, } and (g B);, is the joint effect of the k™
major genotype (k =1,...,m) and the i** “fixed” effect in
B(i=1,...,p). Secondly, the vector of first partial deriva-
tives of the log posterior density using normal compo-
nent densities becomes

dlog Nom , _s
—5- h@ply,e)=3% 3 p(Ii=Kk]|y)(y;— 4} 0) o5 * 4;,
a0 i=1 k=1

Osimep
where A4;, =[x}, z], and & =[g f',u’]. Equating (33) to

zero and solving for @ gives the following nonlinear sys-
tem of equations to estimate g and u:

DU Q"z gh_[QMy -~
zQ" zZr "z +G6' | @ Z'y

where

D" = Diag {‘7;2 '21 pt! L;=k| Y)} s
j=

mpxXmp

Q[l] = {0;2 ﬁ[l](I” = kl Y)}Nx mp?

R—l“‘=Diag{20;215(1“=k|y} :
k=1 N

xN
n;. is the number of observations in the ii® level of g, and
P
ijli=1,...,p;j=1,....n;; > n;. = N )is used to identify
i=1

an element in y instead of i(i =1,..., N) employed else-
where. Also, o2 may be estimated by approximately mod-
ifying (28).

Large number of alleles at the major locus

The number of alleles at a major locus may be large with
one allele having an outlier effect. In this situation, we
have to distinguish between three major genotypes
denoted by g, =g,,, 8, =g, and g; =g, . Let a be the
outlier allele effect and w, w’ ~ N(0,62). Then, we can
write f,, = E(g,.) = 8,05 faw =E(8.)=p +a and pu.,.
= E(g,.)=pu with u being the mean genotypic value.
One approach is to estimate [u,,, ¢, ,, and ] in place of
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g and proceed as before if ¢2 is small. Otherwise, hetero-
geneity of the polygenic variance requires an appropriate
modification of the G matrix with

var(u|y,,) = var(u) = 62, var (u 4,,,) = var (u + w),
and

var (u|u,, ) = var(u + w + w').

Extension to multivariate analyses

The power of the proposed method may be increased by
a multivariate analysis of correlated traits. Consider, for in-
stance, two highly correlated traits. Then, the posterior
probabilities of major genoype membership p(I; =k|y)
will probably be less flat than those estimated in single-
trait analyses because separating between m overlapping
univariate normal distributions is more difficult than be-
tween m bivariate distributions.

Suppose that y; is the vector of observations on r
continuous traits for the i® individual, and assume that

Yillizk’o’ Ze~Nr(”ika2e) (35)

where @ =[g, f’, u'] is of dimension r x (m + p + q) (as-
suming the same model for each trait), X, is the rxr
residual covariance matrix, N, denotes the r-variate
normal distribution, g;, = (4{, ® I,)0 (assuming equal
incidence matrices for all traits), and ® denotes the
Kronecker product. The log posterior density of @ and p is

logh(8,ply, Z.,Z,)

=logh(y|6,p.Z,)— 120 (A™' ® Z; ) u. (36)

The conditional densities of the data are replaced by the
r-variate density f,(y;|I;=k,0,X,), 2, is the r xr poly-
genic covariance matrix and @ is ordered by level. The
gradient vector of (36) is

Olog
SoEh@,pIY.E., E,)
N m
=% Tpl=kIYAx®L) I i~ i @ L) 0
~A'® X Hu (37)

where p (I, = k|y) is obtained by using the formulae given
in Appendix 3 and replacing the densities f(.) by f.(.).

With the data ordered by individual and the parame-
ters in @ by level, the following system of equations is

obtained:
DU] Q, [UX Q, [llz
QX XX XZ|®lL
oz zx zz
2 [+1]
+ 0r(m+p)xr(m+p) 0r(m+p)xrq ﬁ
0rq><r(m+p) A_1®Ze£u_1 o
i}
Q"®L)y
=| X®IL)y (38)
Z L)y

This approach can be extended to other situations of
multitrait analysis of continuous and discontinuous data
(e.g., Foulley et al. 1982; Hoeschele et al. 1986; Foulley
et al. 1987b).

