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ABSTRACT

GENETIC ASSESSMENT OF BIOLOGICAL MERIT IN CATTLE

By

Just Jensen

The goal of this work was the construction of a total merit
selection criterion for use in cattle populations. The topics
addressed relate to estimation of genetic parameters, the genetics of
beef production and its energetic efficiency, and between and within
breed genetic parameters for dairy production and calving traits.

The estimation of genetic parameters from large populations poses
severe computing problems. Algorithms that reduce the computer
resources needed were reviewed. Strategies for sampling data from
populations undergoing selection were compared using a model of
breeding events in cattle populations. Genetic parameters estimated
using recent data only were unbiased if all relationships between
animals were taken into account.

Genetic parameters of beef production and its energetic efficiency
were estimated in an experiment with 650 calves from 31 sires. No
interactions between sire and proportion of roughage in the diet were

found. Daily gain was negatively correlated with feed conversion

ratio, but positively correlated with daily feed intake.



Residual intake and partial requirements for productive and
nonproductive use of energy were estimated for each bull. There was
considerable genetic variation in residual intake and partial energy
requirement for both productive and nonproductive use of energy.
Consideration of body composition had no significant influence on
residual intake. Feed conversion ratio and partial energy requirements
were phenotypically uncorrelated to body composition. Selection for
leaner animals would increase partial energy requirements. Milk
production had a positive genetic correlation to daily gain and
nonproductive use of energy, but was not correlated with appetite of
the growing bull.

The effect of immigration of Brown Swiss genes into the Red Dane
population on dairy production and calving traits were estimated from
data on 170,166 cows. Heterosis was 7.1 to 7.7% for production traits.
Brown Swiss were 2.6 to 6.2% inferior to Red Dane. Heterosis effects
for calving traits were small compared to additive breed differences.

Genetic improvement of calving traits was possible. Dairy
production was not genetically correlated with maternal effects on
calving traits but had antagonistic correlations to direct effects on

calving traits.
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INTRODUCTION

Selection of parents of the next generation of animals is the tool
that has been used for the genetic improvement of cattle populations.
The goal of selection is to ensure that future animals will outperform
the current animals in production.

There are several alternative breeding schemes that can accomplish
a set of defined breeding goals, but in order to choose the most
efficient one, alternative schemes must be compared. Stochastic
modeling, which simulates real events is a useful tool in comparing
breeding schemes. Also, data generated from stochastic models can be
used to test the properties of statistical models and methods used in
estimation of genetic parameters.

Crossbreeding or immigration of genes have been popular for
genetic improvement in many European dual purpose and dairy cattle
breeds. In Danish Red Cattle genes have been imported from the Brown
Swiss breed. Data have been accumulated that makes it possible to
evaluate the impact of crossbreeding in terms of, additive genetic and
heterotic effects.

Efficiency, defined as either economic efficiency or biological
efficiency has received increased attention in recent years as a
desirable selection goal in cattle. However, maximizing efficiency of
producing dairy and beef products is not necessarily the same as
maximizing the output of milk and beef per animal or production unit.
A major obstacle in selection for biological efficiency is that it
requires measures of feed intake. Such measures are expensive or

impossible to obtain on a large scale under commercial conditions.



Intake and other measures for efficiency may be possible in dual
purpose populations, however, since relatively few animals are
performance tested for beef production. Selection for biological
efficiency may therefore be incorporated in the performance test, if
efficiency can be measured on the young bull, and is genetically
related to overall biological efficiency of males and females in the
production system.

Efficiency of whatever trait is a ratio of output to input.
Groups of traits other than dairy and beef traits, that are related to
economic merit, may be calving traits, fertility, and type or
management traits.

In order to make selection decisions based on many traits
simultaneously, information on these traits must be combined into an
overall index for economic merit. This means that each trait should
have assigned a weight according to its importance relative to the
overall economic merit. Determination of such weights requires
extensive economic analysis and long term projection of the dairy and
beef production enterprises and also requires knowledge of biological
parameters of the underlying genetics of the traits of interest. Such
biological knowledge, especially relationships among traits of
different groups, is not available. Therefore, the first step in a
study of economic merit should be to obtain such biological
information, while deferring economic considerations.

Knowledge of genetic parameters are also necessary in predicting
the results of various breeding programs. Selection decisions made

today have their main impact several years in the future. It is



therefore important to be able to predict genetic changes accurately
and study alternatives before implementation. Since exact knowledge of
genetic parameters is not possible in reality, they must be estimated.
Most of the data available for such estimation are field data. There
are several problems in the estimation of genetic parameters from field
data that need to be addressed.

The improvement of beef traits in dual purpose populations relies
mainly on tests of future artificial insemination bulls based on their
own performance. Bulls selected after the performance test would then
be tested for breeding value for milk production based on a progeny
test. Those bulls would have daughters producing in commercial herds.
These daughters would be measured for all other traits of interest.
Selection occurs both after the performance test for beef production
and after progeny test for dairy production. The very best bulls are
selected as sires of the next batch of bulls to be performance tested.
The use of field data from populations undergone such a selection
scheme can potentially cause bias in estimates of genetic parameters.
The current method of choice for the estimation of genetic parameters
is restricted maximum likelihood (REML) due to the desirable
statistical properties of this method. 1In order to account for biases
due to selection, all data that led to the current population should
ideally be included in the analysis. Use of all data on several traits
in REML estimation often leads to models that require amounts of
computation that cannot be done with current computers. It is
therefore necessary to develop strategies for sampling of data for use

in analyses. This sampling should be done in such a way that resulting



models are computationally manageable and biases in estimates is
minimized.

This thesis is organized in eight chapters covering three main
topics. The first topic is computation algorithms and data sampling in
alleviating computation difficulties in the estimation of genetic
parameters. The second topic relates to beef production and its
biological efficiency and the genetic relationships between these
traits measured on the growing young bulls and the dairy production of
female relatives. The third topic deals with estimation of
crossbreeding effects and genetic parameters on dairy production and
calving performance in a population importing genetic material.

Chapter 1 reviews transformation algorithms in the estimation of
genetic parameters in a class of single and multiple trait models.
Chapter 2 describes a stochastic model which simulates breeding events
in dual purpose and dairy populations. The model was used in Chapter 3
for the purpose of generating data used to compare different strategies
of data sampling for the estimation of genetic parameters in
populations undergoing selection.

Chapter 4, 5, and 6 reports on an experiment designed to study 1)
the possibility of including selection for energy efficiency in the
performance testing of young bulls, 2) alternative expressions for
energy efficiency of growing young bulls, and 3) the relationships of
beef characteristics in growing young bulls with the dairy production
of female halfsibs.

In Chapter 7, between breed additive genetic and heterotic effects

on dairy production and calving traits is reported. Chapter 8 presents



genetic parameters of dairy production and calving traits.



CHAPTER 1

Transformation Algorithms in Analysis of Single Trait
and of Multitrait Models With Equal Design Matrices

and One Random Factor per Trait: A Review



Introduction

Estimation of (co)variance components by use of restricted maximum
likelihood (REML) methods as proposed by Patterson and Thompson (1971)
has become increasingly popular due to its desirable statistical
properties. However, it often requires heavy computing due to its
iterative nature and the need for inverting one or more large matrices
in each iteration round. Several algorithms for obtaining REML
estimates of (co)variance components exist, but the expectation
maximization (EM) algorithm (Dempster et al. 1977) has been most
frequently used due to the relative ease of programming required, and
expressions that are intuitively easy to understand. Unfortunately,
the EM algorithm in general converges slowly. Several suggestions have
been made to speed up convergence such as the common intercept approach
(Schaeffer, 1979) or nonlinear adjustment (Misztal and Schaeffer,
1986). However, application of these techniques in multitrait models
is unclear, because more parameters usually must be estimated than in
single trait models. Also, the convergence rate generally decreases as
the number of parameters to be estimated increases.

Other algorithms for REML estimation of (co)variance components
such as Fisher scoring (Patterson and Thompson, 1971), Newton Raphson
(Jennrich and Sampson, 1976) or a procedure developed in principle by
Anderson (1973) and used by Meyer (1985) generally converge in fewer
rounds, but each round requires more computation and more complex
programming than the EM algorithm. In order to avoid inverting large

matrices, an algorithm for single trait models developed by Smith



(1986) and Graser et al. (1987) maximizes the likelihood function
directly using a grid search. For multitrait models, maximization of
the likelihood function directly becomes more complicated. Yet another
approach has been the use of transformations applied to different
elements in the EM algorithm. For a large class of models these
transformations offer an alternative that drastically reduce the
computational requirements of the EM algorithm.

The purpose of this paper is to review recent developments in the
use of transformation algorithms in single and multiple trait models
with equal design matrices. The model is assumed to contain only one
random factor per trait. The models studied represent a limited subset
of all possible multitrait models, but a large proportion of the models
usually used in single trait analysis. The single trait analysis will

be presented as a special case of the multitrait analysis.

Models

Let Y be a nxt matrix of observations on n individuals each with

records on t traits. Now, let the model for the ith

h

trait, i.e., the
it column in Y, be

yi -Xbi + Zui + ei

where b; is a fxl vector of fixed effects, u; is a qxl vector of random
effects, X and Z are known matrices relating observations in y; to
classes in bi and uy; and ey is a nxl vector of random residuals. The
model for all t traits simultaneously would then be:

y = (IC*X)b + (It*Z)u + e
where y = vec Y, "*" denotes the direct product operation (Searle,

1982),



b’ = [bi, bé,...,bél,
u' = [ui, ué,...,ué], and
e' = [ei, eé,...,eé].

The expectations, E(), and (co)variances matrices, V(), are

E(y) = (I.*X)b, E(u) = 0, E(e) = O,

V(y) = G*ZAZ' + R*I; V(u) = G*A; and V(e) = R¥I
where G and R are (co)variances matrices of the t traits for the random
factor and the residual, respectively, and A is the numerator
relationship matrix for elements in u;. Under these assumptions the
mixed model equations that would yield the best linear unbiased
estimator (BLUE) of the fixed effects and the best linear unbiased
predictor (BLUP) of the random effects can be written as (Henderson,

1973):

R°Lexrx R lxxez 6 (R Lxx')y
R Ixz'x R lsz'z + g lxal 4 (R"1xz')y
(1]
As in practice, (co)variances are unknown, G and R in [1] contain a
priori estimates.

Let C, a generalized inverse of the coefficient matrix in [1], be
partitioned by denoting the ijth submatrix of C corresponding to the
10 ang jth subvectors of u as cij.

Utilizing expressions by Dempster et al. (1977), the EM algorithm
to estimate the ijth element in G and R are:

Bij(ke1) = 18Eq0A 8500 + ErAT 0151001/ (2]

Bije1) = [8ir)8y(k) * 5 (Byj(ky)1/n 03]
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for the kth round of iteration, where Bij is the submatrix of WCW’
corresponding to the ijth pair of traits, where W = [X$2]. These
expressions are due to Henderson (1984), and correspond to the REML
estimators given by Patterson and Thompson (1971) and Harville (1977)
but extended to multiple traits.

In estimation of (co)variance components or in prediction of the
random elements in u, we are not interested in solutions for the fixed
effects. Therefore, the equations in [1] corresponding to fixed
effects can be absorbed to give

(R°1sxz'Mz + ¢ l2a 1)y = (R 1sz'M)y (4]
where M = I - X(X'X) X' is a projection matrix. In cases where X
describes more than one classification factor or includes covariates,
it can typically be partitioned as X = [X1 5 X2] such that Xixl is
diagonal and thus can be absorbed easily. Equations corresponding to
X, must then be absorbed either as a block or generally easier by using
Gaussian elimination or sweeping operations (Dempster, 1969, Goodnight,

1978). A detailed [4] denoting parts by t traits is

_ T .-
rllzimz + gllal  (12zvMz + gl24°1 oo ltzimz 4 gltatl 8,
r2lzemz + g2la"l  22z20mz 4 g22471 ... p2tzimz 4 g2%ac1 a,
rtlzomz + gtla'l P22z 4+ gt2471 ool cttzimz 4 gttacl 8 |

L . L

rIIZ'Hyl + r122'Hy2 + v+ rltZ'Hyt
r2lz'my) + £222'My, + oo o+ r2t20my,
= [5]

rflzimy, + r220my, 4 oo o4 ett2omy,
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where rld and gij are the 1jth elements of R™! and G'l, respectively.
Simplifications of the EM-REML estimators in [2] and [3] are
possible in many cases:
1) If the individuals in u are unrelated, then A = I, and [2] becomes
Bijaen) = Biaoyao * t7Cya0)1/9
2) If there is only one trait in the analysis (single trait analysis)
the (co)variance matrices G and R are scalars. The computations
necessary to evaluate [3] reduce to:
tr(Byy) = r(X) + q - a tr[(2'MZ + aa"1)71] 6]
and é'é = yjy, - 6'2'My - 4'2'My - ol’'@ (7]
where r(X) is the column rank of X and a = rll/gll' Proof of
equation [6] can be found in Schaeffer (1983), and equation [7] is due

to Thompson (1969).

Transformation Algorithms
Canonical Transformation

It is clear from [5]) that if covariances were zero, the multitrait
analysis would split into t single trait analyses. The purpose of the
canonical transformation is to obtain a set of canonical variates,
between which, all covariances are zero, without loss of any
information contained in the original variables.

Let data for the jth individual observation be arranged in a txl
vector yj, and let P = G + R be the phenotypic (co)variance matrix,
V(yj) = P. 1f a linear transformation on Yy is performed with a
transformation matrix Q, i.e., ycj - Qyj; then:

V(ch) = Q(P)Q’ = Q(G + R)Q’ = QGQ' + QRQ’

-G, +R, (8]
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where subscript c denotes canonical scale hereonafter.

If Q is chosen such that Gc is diagonal and Rc - It' the variables
in Ycy are called canonical variates which have unit residual variances
and are uncorrelated. Such a transformation was first suggested for
animal breeding problems by Thompson (1976) and has been applied to
practical animal breeding data in several publications (Arnason, 1982,
Krnason, 1984, Taylor et al., 1985, Schaeffer, 1986 and Meyer et al.,
1987).

The diagonal elements of G, are the eigenvalues of RG™! and Q is
the matrix of corresponding eigenvectors. The matrix R¢'! is generally
not symmetric, which complicates the calculation of eigenvalues and
eigenvectors. Schaeffer (1986) gave an alternative method of computing
Q which only involves obtaining eigenvalues and eigenvectors of
symmetric matrices.

After transformation to the canonical scale, the mixed model
equations in [5] contain t diagonal blocks corresponding to the t
canonical variates. The equations for the 1P block are:

[z'Mz + A;taTlia ;- 2'my (9]
where Ay is the ith diagonal element of G,. Expressions for estimating
the variances now reduce to the single trait form. Formulas for
estimating the covariances reduce to crossproducts of the solution
vectors and the residuals. At convergence such crossproducts are
expected to be zero. Let

C. = (z'Mz + A;la™h L
Then, for the (k+l)th round of iteration, estimators of the elements in

Gc are:
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Beit(kel) = 1824A7 18y + era e 1/q (10]

Beij (el = 1824A71841/a, for i4] [11]
and those in R are:

f'cii(k+1) = [ééiéci +r(X) +q - Ail tr(A'lcc)]/n (12]

Beijrel) = [8248cy)/n, for if] [13]
where ééiécj - yéiﬂycj - ﬁéiZ'Hycj - Aiﬁéiﬁcj' for all i and j.

The estimation of the covariances is much simplified, because the
traces in [2] or [3] for that case reduce to zero due to the block
diagonal structure of the multitrait mixed model equations on the
canonical scale.

The (co)variance estimates on the canonical scale are in éc and

A

R., which must be transformed back to the original scale by:

c’

Gty = @7 1607T (14]
and Reke1y = O 1RQT (15]
where Q'1 is the transpose of Q'l. In practice 6 and ﬁ may be very
close to positive semi-definite of the conclusion of an iteration.
However, they can be very close to, but never be positive semi-
definite.

The new estimates of G and R are then used to obtain a new Q
transformation matrix and a new G,, the diagonal matrix of
corresponding eigenvalues, so the process from [9] through [15] can be
iterated until a convergence criterion is met.

This procedure yields the same results as the straightforward
multitrait estimators in [3] and [4], and a proof of such equivalence

was given in principle by Meyer (1985).

Other algorithms that incorporate the canonical transformation in
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REML procedures for estimating the (co)variance matrices G and R have
been presented by Meyer (1985) and Schaeffer (1985). The algorithm by
the latter author estimated only the genetic and residual variances on
the canonical scale. The variance estimates at convergence were then
backtransformed to obtain both variances and covariances on the
original scale by use of the inverse of the initial Q transformation
matrix. Such a procedure would generally yield estimates that are
dependent on the initial values chosen for G and R, Buttazzoni and Mao,
(1987, unpublished results). Meyer (1985) showed another algorithm
which estimate the off-diagonal elements of G, and R, and utilize a new
Q in each round of the interation process. She also used an
alternative algorithm given in principle by Andersen (1973), mainly to
speed up convergence. However, it requires the inversion and storing
of t gqxq matrices in each iteration so the procedure tends to be

computationally demanding.

"Cholesky" Transformation
After canonical transformation, a multitrait analysis of t traits
can be accomplished by t separate single trait analyses.
The model for the itM canonical variate could be written as:
Yei = Xboqy + Zu gy + ey [16]
The (co)variance matrices of the random vectors are
V(uci) - A and V(eci) - In’
Further we have Cov(eci,ecj) = 0 and Cov(“ci'“cj) =0, i.e.,
residual variances are unity and all covariances between traits are

zero. The goal of the "Cholesky" transformation is to diagonalize
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v(“ci)' To do so, the relationship matrix is decomposed such that A =
LL’, where L is a lower triangular positive definite matrix and !l -
I. The model [16] is rewritten as:
Yei = Xby + ZLL'luci + ey
- Xbyy + 2ZYuyy + ey [17]
1

* -
where Z = ZL, and Uil ™ L

i u.i, and subscript 1 denotes "Cholesky"

scale.
The variance of Ui is

V(ugpp) = VLl ) = L togan T

- Ain. (18]
The mixed model equations for the it canonical variate after
absorption of fixed effects are now:
*, % leya *,

The quadratic and bilinear forms used in the estimation of
(co)variance components [10] through [15] are in principle not altered
by the "Cholesky" transformation but computations in each round become
easier. This is illustrated by the following:

82149014 - GciL-TL-lacj - GéiA-lﬁcj (20]
ﬁé1iz*'“ch - ﬁ'L'TL'z'nycj - 452Uy (21]
eraley) = er(a lz'mz + ajlalyly

- er(L T Y(z'Mz + AilA‘l)'ll

- tr(L l(zmz + a1y 1 LTy

- tr{(L'z'MzL + AjlLatlny 1)

- tr{(z*'Mz* + A7) "1, [22]

The computational advantage of the "Cholesky" transformation is,

therefore, that A°1 drops out of the expressions used in estimating the
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elements of G and R (Meyer, 1987). This can also be seen in [20],
[21], and [22]. Thus, the inverse of A no longer needs to be computed
and stored. The matrix L can easily be computed from a list of
pedigree information following rules given by Henderson (1976) and
Quaas (1976). As shown by Meyer (1987), L can be processed one column
at a time, overwriting the original arrays. The use of the "Cholesky"
transformation of the solution vectors in [17] was first suggested for
animal breeding problems by Smith (1986) and by Smith and Graser

(1986).

Householder transformation
In order to evaluate the traces in [22], a matrix of order qxq
would still need to be inverted for each trait in each round of the
iteration process. To ease the computational burden in obtaining these
inverses, Dempster et al. (1984) suggested the unique spectral
factorization of the coefficient matrix. Let the coefficient matrix in
[19] be [H + AiII] then the unique spectral factorization of H is
H - PDP’ [23]
where D is a diagonal matrix with the eigenvalues of H as diagonal
elements and P is the matrix of corresponding normalized mutually
orthogonal eigenvectors of H, i.e., P’ = P'l. Hence, P'HP = D is an
orthogonal similarity transformation of H into D.
By applying this transformation to the coefficient matrix in [19]
we get:
P'[H + A;11]P = [D + a;l1) [24]
The coefficient matrix is now diagonal. However, finding the

eigenvalues and eigenvectors of a large matrix can be computationally
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very demanding, and as shown by Smith and Graser (1986) not necessary.
A series of q-2 Householder transformations (Householder, 1958) is a
less demanding alternative, and is usually an initial step in finding
eigenvalues and eigenvectors. A description of the Householder
transformation can be found in most textbooks on linear algebra.
Programs for performing the transformation are available on all
reasonably equipped computer installations. Computing algorithms can
be found in textbooks on numerical analysis such as Kennedy and Gentle
(1980) or Stoer and Bulisch (1980). Other advantages of the
Householder transformation are that it is numerically stable and can be
employed on matrices too large to store in computer memory (Hansen and
Lawson, 1969).

Let P be the product of q-2 Householder transformation matrices.
Then P'P = PP' = I, i.e., P is orthogonal. The idea of the Householder
transformation is to choose a matrix, P, such that by premultiplying by
P’ on both sides of the equation in [19]:

Pr(2*Mz* + ajlr)pRa )y = PrZ¥ My

or [T + A; )6, = B'2" My [25]
the resulting T = P'z¥'M2*P is symmetric and tridiagonal and ﬁclhi -
P'ﬁcli' where subscript h denotes Householder scale. The estimates of
G. and R, can now be computed using [10] through [15] but with ﬁci
being replaced by Q.y};, Z'My 4 by P'Z*'Hyci, and tr(A'lc) by tr[(T +
aln-1y,

Once T is found, the equation system in [25] can be solved in
linear time by Gaussian elimination. The expression tr[(T + A'}I)'ll

can be computed in linear time by the following recursion formulas, as
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shown by Smith and Graser (1985) who attributes the derivation to R.L.
Quaas:

er[(T + At - 2wy
where W] = t11, d = ti1» and u = tzl/d, for 1 = 1, [26]
and for i>1, d = tig - ti(i-l) u,

wi o= (1 + ti(i-l) u w(i-l))/d'

and u = tii/d' [27]
where tij is the ijth element of (T + Aill). Smith and Graser (1985)
also showed that the evaluation of tr[(T + Ai11)°1] can be incorporated
easily into an algorithm for solving [25] by Gaussian elimination so
that solutions and traces can be obtained in linear time.

The tridiagonal matrix T needs to be found only once no matter how
many traits are included in the analysis or how many iterations are
needed to obtain convergence of the (co)variance estimates.

The proof that the quadratic and bilinear forms and the traces
calculated on this new scale are the same as if they were calculated on
the canonical scale directly follows the same logical steps as the
proof that the "Cholesky" transformation did not alter these
quantities. Smith and Graser (1985) also proved this for the

Householder transformation directly.

Application of transformation in single trait analysis
The mixed model equations for a single trait analysis
corresponding to [19] are
(z¥'Mz* + al]G - Z'My (28]

where a = ag/aﬁ. If we let C = (Z*'HZ* + aI)'l, then the EM-REML
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estimates of the variances are:

02 (ke1y = 1878 + 021y tr(©)1/q [29]
o2 ke1y = (878 + 62y (x(@) + q - atr(c)I/n [30]
where 'é = y'My - 'Z*'My - afi'd [31)

The only difference in [29] and [30] from [2] and [3] is the appearance
of ag(k), since this was factored out of the single trait mixed model
equations in [28]. If A = 1I, z* reduces to Z. Instead of iterating
from (28] through [31], a better alternative would be to apply the
Householder transformation on [28] so that solutions and traces can be

obtained in linear time.

Backtransformation

At convergence the estimates of G, and R, are transformed back to
the original scale using [14] and [15]. The solutions to the
tridiagonal systems in [28] can be backtransformed to the original
scale using a two-step procedure:

1. To undo the Householder and the "Cholesky" transformation,
multitrait solutions from [25], or single trait solutions from [28],
are premultiplied by the inverse of the transformation matrices, L}
from (17) and P’ from [25]:

Uei = LP Ucppy (32]
where a " " superscript denotes a solution obtained at convergence.
The corresponding prediction error variances estimated as if parameter
(co)variances were known are computed as (Jensen and Mao, 1987):

V(ugg - Ggy) = LP[T + A;l1) lernr = ¢y (33
The inverse of [T + Aill] can be obtained with minimal computational

effort (Smith and Graser, 1986). The diagonal elements in cii and Gci
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will be used in the next step.

2. Solutions on the canonical scale are backtransformed to the
original scale: Let the solutions for the jth individual be arranged
in a txl vector ﬁcj and the corresponding estimated prediction error
variances in a txt diagonal matrix Cj.

Then §5 = Q (kydje [34]
and V(uy - ) = Q(k) €5Q (k) [35]
The solutions contained in ﬁj at convergence are not BLUP, but in the
case where the (co)variance matrices are unknown, they are the best
approximations when uncertainty about fixed effects and the unknown

variances are taken into account (Gianola et al., 1986).

Numerical Example

This numerical example demonstrates the equivalence of the
straight-forward multitrait approach and the multitrait approach that
uses the three transformations.

Consider the data in Table 1, which is a modified subset of data
used by Meyer (1986). The same starting parameters were also used
here:

c - |12 9 and R = |160 75

9 10 75 140

The three sires were assumed to be related according to the following

relationship matrix:
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A - 1.00 0.25 0.25

0.25 1.00 0.50

0.25 0.50 1.00

Table 1.
Data used in numerical example?.
Sire 1 Sire 2 Sire 3
Trait 1 2 1 2 1 2
Herd 1 106 31 115 40 127 51%
120 49*
129 60*
145 59
Herd 2 105 21 109 30
120 50 121 48
98 32 132 55
111 48
117 29
101 22
Herd 3 132 53 137 49
117 41 139 67
129 49 131 44
125 55
119 37

8pata consist of paired subset of data used by Meyer (1986) with two
modifications. Observations marked = were moved from herd 3 and all
records for trait 2 were reduced by 100.
The solutions to the usual multiple trait mixed model equations
from (1) are:
6’ = [122.337, 113.961, 127.393, 47.163, 38.3732, 48.2362],
and 4’ = [-2.20238, 0.52125, 2.41526, -2.00205, 0.551105, 2.1183].
First round estimates of G and R using [2] and [3] are, respectively,
15.0460 11.7839 N 106.4670 81.6079

6 - and R
1 l) =
L 11.7839 12.3598 1) 81.6079 120.7820
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These values would then be used in [1] and the process iterated until
convergence.

The matrix Q computed from the initial values of G and R and used
to transform the data into the canonical scale for the first round of

the iteration process was:

Q- 0.048206 0.0459666

-0.0776011 0.0861689

with G. - | 0.0889006 0

0 0.0261515

The Cholesky decomposition of the relationship matrix is:

r -

L - 1.0 0 0
0.25 0.968246 0

0.25 0.451848 0.856349

-

The matrix z*'Mz* is:

z¥'uz* - 1.59375 -1.79932 -0.428174

-1.79932 2.84514 -0.866008

-0.428174 -0.866008 2.35278

In this case, only the elements (3, 1) and (1, 3) with the value -
0.428174 need to be annihilated by the Householder transformation in
order to tridiagonalize the above matrix. The corresponding P matrix

is
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P - 1 0 0
0 -0.972835 -0.231500

0 -0.23150 0.972835

In practice the matrix P would not be computed. Instead, vector valued
functions of q-2 individual transformation matrices should be computed
and stored. These vectors can be stored as q columns in a triangular
gxq matrix.