Application to simulated data
Generation of the data

Phenotypic values were generated by using a mixed mod-
el including herd-year-season effect (hys;), major geno-

type (g;), polygenic effect (u,) and residual (e;y,), so that
Yijkr = hys; + 85 + Uy + €541 (39

Dispersion assumptions were:

m
var(y; ) = 02 = Gﬁys + _lej (8 — pg)* + 0% + a2,
i=

2
{u,}~N|OI % if the u,’s were sire effects (sire model),
. 4

{u,} ~ N (0, A ¢2)if the u,’s were breeding values (animal
model),

{hys;} ~N(0,I oZ) and {&iji} ~N(0,1 0'3)-

Discontinuous phenotypes were obtained by using (39)
and

; -1
Yi— {1, if Yij <@ 1(0.7)

0, otherwise. (40)

where 0.7 is the frequency in the category coded by 1.
The following parameter values were used:

Data set p(A) a? O oL a2 o h?% t/2
6)) 0.3 502 252 22.4*=0.2 ¢* 11.22 35.42 25 35.4
3} 0.3 502 252 18.02=0.13 o2 17.32 35.42 25 27.8
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Table 1. Estimates of the major genotype frequencies (p) and their empirical standard errors (s;)

Major True Data set®
genotype values
1 n 1 v
P N p S p Sg P S
AA=1 0.09 0.074 0.010 0.064 0.005 0.082 0.011 0.125 0.031
Aa =2 0.42 0.412 0.017 0.397 0.007 0.412 0.015 0.401 0.026
aa =3 0.49 0.514 0.027 0.539 0.011 0.506 0.025 0.474 0.090
* Estimates are averages of 10 replicates per data set
Table 2. MAPE and BLUE estimates of the major genotypic values () and their empirical standard errors (s;)
Method Major Data set*®
genotype
I® ITe mnr® Iv?
g 5 g s g 5 : %
MAPE AA=1 4774 18.9 462.9 13.5 481.1 18.2 470.0 18.7
Aa =2 4464 17.0 446.4 13.6 445.7 20.2 4425 20.6
aa =3 417.9 20.5 4273 139 4133 19.4 426.7 21.6
BLUE AA=1 486.6 19.7 479.0 154 485.2 19.6 4724 16.8
Aa =2 451.9 19.5 451.7 132 448.2 19.7 438.5 18.3
aa =3 414.8 19.9 422.8 143 4129 154 405.9 19.5

? Estimates are averages of 10 replicates per data set
® True values are g, =486, g, =450 and g, =414
¢ True values are g, =478, g, =450 and g, =422

where p(A) is the frequency of the allele A at the major
locus with alleles A and a, h? is heritability with h? =
(okL + 02) (o + 0% + 02 + 02), gy is the variance ac-
counted for by the major locus and t=g,, — g,, is the
displacement effect computed by assuming additive gene
action.

Using (39), 2500 progeny records in 200 herd-year-
seasons and representing 50 sires were simulated. Also, a
small sample of 150 parent and progeny records was
generated. The design was unbalanced in both cases. Five
data sets were generated with ten replicates each. The
data sets are described below:

Results

Major genotypic values, frequencies and polygenic sire
effects or breeding values, respectively, were estimated by
maximizing the joint posterior density via (16) and (17)
using formulae (A 3.1) and (A 3.3) in Appendix 3, for sire
models (data sets, I, I, II1, V) and (A 3.10) for data set IV.
This approach is referred to as Maximum-A-Posteriori
Estimation (MAPE). In Tables 14, results averaged over
ten replicates are reported for data sets I, IT and III only
for the approximate formula (A 3.3). With (A 3.1), taking
into account dependencies between genotype member-

Data set Phenotypes Sample size Model Unknown genotype c4L/o? x 100%
membership in %
I continuous 2500 sire model 100% 20%
I continuous 2500 sire model 100% 13%
I continuous 2500 sire model 50% 20%
v continuous 150 animal model 100% 20%
\Y% binary 2500 sire model 100% 20%
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ships of offspring of the same sire, convergence was very
slow or not attained, probably because of increased mul-
timodality of the posterior distribution in (A2.1). For
iteration with (16) and (17), a set of starting values ob-
tained by using techniques described by Hoeschele (1988)
was employed. Estimates of the major genotype frequen-
cies are presented in Table 1. With that particular set of
starting values, the estimates were quite close to the true
values, even for the small sample IV. The best estimates
were obtained from data set III with 50% known major
genotype membership.