After applying the Householder transformation we obtain:

1.59375 1.84957 0
T = | 1.84957 2.42868 0.88407

0 0.88407 2.76923

The mixed model equations for the first canonical variate shown in [25]

are:

[ 1T 1 [
12.8423 1.84957 0 ell -2.83947

0>

0>

1.84957  13.6772 0.88407 c12 | = | -2.34557

0>

0 0.88407 14.0177

13 2.97471

which have solutions
§é1 = [-0.198195 - 0.159058 0.222242].
The solutions for the second variate is:
§é2 = [-0.0016072 -0.00532212 -0.0108284]
The corresponding traces of the inverse coefficient matrices for the
first and second variates are 0.225935 and 0.0742087, respectively. So

the first round estimates of Gc and Rc become, respectively,
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Gc(l) - 0.113302 -0.00041382 , and Rc(l) = | 0.864277 0.126558

-0.00041382 0.0247856 0.126558  0.446563

Backtransformation to the original scale using [14] and [15] yields
exactly the same results as the straightforward multiple trait

procedure.

Numerical Strategies

Numerous numerical strategies can be employed in order to make
procedures as efficient as possible in terms of numerical stability and
amount of computation involved. Most of these strategies can be found
elsewhere in the literature. A couple of "tricks" probably not found
in the literature in relation to the canonical transformation are
discussed below.

In the iteration process, transformations must be performed in
each round. To ease these computations, compute first Y'MY, the matrix
of sum of squares and crossproducts, and P'Z¥'MY a gxt matrix of
"single trait" left hand sides. These matrices can then be transformed
to the canonical scale using:

P'2¥'MY, - P'Z%'MYQ’ [36]
and Y MY, = QY'MYQ'. [37]
Let Q(k+1) be the canonical transformation matrix for the next round in
the iteration process, a "round to round" transformation matrix can
then be computed as Q - Q(k+1) Q'l, which can be used after the
initial round in [36] and [37] in place of Q in order to minimize the
numerical effort involved.

An algorithm applying the "Cholesky" transformation directly from
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a list of pedigree information was given by Meyer (1987). Stoer and
Bulirsch (1980) outline an algorithm for the Householder transformation
that avoids actually setting up the transformation matrix. Instead, q-
2 vector valued functions of P are computed. These vectors can be
stored in the same space as the original matrix to be reduced, thus

saving both computer time and memory.

Convergence Criteria

The purpose of this section is to illustrate the effect of choice
of convergence criteria on the estimates obtained. The algorithm
employing the transformations requires limited computational effort in
each round of the iteration process which allows for a conservative
convergence criteria without excessive computing costs. The estimates
of G and R are generally updated in an approximate geometric
progression (Misztal and Schaeffer, 1986). This means that the changes
in the estimates of G and R become smaller and smaller in later rounds
of iteration. Small changes per round, however, can accumulate to a
considerable amount over many rounds of iteration.

A simulation study was conducted to illustrate the effect of
choosing a conservative stopping criteria instead of a fixed number of
iterations. A total of 600 observations on two traits using true
population parameters as the starting values was simulated. The 600
individuals simulated were descendants from 30 unrelated sires and were
distributed in 100 herds. The number of herds per sire group was on
average 7.97. The parameters generally slowest to converge are the

genetic covariances or equivalently the genetic correlations, so this
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parameter was used to illustrate convergence rates. The true
population genetic correlation was 0.82. Estimates from round 30 and
at convergence along with the number of rounds necessary to reach
convergence are shown for 10 replicates in Table 2.

The norm of the matrix of differences of the parameter estimates
was used as a convergence criterion, i.e.,

ISy - Sqol

and

A A

IRke1y - R ll-
Both norms were required to be less than 10'6. As can be seen from
Table 2, dramatic changes in parameter estimates can occur even after
round 30. Also that the number of rounds needed to reach convergence
vary wildly from sample to sample.
Table 2.

Estimates of genetic correlation from round 30 and at convergence in a
small simulated population?®.

Genetic Correlation No. of roundsP”

Replicate Round 30 Convergence for convergence
1 0.43 0.42 400
2 0.84 0.95 2200
3 0.21 -0.02 4400
4 0.67 0.67 100
5 0.89 0.91 400
6 0.70 0.79 500
7 0.96 1.00 4800
8 0.52 0.60 500
9 0.51 0.51 200
10 0.78 0.83 400

3See text for description of population
Convergence only tested for each 100 rounds.
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Discussion

The transformation algorithms reviewed in this paper offer a very
useful alternative for EM-REML estimation of (co)variance components
for a class of models frequently used in animal breeding. The class
includes all single trait models with two variance components. Also
included are multitrait models with equal design matrices and one
random factor per trait.

By employing a series of transformations, the problem of slow
convergence of the EM algorithm would be largely alleviated since the
computations necessary in each round of the iteration process can be
performed in linear time. However, there are some initial computing
efforts necessary. If the relationship matrix is included, a Cholesky
decomposition of the relationship matrix must be found. This can be
done directly from a list of pedigree information. Further, if the
Householder transformation is used, it would require about the same
amount of numerical work as computing an inverse of the same matrix but
this has to be done only once, no matter how many rounds of iteration
the problem requires. If (co)variance components are to be estimated
from an animal model, which tends to have a coefficient matrix that is
large and sparse, the Householder transformation is not well suited for
sparse matrix methods. 1In this case, tridiagonalization may be
obtained by other transformations such as the Givens rotations which is
better suited for sparse methods. A comparison of these transformation
techniques applied to sparse matrices in animal breeding problems is
needed.

When the computations necessary in each round of the iteration
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process can be evaluated in linear time, the use of conservative
convergence criteria is possible. As demonstrated by the simulation
example, the number of iterations needed to reach a certain degree of
convergence can vary a great deal from sample to sample, and that
considerable change in parameter estimates can accumulate in later
rounds. These factors stress the need for a conservative convergence
criteria. More research work needs to be done to determine optimum

convergence criteria.



CHAPTER 2

A Stochastic Model of Breeding Schemes in Cattle Populations
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Introduction

Traditional methods of optimizing breeding schemes have generally
involved the maximization of discounted economic returns in
deterministic models. Such models predict expected genetic gain by the
use of gene flow theory (Hill, 1974) or by the use of asymptotic theory
(Rendel and Robertson, 1950).

The expected genetic gain from a genetic improvement program is
influenced by many factors. Some of these factors relates to the
population itself such as average genetic production potential and
amounts of phenotypic and genetic variation present in the population.
Other factors are more external to the population and includes factors
such as climate, economic environment, skills of producers,
availability of infrastructure to provide test results, etc. All these
factors can be accounted for in both deterministic and stochastic
models.

However, some important factors are more difficult to take into
account in deterministic models. These factors include the variance of
the expected genetic gain due to random genetic drift (Falconer, 1981),
the buildup of inbreeding and the reduction of genetic variance due to
both inbreeding and linkage disequilibrium or Bulmer effect (Bulmer,
1971).

Many researchers today are facing the task of analyzing data
originating from populations undergoing intense selection. Statistical
models for such analyses need to take the selection incurred into
account. To test and validate such models, data from simulated

populations are a very useful tool.
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This chapter reports on the construction of a stochastic model of

breeding events in dual purpose and dairy cattle populations.

Overview of Model

Cattle are primarily used for production of milk and beef. The
model constructed can be used to simulate either populations reared
solely for the production of milk (Single purpose populations) or
populations used for the simultaneous production of milk and beef (Dual
purpose populations). Genetic improvement of dual purpose cattle poses
problems beyond what is faced in single purpose populations, since more
traits must be taken into consideration.

Genetic improvement in cattle populations have four pathways: cows
to bulls, bulls to bulls, cows to cows and bulls to cows. The
importance of these pathways differ, due to generation interval,
selection intensity and accuracy of prediction of the genetic merit of
animals.

Young bulls, that are sampled for possible use in artificial
insemination (AI), are born out of contract matings. A contract mating
is usually an agreement between an AI organization and the owner of a
cow with outstanding credentials. Such cows are usually found in
commercial herds. Upon agreement, the cow is mated to a bull proven to
be superior and the resulting young bull is transferred to a central
testing facility at about six weeks of age in order to be tested for
beef production traits. This test is based on his own performance.

The performance test is concluded when the bull is around one year of

age so his breeding value for beef production can be predicted. Young
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bulls who meet the criteria are then progeny tested for milk production
and other traits that can only be measured on females. Each bull is
mated to a random sample of cows from the population, and his breeding
value for direct calving difficulty can be predicted when the offspring
are born. Most of the female progeny will be bred shortly after one
year of age and start lactating after two. At this time, bulls can be
evaluated for effect on maternal calving difficulty and on female
fertility. When the progeny have concluded their first lactations, the
bulls can then be evaluated for milk production. Earlier evaluations
on milk production may be done on records in progress. Those bulls
that are promising in the preliminary evaluations are further progeny
tested for management traits on a subsample of their daughters. These
daughters are recorded for management traits during their first
lactations. Commonly management traits are those related to the ease
with which the cow can be managed in the herd or to her ability to
function in the herd. In some populations some of these traits are
traditionally called type traits.

After breeding values of a bull are predicted for all traits, a
total merit index is computed by weighing each trait according to its
partial economic importance. The best bulls is then used in the bull
to cow path and the very top bulls are used in the bull to bull path,
i.e. in the contract matings to produce the next generation of young
bulls.

In the cow to cow path, selection is usually less accurate and
less intense due to the low reproductive rate in the bovine. Another

reason is the large rate of replacement of cows due to reasons not
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directly related to production, such as disease or infertility.
However, milk production in the first lactation receive the primary
selection emphasis.

The most intense selection is in the cow to bull path since very
few cows are needed to produce bulls for future use in AI. These cows
are selected among those with the highest predicted breeding values.
Contract matings between these cows and the very best bulls are then
arranged to start the next cycle.

The model, called DPSIM, is simulated at the animal level and is
aggregated such that year can be used as the unit of time. Similar
breeding schemes were also studied by deterministic models using

asymptotic theory by e.g. Petersen et al. (1973).

Model Description

Traits

The selection process in both single and dual purpose cattle takes
many traits into consideration. These traits can be grouped into the
following categories:

(1) Growth traits measured during performance testing of males;

(2) Calving ease and stillbirth;

(3) Female fertility traits;

(4) Milk production traits;

(5) Management traits;

The traits in the categories (2) and (3) are lowly heritable, and
can be strongly influenced by management in the herd. These traits were
therefore not considered in the model. Each of the trait categories

would normally consist of several traits, but heretofore each were
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modeled as one trait. The three remaining traits were denoted as
GROWTH for growth traits, YIELD for milk production traits and TYPE for

management traits.

Parameters

The program starts by calling subroutine DPPARL that reads basic
parameters chosen for this particular run of the model. The parameters
that can be varied in the model are defined in Table 3, together with
abbreviations subsequently used. Typical values for these parameters
are also shown in Table 3. Typical population means, heritabilities,
phenotypic standard deviations, phenotypic and genetic correlations,
and partial economic weights of the three traits are shown in Table 4.
Genetic parameters shown for growth traits were estimated by Jensen and
Andersen (1984) and for type traits by Jensen (1985). For milk
production, genetic parameters were estimated by Pedersen (1985) and
Pedersen and Gjgl Christensen (1984).

The genetic parameters are converted into additive genetic and
environmental (co)variance matrices called VG and VE, respectively. In
order for VG and VE to be valid (co)variance matrices they must be
positive definite. Therefore, the eigenvalues of V; and Vg is
computed. If any eigenvalue is negative, the corresponding (co)variance

matrix is invalid and the computations cannot proceed.
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Table 3.
Basic parameters for simulation model.
Typical

Name Description value
NYEAR No. of years to be simulated 25
NT No. of traits to be simulated 3
NBSIRE No. of sires in base population 25
NYBPET Performance test capacity for beef 25
NBDPET No. of bull dams required to produce one

young bull for performance testing. 3
NBSY No. of bull-sires per year 2
NBCY No. of cow-sires per year 4
NHERD No. of herds 50
NCPH Avg. no of cows per herd 40
PYBPGTY Pct. of young bulls tested for yield .50
PYBPGTT Pct. of young bulls also tested for type .50
PCTT Pct. of progeny recorded for type .50
INVCR Involuntary culling rate for cows .20
SRDTM Survival rate of daughters from test matings .75
SRDCTM Survival rate of daughters from contract matings .85
SRDNM Survival rate of daughters from normal matings .75
SRYB Survival rate of young bulls on performance test .85
Table 4.

Typical population means, heritabilities, standard deviations, partial
economic weights, phenotypic (above diagonal) and genetic (below
diagonal) correlations to be used in simulation models.

Population Economic Correlations
Trait mean Heritability SD weight GROWTH YIELD TYPE
GROWTH 1200 .50 75 3 --- .10 .10
YIELD 250 .25 35 50 .40 --- .10
TYPE 7 .40 1 500 .30 .20 ---

Base population

The subroutine DPBASE is used to simulate the base or founder

population. For males the base population consists of NBSIRE

individuals born in year zero and NYBPET individuals born in year one.

The bulls born in year zero is to be performance tested for GROWTH in
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year zero and the bulls born in year one provide for the utilization of
the performance testing facility in year one. For females, first NHERD
herds with an average of NCPH lactating cows per herd are simulated.
The herd sizes are sampled from a Poisson distribution with a mean
equal to NCPH. The total number of females in a herd is usually about
twice the number of lactating cows due to the rearing of replacement
stock. Therefore, twice as many females as lactating cows are
simulated in each herd according to an age distribution of 30%, 20%,
25% and 25% percent of the females is born in year -2, -1, 0 and 1,
respectively. The cows born in or before year -2 would be lactating in
year 0, so that information for selection decisions on females is
available in year 1. The females born in year 1 makes up for the time
lag between the first matings and the birth of the first batch of
calves. All animals simulated in the base population are assumed to be
unrelated and sampled from a large population of females.

The true breeding value of an individual in the base population is
computed as:

a; = Lgzg [1]
where a; is a 3 by 1 vector of true additive breeding values for the
ith animal, zy is a vector of trivariate normal deviates with mean zero
and (co)variance matrix I3; and LC is a matrix satisfying LGL'G - VG.

The phenotypic values for the ith

animal is then computed as:
pi -m+ai +LEei [2]
where p; is the 3 by 1 vector of phenotypic values, m is the 3 by 1

vector of population means, e; is a vector of trivariate normal

deviates with mean zero and (co)variance matrix 13, and LE is a matrix
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satisfying LgL’p = Vg. All random variables in the model are simulated
using IMSL STAT/LIBRARY subroutines (IMSL, 1987).

All traits are simulated simultaneously for all animals although
in reality a trait cannot be measured before certain events have
occurred. However, the phenotypic values are never used until these
events have occurred. For males, only GROWTH is possible and only at
the conclusion of the performance test. For females only YIELD and
TYPE are possible since these traits are sex limited with YIELD being
measured at the conclusion of first lactation. TYPE is measured on a
cow only if her sire is selected to be progeny tested for TYPE, and
only if the cow belongs to the subgroup of cows in the progeny group

that is recorded for TYPE.

Prediction of breeding values

After the base population is generated, and at the end of each
year, the breeding values of all living animals are predicted using
single trait selection index procedures (Hazel, 1943). The procedure
used is an approximation of a true multiple trait selection index
(Hazel, 1943), but was chosen due to its popularity in practice. 1In
fact the most appropriate procedure would have been the use of multiple
trait mixed linear models (Henderson, 1973). However, use of such
models would drastically increase the computational requirements of the
model. The mixed models, however, could easily be incorporated if
certain research projects would require this.

For males an index for growth (I;) is computed as:

I = hi(pg - mg) (3]
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where, hé is the heritability for GROWTH, p; is the individuals
phenotype for growth and m; is the population mean for GROWTH. The
breeding values of bulls for YIELD (IY) and TYPE (IT) are computed
based on progeny data as:

Iy = by(xy - my) (4]

Ip = bp(xp - mp) (5]
where iY and iT are the average of the phenotypic values of the
progeny, my and my are the population means for YIELD and TYPE,
respectively. The coefficients by and by are computed as:

by = 2ny/(ny + (4-hd)/md) [6]

by = 2ng/(ng + (4-h3)/hd) (7]
where, respectively, ny and np are the number of progeny recorded for
YIELD and TYPE, and h% and h% are the corresponding heritabilities.

A total merit index is computed for each bull by linearly weighing
the predicted breeding value for each trait by a partial economic
weight as:

Ip = vglg + vyly + vilg [8]
where Vg, Vy and vr are the partial economic weights for GROWTH, YIELD
and TYPE, respectively. 1If an index for a trait is missing the
corresponding term in (8] is dropped.

Females are evaluated for YIELD only. The index for YIELD (IY) in
females is computed as:

Iy = hi(py - my) [9]
where py is the phenotypic value of YIELD in first lactation. Females
that not yet have finished a lactation are evaluated as:
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where Iyg and Iyp are the predicted breeding values for YIELD of the
individual’s sire and dam. The index Iy is then transformed into
economic units by multiplying it by the economic weight for YIELD. This
provides for the possibility of avoiding selection for any trait, by
setting the corresponding partial economic weight equal to zero. If
all economic weights are set equal to zero, the model will perform

random matings.

Simulation of Yearly Breeding Events
Culling

Culling of animals is performed by subroutine DPCULL. Voluntary
culling is culling of low producing excess cows, while involuntary
culling is culling due to other factors such as disease or infertility.

A cow is culled due to involuntary reasons if a unit uniform
random variable is less than INVCR. Voluntary culling of cows is then
done on a within herd basis. The total number of lactating cows in
each herd is counted and compared to the herd size determined in
DPBASE. 1If there are excess cows, those with the lowest IY indexes
are culled.

No culling of young stock is simulated directly, but only progeny
surviving until breeding age are generated, as will be described in
section 3.5.2. Also males that survive the performance test for GROWTH
are not culled either. It is assumed, that semen is collected after the
performance test as an insurance against the possible loss of a bull
due to disease or accidents etc. However, no bull is allowed to be

used in breeding if he is more than seven years old.
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Mating

Subroutine DPMAPR simulates mating and production, and is the core
of the model. Matings are of three kinds and will be described in the
sequel.

Test Matings. The number of young bulls that finish the
performance test for GROWTH in the current year is counted, and the
total number is called NYBAV. The number of young bulls to be progeny
tested is then computed as:

NSIPGT = NYBPET*PYBPGTY (11)]
The variables NYBPET and PYBPGTY is defined in Table 3. If NSIPGT is
greater than NYBAV, all performance tested young bulls are also progeny
tested, thus no selection for GROWTH takes place. If NSIPGT is smaller
than NYBAV, then the NSIPGT bulls with the highest IG indexes are
chosen for test matings. The cows to be used in test matings can be
chosen in several ways. Most populations use strategies such that a
bull is mated to a random sample of cows from the population. The
strategy chosen here is to use all first lactation cows (two year olds)
in the test matings. The bulls to be progeny tested are mated at
random to the first lactation cows using a uniform discrete random
variable.

The sex of offspring is determined by a unit uniform random
distribution with the sex ratio assumed to be .5. Only female
offspring of test matings that survives to breeding age are generated.
The offspring is determined to survive if a unit uniform random
variable is less than SRDTM (Defined in Table 3).

Contract Matings. The objective of contract matings is to produce
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young bulls which are to be performance tested for GROWTH next year. In
dairy populations only young bulls which are to be progeny tested for
milk yield are produced. This is the only type of mating in the model
where both male and female progeny are generated. The test capacity on
the performance test station is NYBPET. The bull sires to be used in
contract matings are selected as the NBSY sires with the highest Ip
indexes, as long as the sire is seven years old or younger. The cows
for contract matings are selected among cows that are more than two
years old, i.e. second or later lactation, based strictly on IY. The
number of cows required for contract matings is computed as:

NCCM = NYBPET*NBDPET [12]
If NCCM is smaller than the number of cows available for contract
matings, all available cows is used in the contract matings. The
selected sires and dams are mated at random by use of a uniform
discrete random variable. Again sex of the offspring is determined by
a unit uniform distribution with a sex ratio of .5. Male offspring
survives to breeding age if a unit uniform random variable is less than
SRYB, and female offspring survives to breeding age if a unit uniform
random variable is less than SRDCTM. These survival rates, as defined
in Table 1, thus include survival from birth and to breeding age.

Matings to generate producing females. For these matings the top
NBCY sires are selected based on Ip. Only sires seven years or younger
are used. All females of breeding age, not used in test matings or
contract matings, are mated to these sires. Again, the selected sires
and the cows are mated at random using a discrete uniform distribution

and only female offspring are generated. The survival rate employed
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for female offspring of normal matings is SRDNM as defined in Table 3.

Control of inbreeding

Close inbreeding is avoided. As explained in the preceding
section groups of selected sires and dams are mated at random within
the group. However, if they happen to involve matings between father-
daughter, dam-son, or full- or half-sibs, the mating is avoided.
Instead the cow is assigned to the best bull in the group that meets
the above mentioned requirements against mating of close relatives. If
no such bull can be found in the group, the cow is culled. This
generally only happens in very small populations. After a mating is
accepted and the offspring survives to breeding age, the inbreeding
coefficient of the offspring is calculated using a modified version of

the algorithm given by Quaas (1976).

Generation of progeny records

The true breeding value of a surviving offspring is computed as:

ag = .5(ag + ap) + CF*Lyzg [13]
where, a5 is a 3 by 1 vector of true additive breeding values of the
offspring for the three traits; ag and aj are the corresponding vectors
of true additive breeding values of its sire and dam, respectively; Ly
is a matrix satisfying IMLﬁ - .SVG, the (co)variance matrix of
Mendelian deviations in a non-inbreed population, and z; is a vector of
trivariate normal deviates with zero means and (co)variance matrix I3.
The factor CF accounts for the inbreeding present in the parents and is
computed as:

CF = (1 - .5(Fg + Fp))"> [14]
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where, FS and Fp, respectively, is the inbreeding coefficient of the
sire and dam.

The vector of phenotypic values of an offspring is then computed
as:

Po = m + 8y + Lpey. [15]

Progeny testing for type

The main selection pressure when selecting bulls is usually on
milk production. Therefore, only bulls with acceptable predicted
breeding values for YIELD are progeny tested for TYPE. Such schemes
are practiced in order to save costs by avoiding testing bulls that
would not be used anyway. Each year bulls are evaluated for YIELD on a
preliminary basis using the DPEVAL routine, The number of sires with
new progeny test results for YIELD is counted as NSPGTY. The number of
sires to be progeny tested for TYPE is then computed as:

NSPTTR = NSPGTY*PYBPGTT [16]
The NSPTTR bulls out of the NSPGTY that have the highest Iy indexes in
the preliminary evaluation is then progeny tested for TYPE. The number
of progeny recorded for TYPE in each progeny group is computed as:

NPRT = NPROG*PCTT (17]
where, NPROG is the number of cows in the progeny group that were

recorded for YIELD.

Example
Description of example
As a genetic improvement program progresses, some buildup of

inbreeding is inevitable. Inbreeding reduces the genetic variance, the
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very factor a genetic improvement program tries to exploit. Another
factor that reduces genetic variance is Bulmer effect (Bulmer, 1971),
which arises from the mating of selected parents. Chance plays an
important role, especially in small populations. Random fluctuation in
the genetic level due to chance is called genetic drift (Falconer,
1981). Such genetic drift induces a variance in the expected genetic
gain from a selection program. Inbreeding and genetic drift are
strongly influenced by the number of males and females used as parents
in each generation. The model was therefore used to study the effects
of cow population size and number of tested bulls used per year on the
genetic response, the buildup of inbreeding, reduction of genetic
variance and genetic drift.

The size of a cow population in the model is determined by the
number of herds (NHERD) and average herd size (NCPH). Tested bulls
that are used in the bull to bull and the bull to cow paths are
denoted, respectively, NBSY and NBCY (Table 3). A total of nine
situations were investigated. Three cow population sizes were selected
by setting (NHERD,NCPH) to (50,40), (25,40) and (25,20), which
correspond to cow population sizes of 2,000, 1,000 and 500 cows,
respectively. For each cow population size, three levels of bull use
were simulated by setting (NBSY,NBCY) to (1,2), (2,4) and (4,8) for

each of the three cow population sizes.

Results of example runs
Each of the nine situations were simulated 10 times and
comparisons were made, based on the data on animals born in year 25.

The following characteristics were computed for each replicate:
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Genetic mean and standard deviation for GROWTH, YIELD and TYPE and
average Inbreeding coefficient. Genetic drift was measured as the
standard deviation of the genetic means in year 25 calculated from the
10 replicates within a given situation.

The genetic means, genetic standard deviations and the average
inbreeding coefficients from each replicate, a total of 90
observations, were subjected to a two way analysis of variance to
determine the effect of cow population size, level of bull use and
interaction between the two effects. The significance levels obtained
are shown in Table 5. There were no effect of interaction for any of
the characteristics studied. Population size had a significant
influence on the genetic mean for YIELD and on the genetic standard
deviation for TYPE. Level of bull use had a significant influence on
the genetic mean in GROWTH, on the genetic standard deviation for YIELD
and TYPE, and on the average inbreeding coefficient.

Table 5.

Level of significance for effects of population size, bull use and
interaction between population size and bull use.

Characteristics Population size Bull use Interaction

Genetic mean

male GROW L1231 .0078 .8202
female YIELD .0001 .3262 .1984
female TYPE .2907 .7335 .4076

Genetic stand. dev.

GROWTH .2522 L1346 .8435
YIELD .6469 .0073 .2607
TYPE .0608 .0001 .9701

Avg. inbreeding .7010 .0001 L4549
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The genetic means in year 25 for GROWTH, YIELD and TYPE are shown
in Table 6. All situations showed a considerable progress for all
three traits. There were no differences among population sizes in
genetic progress made in GROWTH. However, the intermediate level of
bull use of (2,4) gave a higher response in GROWTH than that of (1,2)
or (4,8) bull sires and cow sires per year. This was in contrast to
standard theory for deterministic models that would predict the highest
response for models with the highest selection intensity, i.e. (1,2) in
this comparison. The same tendency, although insignificant, can be
seen for YIELD. The reason for the highest response at the
intermediate level of bull-use is probably due to a greater risk in
relying on very few bulls per year in the (1,2) case. On the other

hand, if (4,8) bulls are used, the selection intensity becomes too low.