Estimates of the major genotypic values are reported
in Table 2. For control, BLUE estimates for known geno-
type membership were also computed. The true displace-
ment effect: t = g, — g5 = 72.0 was estimated precisely by
BLUE, whereas with 100% unknown genotype member-
ship, t was underestimated by MAPE for about 17% ~
40%. With 50% unknown genotype membership, t was
only slightly underestimated.

Estimation of polygenic breeding values was evalu-
ated by comparing realized genetic response achieved
with fully unknown (MAPE) and fully known (BLUE)
major genotype membership. Realized genetic response
was computed as the mean true breeding value of the

Table 3. Realized genetic responses (i) from selection using
MAPE and BLUP estimates of polygenic effects and their em-
pirical standard errors sy

Method % of Data set?

candidates

selected 1 I

u Sy u Su

MAPE 10 6.42ms 1.85 12.34™ 191

20 4210 1.35 9.63™ 1.52
BLUP 10 7.09 1.51 10.57 1.81

20 5.79 1.37 7.62 1.50

2 Estimates are averages of 10 replicates per data set.
ns. Difference between MAPE and BLUP not significant at
a=0.05.

candidates selected according to MAPE and BLUP es-
timates. Table 3 shows that genetic response was reduced
by unknown genotype membershisp.

For data set I, estimates of p and g and mean true
breeding value of the 10% highest ranking sires obtained
from the solutions to (16) and (17) at convergence by
using different sets of starting values are presented in
Table 4. Estimates of the major genotype frequencies
were mostly affected by the choice of starting values. If
the starting values for p were far away from the true
values, so were the estimafes, and this, of course, also
influenced the estimates of g. Realized genetic response
was practically unaffected by the starting values. Hoe-
schele (1988) described techniques to obtain a set of start-
ing values for fully unknown genotype membership.

With data set I, variance components were estimated.
For the sirc model, true values were 62 =102 =314,
02* =262 +02=13472, and oy, = 500.0 Average es-
timates from (26), (28) and (31) were 02=65.3, 62* =
1366.0 and %, = 336.6, indicating that polygenic vari-
ance tends to be overestimated when major genotype
membership is fully unknown.

Two iterative schemes, (16) and Newton’s method,
were suggested to obtain estimates of location parame-
ters maximizing the posterior density. With data set I, the
set of starting values described by Hoeschele (1988) and
the stopping rule ./4’4|dim(6) <107, (16) required
12-20 (5-8) iterates. In 50% of the replicates, conver-
gence was not attained with Newton’s method because
iteration was stopped after round 30 or if the matrix
[— 8%F /0y 0y');%;m was not positive definite. Poor perfor-
mance of Newton’s method when mixture components
are not well separated has been reported by Titterington
et al. (1985).

Conclusions

The method proposed in this paper attempts to combine
aspects of mixed model methodology and complex segre-

Table 4. Effect of different sets of starting values on the MAPE estimates of the major genotype frequencies (p), effects (&) and realized

genetic response (1)

Starting values® o o o 8, g, 8, a

[1A, 24, 3A] 0.100 0.448 0.452 177.0 450.9 425.7 6.53
[1A, 2B, 3A} 0.035 0.461 0.504 486.8 455.7 426.6 6.53
[1A, 2C, 3A] 0.066 0.419 0.515 481.0 4543 4273 6.53
[1A, 2D, 3A] 0.342 0.347 0.311 462.5 439.6 421.5 6.53
[1B, 2A, 3A] 0.100 0418 0.482 4771 451.4 426.9 6.53
[1C, 2A, 3A] 0.100 0.609 0.291 4781 446.4 420.5 6.53
[1A, 2A, 3B] 0.082 0.427 0.490 478.6 452.8 426.7 6.53

s Triplet with starting values [p°, ¢°, (8, ¥)°]