Table 6.
Genetic level in year 25, averaged over 10 replicates.
Situation Male Female
Cow-population size Bull use
NHERD, NCPH NBSY, NBCY GROWTH YIELD TYPE

50,40 1,2 151 62.8 1.02
50,40 2,4 160 64.3 1.02
50,40 4,8 159 60.8 .93
25,40 1,2 138 52.3 .82
25,40 2,4 158 57.7 .91
25,40 4,8 147 56.2 .98
25,20 1,2 134 51.6 .94
25,20 2,4 156 49.5 .94
25,20 4,8 148 48.0 .80

For the genetic progress in YIELD, population size was a highly

significant factor, such that the genetic progress obtained increased
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with increasing population size. The number of young bulls progeny
tested per year was the same in all situations. Decreasing the
population size meant that the number of cows available for test
matings also decreased, leading to a reduction of the accuracy in which
breeding values of the bulls were predicted. Lower accuracy means more
mistakes in the selection decisions, with the result that genetic
progress is reduced.

None of the factors studied had a significant effect on the
genetic progress in TYPE.

The genetic standard deviations in year 25, averaged over the 10
replicates are shown in Table 7. Level of bull-use had a significant
effect on the genetic variation in YIELD and TYPE such that use of
fewer bulls reduced the genetic standard deviation with up t6 15
percent of the genetic standard deviation in the base population. Most
of the reduction is due to Bulmer effect, since the inbreeding
accumulated only would reduce the genetic standard deviation with a
fraction (l-F)'S, where F is the average inbreeding coefficient.

The average inbreeding in year 25 is also shown in Table 7.
Population size had no effect on the accumulated inbreeding, but
inbreeding increased markedly as fewer bulls were used per year as bull
sires and cow sires.

Table 8 shows the estimates of the variation due to genetic drift. The
number of replicates simulated per situation was too low to obtain
accurate estimates of this variation. However, results showed that
there were considerable genetic drift in all the situations

investigated. This means that the genetic progress made in a
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particular improvement program can deviate substantially from the

expected progress, due to random genetic drift.

Table 7.
Genetic standard deviations in year 25, averaged over 10 replicates.
Situation Genetic SD Avg.
Cow-population size  Bull use Inbreeding
NHERD, NCPH NBSY, NBCY GROWTH YIELD TYPE
50,40 1,2 47.1 15.3 .58 .074
50,40 2,4 47.7 16.1 .62 .063
50,40 4,8 48.4 16.0 .63 .040
25,40 1,2 47.1 15.5 .55 .075
25,40 2,4 49.1 15.3 .60 .059
25,40 4,8 48.3 16.2 .60 .043
25,20 1,2 46.3 15.1 .56 .078
25,20 2,4 46.9 15.7 .60 .066
25,20 4,8 47.8 15.9 .61 .042
Base population 53.0 17.5 .63 ---
Table 8.
Total genetic drift accumulated in year 25. SD on 10 replicates.
Situation SD of genetic mean
Cow-population size Bull use
NHERD, NCPH NBSY, NBCY GROWTH YIELD TYPE
50,40 1,2 23.0 6.14 .33
50,40 2,4 18.4 7.63 .24
50,40 4,8 15.5 4.14 .13
25,40 1,2 14.0 5.46 .14
25,40 2,4 19.0 5.51 .28
25,40 4,8 23.1 5.96 .28
25,20 1,2 16.7 5.32 .25
25,20 2,4 15.8 7.37 .38
25,20 4,8 11.9 2.80 .23
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Introduction

Genetic parameters of economically important traits in livestock
populations are usually estimated from field data. Such data often
originates from populations that have been subjected to intense
selection for one or more traits. The selection over time alters
genetic (co)variances due to accumulation of inbreeding and gametic
phase disequilibrium (Bulmer, 1971, Falconer, 1981). However, genetic
parameters of the base population prior to selection must be known in
order to draw general inferences about the population in terms of
genetic and phenotypic relationships among traits, to predict gains
from breeding programs, and to predict breeding values of animals.

Henderson (1975) and Goffinet (1983) argued that in prediction of
breeding values, all data used in the selection decisions that led to
the current populations must be included in analysis in order to
alleviate selection bias.

The problem of genetic parameter estimation under a selection
model was considered by Schaeffer (1987). He showed that for certain
translation invariant selection rules the usual REML estimation is not
biased by selection. However, in most practical situations the
selection rule is not translation invariant, i.e. selection is across
fixed effects in the model. Sorensen and Kennedy (1984) showed that
minimum variance quadratic unbiased estimation (MIVQUE) of variance
components was not biased by selection from an animal model with a
complete relationship matrix. A practical problem with MIVQUE,
however, is it’'s dependency on the prior values assumed for iteration.

Most livestock populations undergo selection for more than one
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trait simultaneously. An example is the simultaneous selection for
beef and milk production traits in many European cattle breeds.
However, multitrait selection has been practiced also in single purpose
cattle populations. Therefore, data on multiple traits should be
included in simultaneous analyses.

In many practical situations only more recent data from the
current population is available, and thus raise the question of
applicability of analysis results to the unselected population. A
population undergoing selection for several traits can be thought of as
existing in a three dimensional space defined by time, animals, and the
traits under selection. Data from a population can be stratified
according to one or a combination of these dimensions. Common ways of
sampling have been to analyze only data from a certain time period. For
example, analyzing data on type traits on Holstein cows who calved
between 1982 and 1988 in Michigan and Wisconsin can be thought of as
sampling according to a combination of time, space and traits. Using
only sample data could be due to limited data source in some cases.
However, if a large volume of data is available, sampling of data can
be repeated and estimates from different samples can be averaged and
can be used to compute SE of estimates.

For most estimation problems in animal breeding the model of
choice would be a multiple trait animal model. However, use of such
models to estimate genetic parameters can be impossible due to
computational difficulties or the animal model might not be feasible
due to lack of pedigree information. In such cases simplified

operational models, usually sire models, are used.
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Another common concern has been the use of data on progeny of
highly selected sires, since the variance among those sires is smaller
than among unselected sires. Van Vleck (1985) suggested the inclusion
of these sires but to treat the effect of them as fixed in the model.
The advantage would be a more precise estimation of other fixed effects
in the model and more degrees of freedom in the estimation of residual
variances.

The objective of this study was to investigate different methods
of sampling data from populations undergoing selection in estimating
genetic parameters and to investigate the efficiency of different

operational models.

Materials and Methods
Simulation of Data

Data was simulated for a small dual purpose population, selecting
for both beef and milkfat, and for a larger dairy population selecting
for milkfat only. A traditional AI breeding scheme was simulated for
both populations, each for a 15 y period. A detailed description of
the simulation model was given in Chapter 2 so only a brief description
of the simulated populations is given below.

The simulation model was designed to generate data that resembled
the data structure found in real cattle populations. Basic parameters
describing the simulated populations are given in Table 9. The traits
simulated were assumed to be affected by a large number of loci, each
with small effects (Infinitesimal model). Only additive genetic

effects were considered and all loci were assumed to be unlinked. The
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base population were in Hardy-Weinberg equilibrium. For a dual purpose
population, the traits simulated were growth measured on young bulls
sampled as potential future AI sires and first lactation milkfat
production on cows in commercial herds. The genetic parameters assumed
for the unselected base populations were heritabilities of .25 and .50
for milkfat production and growth, respectively, and corresponding
phenotypic standard deviations were 35 kg and 75 g. The genetic
correlation between milkfat production and growth was assumed to be .20
and the relative economic importance of the two traits were 8:1. The
performance test for growth of future AI bulls at a central test
station was concluded before one year of age so that selection on
growth were possible before the bulls were used in breeding. The final
selection of bulls was based on a total merit index weighing each trait
with the corresponding economic weight. For dairy populations only
milkfat production in commercial herds was simulated. The populations
were simulated over a 15 y time horizon. The simulation of both the
dual purpose and the dairy populations were replicated 15 times.

Since data were simulated, the breeding value and residual
deviation was known for each animal. These values were used to obtain
direct estimates of genetic and residual variance. The animals were
grouped according to year of birth and the mean and variance of true
breeding values and residual deviations were computed for each year of
birth. The variances for each year of birth were used to compute true
heritabilities for each year, and used as reference for the values to

be estimated later.
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Table 9.
Parameters used in simulation of dual purpose and dairy populations.
Dual Purpose Dairy

No. of years to be simulated 15 15
No. of traits 2 1
No. of sires in base population 25 25
Performance test capacity for beef 25 ---
No. of bull-dams selected/year 75 36
No. of bull-sires selected/year 2 2
No. of cow-sires selected/year 2 2
No. of herds 4 20
No. of cows 200 1000
No. of young bulls tested for milkfat/yr 4 12
Involuntary culling rate/cow/year .20 .20
Survival rate of daughters from test matings .75 .75
Survival rate of daughters from contract matings .85 .85
Survival rate of daughters from normal matings .75 .75
Survival rate of young bulls < 1 yr .85 .85

Sampling of Data for Estimation

In this study, only data sampling in term of time was considered.
The 15 y of data were divided into three consecutive 5 y periods. A
total of three schemes of sampling data over time were compared:

Scheme 1: All data over time and all relationships between animals
were used;

Scheme 2: Only data in the last 5 y was used, but relationships
were traced all the way back to the base population;

Scheme 3: Only data from the last 5 y were used and relationships

were only traced for the last 5 y, also.

Models
Simulated data were analyzed for each of the three sampling
schemes according to the following three models. For dairy

populations, of course all matrices pertaining to growth were deleted.
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where y; and yy were vectors of observations on growth and milkfat
production, respectively; bG and bM were, respectively, vectors of
fixed effects of management groups for growth and milkfat production
with X; and Xy the corresponding incidence matrices.

Model [1] was a full animal model, where a;; and ay; were random
vectors of additive breeding values for growth and milkfat,
respectively, for all animals either with or without own performance
record, and Z;, and Zy; were the corresponding incidence matrices.

Model (2], was a combined animal-sire model, where 85, vas a
random vector of additive breeding values for growth for all males, sy,
was a random vector of additive sire effects for milkfat, and zGZ and
Zy, were the corresponding incidence matrices. This model was
practical, since growth was measured on bulls during the performance
test before being used in Al and milkfat was measured on female
offspring of these bulls. The computational requirement for Model (2]

is much less than that for Model [1].
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Model [3) was a modification of Model [2]. The submodel for growth
was unchanged but in the submodel for milkfat syr was a vector of fixed
sire effects on second crop daughters, sy was a vector of random sire
effects on first crop daughters, X, and Zy3 were the corresponding
incidence matrices. A sire that had both first and second crops of
daughters in data would thus have two effects in the model. The fixed
sire effects were included in an attempt to control selection bias, but
still use records of daughters of selected sires to obtain better
estimates of the fixed effects and the residual variance in the model.

In the absence of selection, assumptions first moments of random

vectors in the models were

E | yg - xGbG for Model [1] and [2],
M Xyby
and
E|vye | = | Xcbg for Model [3].
M Xyby + Xgsye

The expectation of all other random vectors in the models were
zero. The second moments of these random vectors in the models were

assumed to be:

2
V9]acgy [~ |9,a %M,a | *A

2
am1 %GM,a %M,a
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where a%'a, aﬁ,a were the additive genetic variances for growth and
milkfat production. respectively and oM, a is the additive genetic
covariance between the two traits, aé'e and aﬁ'e were the environmental
variances for growth and milkfat, respectively, and * denotes direct
product. All residual covariances were assumed to be zero since all
males were measured for growth only and females for milkfat only. In
Model [1], the relationship matrix A considered all known sires and

dams, but for Model [2] and [3], A considered only sires and maternal

grandsires.

Estimation Algorithm

Heritabilities, genetic and phenotypic correlations and phenotypic
SD were estimated using a multivariate restricted maximum likelihood
(REML) algorithm. The multivariate restricted likelihood function were

maximized using derivative free methods as described by Meyer (1989).
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Let the model for t traits be:

y=Xb+ Zu + e (4]
where y is a vector of observation vectors for all traits; b is a
vector of fixed effects for all traits; u is a vector of random
additive genetic effects of the same animals for the t traits; and e is
a vector of random residuals corresponding to y. X and Z are known
design matrices corresponding to, respectively, b and u; since V(u) =
G and V(1) = R, V(y) = 2GZ' + R =V,

Assuming normality, the log likelihood is:

L=c -.5(1n|v] + 1n]2*'R"1x*| + (y-xb) 'V 1(y-Xb)] (5]
where ¢ is a constant and X* is the largest submatrix of X with full
column rank. Following the notation of Meyer (1989) and dropping c, an
alternative form of [5] is:

-2L = 1n|R| + 1n|G| + 1n|c| + y'Py (6]
where C is the largest full rank submatrix of the coefficient matrix of
the mixed model equations from [4] and

p-v-loy-lx*(x*ry-1x*)-1x*iy-1,

The form of the likelihood function given in [6] was minimized using a
quasi-Newton method given by Dennis et al. (1983) and using code from
IMSL (1987). This method requires many evaluations of [6]) in order to
locate its minimum. The four elements in [6] were computed in each
evaluation following the strategy outlined by Meyer (1989), which
involves, in each iteration setting up the mixed model equations from
[4] in tableau form followed by the elimination of all equations by

absorption or Gaus-elimination.
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Information accumulated on the estimation algorithm

Since use of multiple trait derivative free REML is relatively
new, is was considered useful to accumulate information on the
convergence pattern of the algorithm. For each model run the total
number of rounds to convergence and the number of rounds until a
specified degree of convergence was obtained. The degree of convergence

was computed by (7] which is modified from Misztal et al (1988):

oy 112D ]
Ctn - ’ (7]
NENE
vhere x{™1) uas the vector containing the intermediate solution from

the n’th evaluation and x was the vector containing the final solution
obtained at convergence. The absolute value of logj, an) is
approximately the number of significant digits in x. The convergence
criteria was chosen such that the estimates was accurate to
approximately 5 significant digits. Expression [7] was then used to
obtain the number of rounds the iterated when estimates was accurate to

1, 2, 3, or 4 significant digits.

Results and Discussion

Biases in Genetic Parameter Estimates Due to Data Sampling

Table 10 shows the average number of bulls and cows included in
analysis. Estimates of the genetic parameters for the dual purpose
populations are shown in Table 11. For milkfat all heritability
estimates were unbiased, regardless of model, if all data and all
relationships were included in the analysis. However, SE of the
heritability estimate increased from .06 in the full animal model to

.12 in the combined animal-sire model and further to .15 if sire
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effects on second crop daughters were treated as fixed. If only recent
data, were used, but relationships were traced all the way back to the

base population, estimates from the full animal model were still

unbiased.

Table 10.

No. of animals included in analysis, averaged over 15 replicates.
Dual Purpose Dairy

Years included 1-15 11-15 1-15 11-15

Bulls 420 147 198 70

Cows 2198 741 10588 3519

Table 11.
Average estimates of genetic parameters in dual purpose populations.
Milkfat Growth
Sampling
Model scheme h2 SD h2 SD T SD
(True parameters .25 .50 .20 )
(1] 1 .25 .06 640 .17 .26 21
2 .25 .09 .62 .22 .06 .28
3 .208 .10 .50 .24 .04 .34
(2] 1 .25 .12 .78P .12 .32 .32
2 .21 .17 .48 .26 .34 .41
3 .21 .16 .60 .31 .20 42
(3] 1 .27 .15 .77P 14 .25 .38
2 .36P .20 .56 .28 -.11b .24
3 .36° .22 .55 .31 .16 .52

8significant at 10% a-level.
Significant at 5% a-level.

If only recent data and recent relationships were used there was a
tendency (P<.10) for both the full animal model and the combined

animal-sire model to yield estimates that were biased downwards.
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However, this tendency was not significant for the combined animal size
due to the large variance among estimates. Use of recent data and
relationships only in the combined animal-sire model with sire effects
on second crop daughters treated as fixed surprisingly yielded an
upward bias in the heritability estimate for milkfat. This finding was
the main reason for also simulating the larger single purpose dairy
population in order to check if this result could be repeated in a
larger population. Results are shown in Table 12. 1In all cases for
dairy population, heritability estimates were biased downwards, even if
all data were included in the analysis. Treating sire effects of second
crop daughters as fixed did not alleviate any bias due to selection.

All estimates of heritability of growth were biased upwards when
all data and all relationships were included in the analysis. Again
this was an unexpected result, and we lack a reasonable explanation.

On the other hand the estimates from analyses using recent data only
were all essentially unbiased.

The genetic correlations estimated from all data were all unbiased
regardless of models used, but were associated with large SE, therefore
no definitive trend could be observed. When only recent data were
included in the analysis, SE were even greater and in fact there were
not enough information in the simulated data to estimate the

correlation with reasonable precision.
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Table 12.
Average estimate of heritability of milkfat in dairy populations.
Sampling
Model Scheme Heritability SD
(True parameter .25 )
[2] 1 .20% .06
2 .20% .08
3 .19% .08
[3] 1 .22% .07
2 .20% .08
3 .20% .08

Changes in Underlying Genetic Parameters Due to Selection

The additive genetic variance would decrease over time due to
buildup of inbreeding and gametic phase disequilibrium or Bulmer effect
caused by directional selection (Bulmer, 1971, Falconer, 1981).
Inbreeding was negligible in our simulated breeding schemes so only
Bulmer effect needs to be considered. In simulated populations,
additive genetic variance can be computed from the true breeding values
and residual variance from the residual deviations of each individual.
Average heritability, based on true breeding values and residual
deviations, were plotted as a function of time in Figure 1 for dual
purpose populations and in Figure 2 for dairy populations. In both
cases a considerable decrease in heritability was observed. The
magnitude of such decreases is dependent on the selection intensity
among parents and the mating structure.

Estimated parameters were compared to the expected or true
underlying parameters using heritability estimates for milkfat. Use of

recent data only gave estimates which essentially reflect the
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population of the same time period, since the estimate obtained is an
unbiased estimate of the heritability in the population of the same
period. Even the use of a relationships matrix which tied recent
animals to the original base population, failed to produce unbiased

estimates of the base population parameters.

Convergence Pattern of the Estimation Algorithm

Table 13 shows the average number of iteration rounds needed to
obtain a certain number of significant digits in the estimates of the
genetic parameters. The analysis on the dual purpose populations with
two traits in the analysis required considerable more iterations than
the single trait analysis on the dairy populations. Changing the model
from a full animal model to a combined animal-sire model also increased
the number of iterations. Thus, although the amount of computation per
round is less for the combined model the total amount of computation
for a given analysis was not reduced significantly. Changing the model
such that sire effects of second crop daughters were treated as fixed
increased the number of iterations in the dual purpose populations, but
not in the dairy populations. By comparing the number of iterations in
Table 13 and SE of estimates in Table 11 and 12 it appears that the
number of iterations is inversely related to SE of the estimates. In
other words, the more information available on the set of parameters

the less rounds of iteration is necessary.
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Table 13.
Average no. of rounds to obtain a certain number of significant digits
in estimates of genetic parameters.

No. of significant digits
Sampling
Model scheme 1 2 3 4 5

Dual purpose populations

1 1 55 78 98 118 125
2 74 92 117 121 121
3 84 100 117 128 128
2 1 73 99 116 119 119
2 112 144 196 221 239
3 114 172 219 236 293
3 1 72 99 113 114 114
2 127 158 206 253 279
3 175 200 230 255 273
Dairy populations
2 9 16 24 26 26
2 12 21 28 31 31
3 12 21 28 31 31
3 1 9 17 24 25 26
2 12 23 28 29 29
3 11 22 28 29 29
Conclusions

Selecting parents of following generations would change the
variance in the progeny generation from what could be expected in a
random mating population. Sorensen and Kennedy (1984) showed that for
an infinitesimal model with selection within fixed effects, that a
MIVQUE estimator using models that took all relationships into account
yielded unbiased estimates of base population parameters. Results from
this investigation using a REML estimator confirms this result, even
though selection in this case resembled real populations with selection

across fixed effects. However, this conclusion might be dependent of
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the selection intensities applied, a factor that was kept constant in
the present investigation.

The combined animal-sire models also seemed to provide unbiased
estimates of base population heritability for milkfat in the dual-
purpose situations if all data were included in the analysis. The
inclusion of a trait recorded on the bulls themselves might be the
reason for this observation. The single trait sire models for the
dairy populations were unable to yield unbiased estimates of base
population parameters in any of the cases.

If only recent data, but a complete relationship matrix were
incorporated in the model, the estimates of heritability for milkfat
were still unbiased, albeit with a greater SE.

Using recent data only and recent relationships only is
essentially equivalent to redefining the base population to be the
selected population. The estimates obtained were unbiased estimates of
the genetic parameters in this redefined base population. Sorensen and
Kennedy (1984) discussed methods of obtaining the genetic parameters in
the current selected population. However, such an approach does not
seem useful in practice, since it is dependent on the selection
intensity among the ancestors to the current generation, the mating
structure used, and the amount of inbreeding present in the current
population. If these factors can be quantified, a more practical
approach might be to develop correction factors to adjust the estimate
results for biases due to selection. This subject seems to warrant
further research. Treating sire effects on second crop daughters as

fixed did not reduce selection bias in the populations investigated.



68

The reason for this might be that a large proportion of the populations
was used for testing so that the number of second crop daughters was

relatively low.



CHAPTER 4

Performance Testing of Dual Purpose Bulls for Beef
Traits. Genetic Parameters for Growth, Feed Intake,

Appetite and Carcass Composition
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Introduction

Genetic parameters for growth traits of young bulls are well
documented, e.g., Andersen, 1977, and Hanset et al., 1987. However
only few estimates of genetic parameters exist for feed intake,
appetite and carcass composition due to the high costs associated with
measuring these traits. Also the genetics of the partial energy
requirements of young bulls for maintenance and growth are not well
understood.

In most European countries milk and beef are, to a large extent,
produced from dual purpose cattle. To facilitate selection for beef
traits most countries have established test stations, where future Al
bulls are tested mostly for growth traits based on own performance.

Due to the relatively small number of animals tested it is possible to
measure feed intake without excessive cost. This may facilitate
selection for feed conversion ratio and appetite expressed as average
daily feed intake. Appetite may be an important trait since energy and
protein intake might be a major limiting factor of production in the
lactating cow. (Andersen, 1989, Holmes, 1988, Korver, 1988). The total
utility of measuring feed intake during the performance test depends on
the genetic correlation between feed intake of the growing bull and the
overall merit in the production system.

An experiment was carried out to estimate genetic parameters of
growth, feed intake, feed conversion ratio, appetite and carcass
composition. Furthermore the experiment was designed such that partial
energy requirements for growth and maintenance could be estimated.

This paper presents the experimental plan and genetic parameters for



71

growth, feed intake, feed conversion ratio, appetite and carcass
composition of young bulls. In subsequent Chapters we examined
alternative ways of describing energy requirements and estimate their
relations to the aforementioned production traits and the milk yield of

female halfsibs.

Materials and Methods

Animals

The experiment was conducted in Denmark at the experiment station
"EGTVED" under supervision of the National Institute of Animal Science.
From 1978 to 1982, it was planned to purchase 144 bull calves each year
from commercial dairy herds. In each of the first three years the
calves were the progeny of six sires of Holstein Friesian (HF)
descent. In 1981 they were the progeny of three HF and three Brown
Swiss (BS) sires, and in 1982 the calves were progeny of seven BS
sires. Very little variation in the proportion of HF or BS genes
existed among the bulls used in the experiment. The effect of
proportion of HF or BS genes, therefore, could not be studied. Sires
were used in one year only. Therefore, over the 5 yrs a total of 31
sires were used. All the sires were young bulls sampled either in
Denmark or in North America. Very few genetic relationships existed

among the bulls, and they were assumed unrelated in all analyses.

Feeding
All calves were brought to the test station before three weeks of
age and started on test at an age of 28 days. In the first production

period (Pl) from 28 d to a live weight (LW) of 200 kg, all calves were
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fed restricted amounts according to live weight, such that energy
intake was about 75% of expected ad libitum intake for animals of
similar weight. 1In the second production period (P2) from 200 kg
liveweight until slaughter, the calves were randomly placed on four
different treatments. Treatment 1 was concentrates fed ad libitum from
automatic feed hoppers. Treatments 2, 3 and 4 were all rations based
on concentrates and roughages fed ad libitum, which were composed such
that 75%, 50% and 25% of expected energy intake were from the
concentrate component, respectively. In 1978 and 1979 concentrates
were fed in fixed amounts based on weight, and roughages were fed ad
libitum. In the last 3 yrs roughages and concentrates were fed as
total mixed rations. The roughage component in the diet was changed
every year as indicated in Table 14. Also shown in Table 14 is the
energy and dry matter content of the major feedstuffs used. A detailed
description of procedures used in feeding and handling of the animals
was given by Bailey et al. (1985), who used data from the first two
years to estimate effects of treatment and slaughter weight on growth,
feed efficiency and carcass composition.

The animals also were randomly assigned to three slaughter weight
groups. Target slaughter weights were 340, 470 and 600 kg liveweight.
Thus it was planned to have two calves in each sire by treatment by

slaughter weight subclass.
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Table 14.
Energy Content (Mj) and Dry Matter Content of Diets Used.
ear Treatment? Mj/kg DM/kg
1978 1 6.07 .862
2 2.71 .420
3 1.74 .293
4 1.29 .232
1979 1 6.08 .863
2 3.65 .569
3 2.60 YA
4 2.03 .374
1980 1 6.14 .864
2 5.70 .837
3 5.19 .836
4 4.76 .836
1981 1 6.24 .861
2 5.64 .816
3 4.76 .824
4 4.76 .829
1982 1 6.32 .871
2 5.05 .895
3 4.99 .804
4 4.20 .824

8Treatment 1, 2, 3 and 4 were respectively, 100%, 75%, 50% and 25% of
expected energy intake from concentrate.
Recordings

Calves were weighed at the first day of test and then every 14 d
(i.e., at ages 28, 42, 56 d and so on). Feed intake was recorded daily
and summed over the 2 week intervals between weighings. In production
period 2, all calves were fed ad libitum and the animals were fed three
to four times daily to ensure that they had feed available at all

times. Weighbacks were performed twice weekly. The energy content of
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the roughages used was determined both in vitro via chemical
composition, and using in vivo experiments with sheep reared close to
the maintenance level in order to obtain the digestibility of the diet.
Energy intake was expressed as net energy intake computed according to
the Danish feed evaluation system based on Scandinavian feed units
(SFU) (Meller et al., 1983). That system expresses feed energy content
as net energy for lactation at a certain level of production. Another
measure of energy intake is metabolizable energy (ME). Since the
Danish net energy system assumes a nearly constant net energy
efficiency the net energy intake can be converted to ME by ME = 4.16 +
1.17 NE which gave an R? of .96 based on information given by Van de
Honing and Alderman, (1988). Since this simple linear relationship
exists the genetic parameters to be estimated later are invariant to
choice of feed evaluation system. Live weight and carcass weight were
recorded at slaughter. Carcasses were graded for conformation and fat
cover using a scale from one to 10 with 10 being the best for
conformation, and a scale from one to five for fat cover with three the
optimum grade and a grade of 4 or 5 indicates too fat animals. One
side of the carcass was dissected into lean, fat and bone following
anatomic lines at the Danish Meat Research Institute. Samples were
taken to determine nitrogen and fat content of the lean meat and for
determining palatability using test panels. However, only the
dissection data will be used in this report. Procedures used for
dissection of carcasses were described by Andersen et al. (1977). A
total of 650 bulls completed the experiment, and their distribution

over years and treatments is shown in Table 15. The number of bulls
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per sire by treatment by slaughter weight subclass were 2 with a few

exceptions of 1 due to death.