1A: g% =[486.0, 450.0, 414.0], 1B: g% =[468.0, 450.0, 432.0], 1C: g% =[550.0, 450.0, 350.0],
2A: p% =[0.09, 0.42, 0.49], 2B: p® =[0.03, 0.43, 0.54], 2C: p% =[0.058, 0.388, 0.554], 2D: p%=[0.33, 0.33, 0.34],
3A: BLUP of u and BLUE of g ignoring the major genotype, 3B: §°=0, u®=0



gation analysis. The BLUE of g and BLUP of u (Hender-
son 1973) cannot be computed because parts of the X
matrix (relating elements in g and y) are unknown, and
the dispersion assumption var(y)=ZGZ’ + R known
with R = I 42 does not hold because of [4]. Complex seg-
regation analysis (Morton and McLean 1974; Bonney
1984, 1986) does not account for or distinguish separately
polygenic parameters and is computable only for small
pedigrees. Distinction between major locus and poly-
genic parameters and multitrait analyses are particularly
useful when major genotypic effects are beneficial on
some and harmful on other traits of interest.

Results of the simulation study indicate that the pro-
posed method can provide useful estimates of major locus
and polygenic parameters, although with fully unknown
genotype membership the precision of estimation is clear-
ly reduced and will deteriorate with a degree of domi-
nance not equal to 1/2 (implying the genotypic mean of
the heterozygote being closer to that of the dominant
homozygote) and a displacement effect smaller than con-
sidered here. Precision of estimation also depends on the
accuracy of approximating the marginal posterior means
of g, p and u considered as the best estimators (Gianola
et al. 1986) by their joint posterior mode. Multimodality
of the surface of the posterior distribution in (A 1.3), how-
ever, poses a difficult problem. The results obtained with
sire models (data sets I, I and III) suggest that it is
probably better to ignore dependencies between major
genotype memberships. As an alternative, one could con-
sider computing the marginal posterior mean E (8]y, a). If
the distribution of the data conditional on major geno-
type membership is normal, E(@|y,e) = ZE(@|I=K,y, o)
fI=K|y, o). Also, E(0|I=K,y,6) =0 is the vector of
solutions to the mixed model equations (Henderson
1973) given I =K, and f(I=K]y,s) would have to be
approximated by f(I =K|4,y, ), so that iteration would
be required. However, for application to large field data
sets as considered here, computation of E(8|y, ) is prob-
ably not feasible because of the large dimension of K and
the necessity to solve the mixed model equations many
times.

If the data are categorial with threshold character
(Falconer 1965), the likelihood function in (A 1.3) with
normal components is no longer adequate. Gianola and
Foulley (1983) and Foulley et al. (1987a) suggested a
method of estimating breeding values with categorial
data based on the polygenic model of inheritance. In their
approach, estimates of environmental and genetic effects
in a hypothetical normal scale are obtained by maxi-
mizing the posterior density proportional to a product
bi-, multinomial, or poisson likelihood and the normal
prior density in (7). This method was extended to mixed
major gene and polygenic inheritance by specifying the
likelihood as a mixture density of m bi- or multinomial
components. The posterior density was maximized with
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respect to the unknown effects by using Fisher’s scoring
or the Newton-Raphson procedure (Gianola and Foulley
1983). However, the bad performance of these algorithms
experienced with continuous data was observed with cat-
egorial data (data set V) and fully unknown major geno-
type membership to an even larger extent. In the majority
of trials, convergence was extremely slow or was not
achieved because of a nonpositive definite inverted coeffi-
cient matrix. These difficulties probably could be over-
come by using alternative algorithms such as the method
of steepest descent or robust nonlinear regression algo-
rithms (Kennedy and Gentle 1980).

For continuous data, the method assumes that the
data are normally distributed conditionally on genotype
membership and the parameters. Departures from nor-
mality would require transformations such as the Box-
Cox approach or estimation of the power transformation
(Gianola et al. 1988). Analysis of field-collected data re-
quires adjusting for a large number of environmental
differences, nonadditive genetic effects and selection. This
can be achieved by an appropriate choice of the mixed
model in (1) and by making inferences from a posterior
distribution under certain conditions unaffected by selec-
tion (Gianola and Fernando 1986). In this situation, the
proposed method and approaches suggested by Hoes-
chele (1988) may be potentially useful for discriminating
between purely polygenic and mixed major gene and
polygenic inheritance and for estimating genetic parame-
ters and breeding values under fully or partly unknown
genotype membership.
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Appendix 1

Consider a vector y that consists only of records on one
unrelated sire-dam pair (yg, yp) and their ng, progeny