Table 15.
Distribution of Observations on Years and Treatments.

Treatment?
Year 1 2 3 4 Total
1978 28 34 35 31 128
1979 34 30 33 35 132
1980 31 33 36 30 130
1981 46 46 16 14 122
1982 35 33 35 35 138
Total 174 176 155 145 650

8Treatment 1, 2, 3 and 4 were respectively, 100%, 75%, 50% and 25% of
expected energy intake from concentrate.
Definition of Traits
Based on weights at start and end of each production period, total
feed intake in each production period and carcass composition, the
following 17 traits were defined as below:

In production period 1, P1(28 d to 200 kg liveweight):

WGT28 Weight in kg at 28 d.

DG Average daily gain in g.

EI Total energy intake in mJ.

FCR Feed conversion ratio, EI/(Total weight gain),
calculated using the Danish feed evaluation system.

DEI Daily energy intake (appetite), EI/(Days on test).

DMI Total dry matter intake in kg.

Similar traits except WGT28 were defined in production period 2
from 200 kg LW to slaughter. In all analysis measurements in different

production periods were treated as different traits. 1In tables a
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postscript of Pl or P2 is used where necessary to indicate production
period.

At slaughter:

DRSPCT Dressing percentage.

CARGRD Carcass grade. Scale 1-10 with 10 being the best
grade.

FATGRD Fat grade. Scale 1-5 with 3 being the optimum value.

LEANPCT Percent lean meat in carcass.

FATPCT Percent fat in carcass.

EICG (Total energy intake)/(Total carcass gain).

In computing total carcass gain it was assumed that the dressing
percentage of 28 d of age was 50, following definitions given by

Andersen (1977).

Estimation of genetic parameters

The 17 traits defined in the preceding paragraph were analyzed
together with traits describing energy requirements to be reported in a
companion paper. All traits were analyzed simultaneously by a multiple
trait model with equal design matrices for each trait. The model for
each trait was:

Yijklm = €1 * 85 + (t8)j3 * P * Sk1 * €jjkim (1]
where: Yijklm is a record for the m®® bull of year-treatment subclass i
slaughter weight group j and the progeny of sire 1 of breed k; t; is
the fixed effect of the itP year-treatment with i=1,2...20; Bj is the
fixed effect of the jth slaughter weight with j=1,2,3; (tg)ij is the

ith

interaction between year-treatment and the jth slaughter weight; Pk

is the fixed effect of the k™M breed with k=1,2; s,, is the random

1th sire within the kth breed, where the total number of

effect of the
sires were 31; and eijkl is the random residual.

Preliminary single trait analysis based on a model including all
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factors in [1] and all other two-way interactions were conducted.
Since the results indicated that other interactions were insignificant,
they were dropped from the model.

In matrix notation the multitrait model for all traits
simultaneously was:

y = (I*X)b + (I*Z)u + e [2]
where y was a vector of observations for all traits, b a vector of
fixed effects, u a vector of random sire effects and e a vector of
random residuals. X and Z were incidence matrices corresponding
respectively to b and u; I was an identity matrix of order equal to the
total number of traits in the analysis
Assumptions on expectations and variances were:

E(y) = (I*X)b, E(u)=0, E(e)=0;

V(y) = G*(22') + R*I . V(u) = G*Iq; and V(e) = R*I ;

where G and R were sire and residual (co)variance matrices, I_ and In

q
are identity matrices, respectively, of order equal to the number of
sires, q=31, and the number of observations, n=650 and "*" denotes the
direct product operator. All sires were assumed unrelated. Since
relationships existed among very few sires, taking additive genetic
relationships into account would therefore be inconsequential to the
results reported. The elements of G and R were estimated by use of
restricted maximum likelihood (REML) in the multiple trait model
including all traits simultaneously. An expectation maximization (EM)
algorithm augmented with canonical and Householder transformations, as

described by Jensen and Mao (1988) was used. No standard errors on

genetic parameters are given, since no such statistics have yet been
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developed for estimates from multitrait models.

Results and Discussion
Interactions

Preliminary single trait analysis were used to check for all two
way interactions. Components of variance due to sire by treatment and
sire by slaughter weight group interactions were estimated using a
single trait REML algorithm. In all cases estimates of zero were
obtained. Estimation of variance components usually requires
considerable amounts of data in order to obtain estimates with
reasonable accuracy. To investigate how small interaction components
could be detected, data were simulated using exactly the same design as
the real data. Magnitude of components of variance due to sire and the
two interaction components were varied. Components as small as one
percent of total phenotypic variance could be detected. In conclusion,
therefore, no interaction existed between sire and treatment or sire
and slaughter weight group in this experiment.

Andersen et al. (1981) expressed concerns about selecting bulls
tested on concentrate diets when roughage is the main component in the
diet of milk producing daughters of these bulls. Performance testing
systems were therefore changed in several European countries from
feeding mainly concentrates to feeding diets containing a large
proportion of roughages. The lack of evidence in sire by treatment

interaction from this study suggested such a change is not necessary.

Mean, Phenotypic Standard Deviation and Heritability

The means and phenotypic standard deviations in Table 16 show good
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accordance with results from the literature, e.g., Andersen, 1977.
Heritability estimates (Table 16) for average daily gain were .354 and
.373 for production period 1 and 2, respectively. These estimates were
somewhat lower than usually found for average daily gain from test
station data. However several recent estimates were in the same range:
Andersen et al. (1987) found estimates of .392, Hanset (1987) found

.44 and Oldenbroek et al. gave estimates of .36 for veal calves and .59
for young bulls, both estimates from data on Dutch Red and White
cattle. Dijkstra et al. (1987) gave estimates of .12 and .14 for veal
calves and young bulls respectively in the Dutch Holstein breed.

The heritability estimates for total energy intake, feed
conversion ratio, appetite and total dry matter intake were lower than
the estimates for daily gain in the corresponding production periods,
except for appetite in production period 2. Again the results were
well in line with the recent literature estimates cited above.

For dressing percentage and carcass grading the heritability
estimates were in the range from .31 to .39 which were slightly lower
than those in the literature cited earlier. For percent lean and
percent fat in the carcass, very high heritability estimates of .706
and .894, respectively were obtained, in comparison to estimates at .52

and .44 found by Andersen (1977).
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Table 16.
Mean, Heritability and Phenotypic Standard Deviation for Production
Traits.

Phenotypic standard

Trait? Mean Heritability deviation
WGT28 48.7 .394 6.58
DGP1 893 .354 63.5
EIP1 2932 .313 225
FCRP1 19.4 .195 1.35
DEIP1 17.2 .246 .711
DMIP1 393 .259 30.4
DGP2 1225 .373 133.0
EIP2 12231 .266 1116
FCRP2 42.3 .267 4.51
DEIP2 50.8 412 2.48
DMIP2 1971 .264 214
DRSPCT 53.0 .333 1.45
CARGRD 6.08 .386 .961
FATGRD 2.87 .310 .354
LEANPCT 67.5 .706 1.985
FATPCT 15.3 .894 2.092
EICG 9.28 .315 .790

8See text in Materials and Methods for definition of traits.
Genetic and Phenotypic Correlations Among Traits Measured in Production
Period 1

As shown in Table 17, weight at 28 d was positively correlated to
daily gain but negatively to total energy intake and total dry matter
intake both on the phenotypic and the genetic level. The reason for
such negative relations was that a high starting weight leads to a
lower need for weight gain in order to reach 200 kg live weight. Also
it seems logical that the correlation between weight at 28 d and daily
gain would tend to make the correlation between weight at 28 d and

total energy intake negative. Daily gain and feed conversion ratio
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were strongly negatively correlated as expected for animals fed
restricted amounts of feed. Both genetic and phenotypic correlations
between daily gain and appetite were positive with estimates of .707
and .325, respectively, which were partially due to the feeding system,
because animals were fed restricted amounts according to weight.
Efficient animals would grow faster, and thereby advance into the next
weight class and thus receive more feed.

Table 17.

Genetic (Under Diagonal) and Phenotypic (Above Diagonal) Correlations
Among Traits Measured in Production Period 1 (28 d to 200 kg LW).

Trait? WGT28 DG EI FCR DEI DMI
WGT28 .- 174 -.442 .149 .558 -.369
DG .435 .- -.850 -.830 .325 -.826
EI -.698 -.916 --- .820 -.101 .989
FCR -.093 -.889 .776 .- .240 .854
DEI .746 .707 -.709 -.314 --- .000
DMI -.661 -.900 .989 .794 -.639 .--

3See text in Materials and Methods for definition of traits.

Genetic and Phenotypic Correlations Among Traits Measured in Production
Period 2

Estimates are shown in Table 18. Total energy intake, total dry
matter intake and feed conversion ratio were all very highly correlated
both phenotypically and genetically. This was expected, since energy
content of the feed and dry matter content are closely related. The

close correlations between total energy intake and feed conversion
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ratio were caused by the fact that intake was measured in a fixed
weight interval. Both genetic and phenotypic correlations obtained in
production period 2 between daily gain and feed intake traits were
almost identical to the corresponding estimates obtained in production
period 1. This is in contrast to an expectation of a lowered
correlation when changing the feeding regimen from restricted feeding
to ad libitum feeding. Andersen et al. (1987) found a genetic
correlation of -.72 between daily gain and feed conversion ratio when
bulls on performance test were fed ad libitum whereas their
corresponding estimate for animals under restrictive feeding was -.98.
Table 18.

Genetic (Under Diagonal) and Phenotypic (Above Diagonal) Correlations
Among Traits Measured in Production Period 2 (200 kg LW to Slaughter).

Trait? DG EI FCR DEI DMI
DG --- -.725 -.862 .336 -.716
EI -.876 --- .907 143 .997
FCR -.905 .979 --- .103 .902
DEI .594 -.195 -.232 .- .146
DMI -.885 .998 .979 -.218 ---

3See text in Materials and Methods for definition of traits.

The genetic correlation between average daily gain and appetite
was estimated at .594 and between appetite and feed conversion ratio
the estimate was -.232. Both estimates are comparable to those
obtained by Andersen et al. (1987). Brown et al. (1986) obtained a
genetic correlation of 0.84 and 0.59 between daily gain and appetite

for Angus and Hereford bulls, respectively, on postweaning gain test
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under an ad libitum feeding regimen. Their estimates of the genetic
correlation between appetite and feed conversion ratio were .47 and .05
for the two breeds mentioned above, results that deviate substantially
from the estimates obtained in this investigation. Reasons for this
deviation might be due to the different breeds involved and the fact
that they used cattle tested in fixed time interval instead of fixed
weight interval.

The genetic correlation between appetite and total energy intake
was -.709 in production period one, but only -.195 in period 2. The
corresponding phenotypic correlations were-.101 and .142, for
production period 1 and 2, respectively. The negative phenotypic
correlation in period 1 was due to the restricted feeding according to
weight over a fixed weight interval. Fast growing animals moved faster
to the next weight class and thus received more feed. However, these
fast growing animals would reach 200 kg live weight in a shorter time
and therefore had a lower total energy intake. In production period 2
with ad 1libitum feeding a large appetite was not necessarily related to
a high daily gain. The phenotypic correlation between appetite and

total energy intake was therefore positive in production period 2.

Phenotypic and Genetic Correlations between Similar Traits Measured in
the Production Periods Before and After 200 kg Live Weight

All phenotypic correlations (Table 19) were low, ranging from .084
to .194. This clearly shows that similar measures taken in the two
production periods, which differed in age and weight of the animals as
well as feeding should be regarded as different traits. For daily gain

the estimate was .189, which is consistent with estimates obtained for
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similar weight intervals by Jensen and Andersen (1982), Andersen (1977)
and Hanset et al. (1987). The genetic correlation between average
daily gain in the two production periods was .471. Oldenbroek et al.
(1987) found estimates at .61, Dijkstra et al. (1987) found .53, Jensen
and Andersen (1982) at .70 and Andersen (1977) found .85. The lower
estimates found in this investigation might be due to the different
feeding systems used in the two production periods. However, for total
energy intake, total dry matter intake, and feed conversion ratio the
genetic correlation between the two production periods was around .60.
This is higher than Oldenbroek et al. (1987) who found an estimate of
.49 for feed conversion ratio. The correlation for appetite was low
.127, which is because average daily feed intake is influenced more

than the other traits when changing the feeding regimen from restricted
feeding to ad libitum feeding.

Table 19.

Genetic and Phenotypic Correlations Among Similar Traits Measured in
Production Period 1 and 2.

Genetic Phenotypic
Trait? correlation correlation
DG 471 .189
EI .559 .194
FCR .577 .159
DEI .127 .084
DMI .626 .192

35ee text in Materials and Methods for definition of traits.
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Genetic and Phenotypic Correlations between Traits Measured at
Slaughter

As shown in Table 20 the correlation between dressing percentage
and carcass grading were estimated at .478 and .351, respectively,
genetically and phenotypically. It is interesting to note that neither
dressing percentage nor carcass grading were highly correlated to
carcass composition, but there is a strong genetic correlation between
fat grade and percent fat in the carcass with an estimate at .65.
However the corresponding phenotypic correlation was low. Percent lean
and percent fat in the carcass were highly correlated since they make
up about 83% of total carcass weight and there is only limited
variation in the proportion of bone in the carcass (Andersen, 1977).
Total energy intake per unit of carcass gain is related to carcass
composition such that selection for leaner carcasses would decrease the
feed intake per kg carcass gain. Again the corresponding phenotypic
correlation was low.
Table 20.

Genetic (Under Diagonal) and Phenotypic (Above Diagonal) Correlations
Among Traits Measured at Slaughter.