(yl""’ynsp):
h(YS’ Y¥o» yl""’Ynsnlospo-ez)
=2 2 2f(g=ks,Ip=kp,Isp=Ksp,¥s,¥p,
ks=1 kp=1 Ksp
Y1""aYnSD|070-3 (Ail)

with Igp = Kgpy standing for I, =k, ...,I,_ =k, _ . Based
on the assumptions stated, the density in the right-hand
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side of (A 1.1) becomes
f(Is=Xks, ¥s, Ip=kp, ¥p, Isp = Ksp, Y155 Yngp | 0 a?)
=f(ys10,02) {(yp]0,02) f(Is=ks| ys) f(Ip = kp| yp)
f(lsp = Kgp|Is=ks, Ip =kp)
'f(YU‘"JYnSD'ISD: Ksp. 0, O'ez)-

Using this and (5) in (A 1.1) gives, after rearrangement

h(YSa Ypb> Y1:---,YnSD|0,P,Ue2)

= ¥ p(s=ks)f(ys|Is=ks, 6,02)

ks=1

- 2 plp=kp) f(ypl|lp =kp, 0,03)

kp=1

LYY (pls=

ks=1 kp=1

kslys) p(Ip =kplyp)

nsp m

‘T1 Z p(i=k;|Is=ks, Ip =kp) f(y:|I;=k;,0,07)}

i=1 k=1
where {.} indicates nested summation. (A12)
If all individuals appearing as parents but not as
progeny in the data are unrelated, (A 1.2) generalizes to
(A1.3):

h(y|0,p,a7)

Ns m
=11 X p(IS=k)f(ys|IS=k,0,ae2)

S=1 k=1
Np m
11 ZpIp=Kf(ypllp=k0,02)
D=1 k=1
Ns Np
I {H ps=Xks|ys) T1 p(Ip =kp|yp)
Ks Kp (S5=1 D=1

Np m
. ];[1 kglp(li = ki | IS(i) = kS(i)ﬂ ID(i) = kD(i))

-f(inIi=ki,0,03} (A1.3)

where Ng, N, and N, are the numbers of sires, dams and
progeny, respectively, Sy, [D;] denotes the sire [dam] of
the k™ progeny, the p(l;=k;| Ly =ks@s Iy =kpg)
values are known constants found in the genetic transi-
tion matrix (Elston and Stewart 1971), and {.} again
indicates nested summation. In particular cases, some of
which are shown in Appendix 2, the general likelihood
(A 1.3) can be simplified.

Appendix 2

1) Sire model with N, records available only on proge-
ny of sire S assuming each offspring has a different dam.

h,(y|0,62)= T_Il kzl{p(ls=ks) (A21)
Npsy m 5
11 kzlp(li:ki]IS(i)=kS(i))f(Yi|Ii=kiaosae .

An approximation to (A 2.1) would be to pretend that the
probabilities of major genotype memberships of individ-
uals having the same sire are independent:

Np m
hy (y16,p,07) = I 2=l flilli=k8, 0?). (A22)

2) Records are available on parents and N progeny, each
sire is mated only to one dam, and N matings produce
only one offspring each.

h2(y|07p5 63)

N m
= > p(s=K) f(ys|ls =k, 0,02
S=1 k=1
N m
T1 3 pllo =D fGol1p =10.02) (A23)
N m m m
1_[1 Z |: Zl 1le(lsu) = k'YS(i)) Pps =UYpw)

-pi= r|Igq = k, ID(i)zl):| f(yi|L;=1,0, 0'3)-

3) As (2), but each of N matings can produce several (N;)
offspring.

h3(y|09p7o-e2)
N m
=11 X pUs=k f(yslk 0,02
S=1 k=1
N m
' l—I Zp(IDzl)f(YDllD:L 0’0-&2)
D=1 1=1

N m
s

N; m
-I1 X p(Iij:rIIS(i)=k5 ID(i)zl) f(Yi5|Iij= r,0,63)].
j=1r=1

(A2.4)

p(IS(i) =k| Ysu)) p (ID(i) =1 yD(i))

~-Ms

4) Records are available on parents and progeny, dams
have one offspring and are nested within sires.

h4(Y|0’p96e2)

N m
=11 X p(s=kf(yslls=k,0,07)
§=1 k=1

I

Np m

-TT ZpUp=Df(ypllp=10,02) (A23)
D=11=1

Ns

Il

m Np(s)
: Y pUs=kly) TI
S=1 (k=1

i=D=1

[ﬁ 3 p(p=11yp)

r=11=1
p=r|lg=k, ID=1)]f(yi|Ii=r,0,af)}.

Appendix 3
First derivatives of log (A 2.1)

a 2
@IOghl (y'03psae)

Ns Npis)y m

=23 ¥ XpUg=rly)(ys—

S=1i=1r=1

(A3.)

A’Si,ro) GevaSi,r
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where
Npsry m
p(Is=k) Zp(ISi=r|IS=k)f(YSiIISi=rsoaas)p(ISi=r|IS=k)f(YSiIISi=r’6a03)
m i=1 r=1
pg=rly)= ; - Nom m -
k=t Splds=k Il XpUs=rl|lsg=k) f(YSi|ISi=r,090'§) le(ISi=r|Is=k) f(YSi|ISi=rao;a§)
k=1 i=1 r=1 r=
and 4g; , = [W;: Xg 25 (A3.2)
First derivatives of log (A 2.2):
) N m _
—logh,(y|0,p,62) = ¥ T pLi=kly)(y;—4i0) 0. > 4y (A3.3)
o0 i=1 k=1
where

Ns I, =k f(@y|L,=k 0,02
N=3N,s and p(,=kly) =— p( ) (0l ) (A34)
S=1

3 P =k [T, =k 6,07)
k=1

First derivatives of log (A 2.3):

a N m , -
6—010gh2(yI0,p,63) Z ZP(Is=k|Y)(Ys“ASk0)‘T 2ASk +DZ lZIP(ID-—HY)(YD ADIB)anADl
N m
+ 2 EZP(I =r1|y)(y; — 4;,0) 0. > 4;, (A3.5)

n
-

where

oLy — PAs=WIOsIL=k0,03) 36

kglp (IS = k) f(Ys' IS = ka 05 0.3)

pp =1]y) is defined analogously, and
m m I;=k Ip=1 L=r|=kI,=)f(y]|];=r,80,c>
p(Ii=r|y)=El 1_2 _ p(: 1ys)p(Ip =1{yp) p; =r1|Is p=D 1yl ;) (A37)
DI le(ls—kl}’s)p(lb—IIYD)P(I =1|ls=k I =) iyl =100

r=1 k=11

First derivatives of log (A 2.4):

a N N; m
3g.08h: (10, p.0 al)=.. -+~~-+_Z1 -21 le(lij=r'Y)(Yij 4;5,0)07 % 45, (A3.8)
i=1 j=1r=

where the first two parts are as in (A 3.5), and

p(lijzrly) p(IS(l)_k‘YS(x))p(IDU)_1|YD(1))|:].—.[ Zpr klf(YHII., rsa’ag)]pr.klf(),ijllij=r,0a6e2)
m m j=1r=1
k=1 121 m m Ny m m
kZI 121 [p(IS(i)=k‘YS(i))p(ID(i) =1‘yD(i))|j'l_I1 ler.klf(yijllij =r,0, 03):‘ ler.klf(Yijllij =r,0, Uez)]
=1 1= j=11= i=
(A39)

with p, = p;=rllsn=kIpz=D.

First derivatives of (A2.5):

Ns Npgs

0 m
" logh,(y10,p,03) =.. 4.+ 3 > S pI=ry)y,— 4,004, (A3.10)

o0 8=1i=D=1r=1
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where

Np(s) m m
pIs=klys) T X ZP(ID=1|YD)pr.klf(Yi|Ii=r70,03)

i=D=1 I=1r=1

pli=rtly)= ¥

k=1

i=D=11=1 r=

- pUp=1¥p) Pr.ia f(yil Li=1,0,07)
f=1 m

1=1r=1

> p(ID=IIYD)pr.kIf(YiIIi=r’0aan)

m Npy m m
kglp(lszkb’s) > X 1P(ID=IIYD) Peaf(yilL=1,0,02)

(A3.11)

A suitable expression for p (Ig=k|ys) and p(Ip =1|yp) required in (A 3.7), (A 3.9) and (A 3.11) is that obtained in (A 3.6).
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