Trait? DRSPCT CARGRD FATGRD LEANPCT FATPCT EICG
DRSPCT --- .351 .094 .118 .032 -.143
CARGRD .478 --- .112 .236 -.079 -.295
FATGRD -.065 -.157 --- -.261 .343 -.085
LEANPCT .043 .373 -.664 --- -.899 -.361
FATPCT .011 -.189 .658 -.920 --- .226
EICG -.220 -.290 .048 -.482 .465 ---

85ee text in Materials and Methods for definition of traits.
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Genetic and Phenotypic Correlations between Traits Measured in
Production Period 1 and 2 and Traits Measured at Slaughter

As shown in Table 21, all traits measured in production period 1
had low genetic correlations to carcass traits, except net energy
intake per kg carcass gain and this was probably due to the part-whole
relationship. Daily gain in production period 2 was genetically
correlated to dressing percentage and body composition such that
selection for higher daily gain would tend to lower dressing percentage
and increase the percentage of lean meat in the carcass at a given body
weight. These results are similar to results obtained by Andersen
(1977). Total net energy intake, total dry matter intake and feed
conversion ratio all had positive genetic correlations to percent fat
in the carcass. Thus selection for leaner animals would reduce total
feed requirement. This is probably to some extent caused indirectly by
daily gain, since fast growing animals are leaner at a given weight
because they are less mature at that weight. Also fast growing animals
reach a fixed weight in shorter time, thus reducing the accumulated
maintenance requirement. Appetite is also related to carcass
composition such that selection for higher daily feed intake will
yield leaner animals with an estimate of the genetic correlation
between appetite and percent fat in the carcass at -.397 when slaughter
weight is held constant. All the corresponding phenotypic correlations
are not shown, but were of same sign, although much lower in magnitude
than, the corresponding genetic correlations. Exceptions were the
correlations between daily feed intake and percent lean at -.134 and

daily feed intake and percent fat at .157. The latter corresponded to
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an environmental correlation between percent fat in the carcass and
daily feed intake at .33. This implies that an animal who has a large
daily feed intake due to environmental reasons tends to be fat, whereas
if it is due to its genotype it will not be fat at a fixed weight and
tend to grow faster.

Table 21.

Genetic Correlations Between Growth, Feed Conversion and Appetite in
Production Period 1 and 2 and Traits Measured at Slaughter.

Trait® DRSPCT CARGRD FATGRD LEANPCT FATPCT EICG
WGT28 -.245 -.282 .214 -.143 -.073 -.156
DGP1 -.042 .129 .244 .175 -.205 -.524
EIP1 .071 .008 -.307 -.082 172 .581
FCRP1 -.117 -.235 -.247 -.244 .178 .688
DEIP1 -.207 -.118 .130 -.041 -.140 -.033
DMIP1 .082 .000 -.297 -.119 .190 .649
DGP2 -.249 .144 -.263 .592 -.619 -.788
EIP2 .203 .005 .053 -.476 .523 .877
FCRP2 .189 -.084 .060 -.457 484 .904
DEIP2 -.184 .290 -.391 .413 -.397 -.161
DMIP2 .195 -.017 .069 -.489 .528 .881

85ee text in Materials and Methods for definition of traits.

Conclusions and Implications
No interaction between genotype represented by paternal halfsib
groups and rations of differing proportion of roughages were found in

this experiment. In several European countries the feeding of bulls on
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performance test have been changed from diets based mainly on
concentrates to diets with a large proportion of roughages. The reason
for this change was concern about the roughage intake of daughters of
bulls selected on a concentrate diet, (Andersen at al. 1981). The
results of the present experiment did not support such concerns.

All the traits analyzed show additive genetic variances and
heritabilities in a range that would allow for considerable response to
genetic selection. Selection for daily gain would as a correlated
effect improve feed conversion ratio and increase appetite. However,
in ad libitum fed animals, the literature cited earlier indicates that
the correlation between daily gain and feed conversion ratio might be
lower in ad 1lib. fed animals than found in this investigation. The
relatively low correlations between the same trait measured before and
after 200 kg live weight and on different feeding systems, indicate
that animals must be tested for these traits during age or weight
intervals and feeding systems that are similar to normal practice in
commercial production to ensure genetic progress in this environment.

Results indicate that selection on daily gain or appetite will
decrease carcass fatness at a given weight, but there is a positive

environmental correlation between appetite and carcass fatness.
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Introduction

Supply of feed energy is a major cost factor in any cattle
production system. Selection for more efficient use of energy may
therefore be profitable. Genetic improvement of feed efficiency
requires measures of feed intake. For dual purpose cattle, feed intake
can in principle be measured on different groups of animals: (1)
Progeny groups under field conditions; (2) Bull-dams either in
commercial herds or on special testing stations, most probable in
connection with breeding schemes using multiple ovulation and embryo
transfer (MOET); (3) Future AI bulls while they are being performance
tested for beef traits. In this paper we are concerned only with the
third possibility.

The total utility of measuring feed intake on future AI bulls
depends on the genetic correlation between efficiency traits measured
on the growing bull and the same traits in other groups of animals,
primarily lactating cows. Traditional measures of feed efficiency such
as feed conversion ratio are closely correlated to the level of
production as shown in Chapter 4. The total intake of metabolizable
energy can be partitioned into productive (growth) and nonproductive
(maintenance and efficiency of the digestive tract) use of energy.
These parts are collectively called partial energy requirements. The
nonproductive use of energy is a major part of the total use of feed
energy (Andersen, 1978). Residual intake, defined as actual energy
intake minus predicted energy intake, has been suggested as a measure

of efficiency that is independent of level of production (Koch et al.,
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1963. Brelin and Brinning, 1985). A lower residual intake would
indicate a better efficiency. However, errors introduced by use of an
inappropriate model in predicting intake would be included in this
measure as would errors of measuring feed intake. The genetic nature
of residual intake and partial energy requirements is not well
understood.

The objective of the present paper therefore was to explore
different measures of the young growing bulls’ energy requirements for
growth and main-tenance and their residual intake, and to estimate the
genetic parameters of these traits. A necessary requirement for the
use of such measures in performance testing of future AI bulls is that
they can be obtained on the live animal. The previous chapter reported
genetic parameters of traditional beef production characteristics of
the same young bulls. In a following paper, we will report phenotypic
and genetic correlations between residual intake and partial energy
requirements defined in this paper, and traditional beef production
characteristics. Genetic correlations to the milkfat production of

female halfsibs also will be reported.

Materials and Methods
Animals and records
An experiment was carried out in Denmark at the experiment station
"EGTVED" under the supervision of the National Institute of Animal
Science. A total of 650 bull calves of 31 Holstein Freisian (HF) or
Brown Swiss (BS) sires completed the experiment. The experiment was

carried out in yearly batches, with a batch initiated in each of the
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years from 1978 to 1982. All calves started in the experiment at the
age of 28 d. In the production period from 28 d and until the animals
reached a live weight of 200 kg (Pl) feeding of calves was restricted,
at a level of 75% of expected ad libitum intake. In production period
2 (P2), from 200 kg live weight to slaughter, the animals were placed
at random on four treatments with ad libitum feeding. Treatments 1, 2,
3 and 4 were respectively, 0%, 25%, 50% and 75% of expected energy
intake from roughages. The 0% treatment was concentrates fed from
automatic feed hoppers, while the other treatments were fixed amounts
of concentrates and roughages fed 3-4 times daily to ensure that feed
was avallable at all times.

Live weights of the animals were recorded at the age of 28 d and
thereafter biweekly throughout the experiment. Feed intake of a young
bull was recorded as a sum of daily intakes in the weighing intervals.
All feed given at each feeding was weighed. Weighbacks were taken
twice a week. Feed intake was then recorded as the sum of all feed
given in a two week period minus weighbacks. The periods when feed
intake was recorded coincided with the intervals between body weight
measures.

Energy intake was computed according to the Danish feed evaluation
system based on Scandinavian feed units (SFU). That system expresses
feed energy content as net energy for lactation (Meller et al., 1983).
Since the Danish net energy system assumes a nearly constant net energy
efficiency, the net energy intake (NE) can be converted to
metabolizable energy (ME) by ME=4.16 + 1.17NE which gave an R? of .96.

This equation assumes both ME and NE to be measured in mJ and is based
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on information given by Van der Honing and Alderman (1988). Since this
simple linear relationship exists the genetic parameters to be
estimated later are invariant to the choice of feed evaluation system.
Records on a total of 18,111 weighing intervals were available.
The number of intervals available for an individual animal ranged from
16 to 45 depending on the animal’s growth rate and slaughter weight.
Animals were slaughtered at 340, 470 or 600 kg live weight. At
slaughter, live weight and cold slaughter weight was recorded and the
left half of the carcass was dissected into lean, fat, and bone,
following anatomic lines, at the Danish Meat Research Institute. A
detailed description of the experiment and the procedures used were

given in Chapter 4 and Bailey et al. (1985).

Estimation of partial energy requirements for individual bulls

The total energy intake (EI) of an animal can be partitioned into:

EI = NPE + PE,
where NPE is nonproductive use of energy and PE is productive use of
energy. Both components can be further subdivided. The PE is energy
used for growth, mainly in the form of fat or protein. Fat has a
higher capacity for storing energy than protein, and 1 g of protein is
accompanied by about 5 g of water (Webster, 1977). Therefore, storage
of one g of lean meat should require much less energy than storing one
g of fat. However the synthesis of protein is a very complex process
that requires more energy than synthesis of the same amount of fat.
This means that the partial energy requirement for growth might not be
as highly dependent on the composition of the weight gain as the energy

content of fat and lean would indicate (Pullar and Webster, 1977,
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Kielanowski, 1976). Such association perhaps is different in ruminants
as in single-stomach animals (Geay, 1984). The maintenance

requirement might be dependent on the composition of the body weight
maintained.

Based on the considerations mentioned above, simple models for
estimating partial energy requirements were defined. The partitioning
of energy intake into productive and nonproductive use of energy for
each individual bull was based on the biweekly measures of energy
intake and live weight. The following alternative multiple regression
models were used to obtain estimates of partial energy requirements for
individual young bulls within a production period:

EI; = byy + bgp(Gy) + by (W3/4) + ¢ (1]

EIy = by) + bgp(Gy) + byp(W3/*) + boyp(6u/%) + e (2]
where EI; was the energy intake (mJ) in the 10 tuo week weighing
interval for an individual bull; G; was the total live weight gain in

gth

kg in the weighing interval; W; was the average weight in kg in the

gth weighing interval; by;, b;p etc. were partial regression
coefficients; and ey was a random residual.

The intercept in each model, bIl and bIZ' describes a baseline
intake not associated with growth rate or metabolic weight. The
regression on metabolic weight, by, and by,, denote the energy
requirement for maintaining one kg of metabolic body weight in a
weighing interval. The regression on growth, b;; and bg;y, in a
weighing interval expressed the energy requirement for one kg of body

weight gain.

The intercept together with the regression on metabolic weight
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estimates the nonproductive use of energy. The intercepts in the
models indicate use of energy not assocliated with other factors in the
model and is the part of nonproductive use of energy independent of
body weight. Since the energy expenditure at zero metabolic weight and
zero gain is expected to be zero, deviations of this intercept from
zero might also indicate lack of fit of the model used. As the animal
grows larger the composition of body weight gain changes (Geay, 1984).
Interactions between productive and nonproductive use of energy can
therefore be expected.

In model [2] an interaction between growth and metabolic weight
was included with bgy, as the corresponding partial regression
coefficient. The reason for including the interaction in the model was
to account for the changes in the composition of body weight gain and
of the body weight maintained as metabolic weight changes. Instead of
using the interaction term in model [2], it might have been desirable
to use a regression on lean and fat depositing separately. However,
this requires knowledge of body composition and change in body
composition throughout the production period and under practical
conditions such information is not available.

All estimates of baseline intake and weight dependent
nonproductive use of energy were divided by 14, so that they were
expressed as energy requirement per day, instead of per two weeks.

Since the feeding regime was different in production period 1 and
2, each of the models was applied within each period. For ease of
reference in tables the coefficients were labeled BI1l, BGl, and BW1l for

model [1] requirements and BI2, BG2, BW2 and BGW2 for the requirements
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estimated in model [2].
Several other, more complex, models were investigated. However,
they did not provide enough additional information beyond the models

above to warrant reporting.

Residual intake

The residual efficiency, here termed residual intake, is defined
as the total energy intake minus predicted total energy requirement in
a given production period (Brelin and Bridnning, 1982). The total
energy requirement can either be predicted from feeding standards or
derived directly from analysis of the experimental data. Earlier
analyses of residual intake of growing cattle have been presented by
Brelin and Brinning (1982) and Brelin and Martinsson (1986). In this
investigation, total energy requirement was estimated directly from the
data, because this gave the possibility of taking carcass composition
into account in the prediction. The residual intake was therefore
estimated as the residual from the following two alternative models:

Yifk = €1 + 85 + (£8)gy + Py + bl(w%l‘;) + b(Gyq3) + by(Dg5)

* ek (3]

Yijk = t1 + 8y + (tg)gy + Py + ba(wij/ﬁ ) + b5(Gy i) + bg(Dy )

+ b7j(Kijk) + b8j(Fijk)

+ eijk (4]
where: Yijk Was the total energy intake in production period 1 or 2 for
a bull of the k™M breed in slaughter weight group j and year-treatment
i; ty was the effect of gth year-treatment; gy was the effect of jth

slaughter weight group; (tg)ij was the interaction between t; and 8y
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py was the effect of kth breed; wijk was the average weight in the
production period; Gijk was the total live weight gain in the
production period; Djk was the number of days in the production period;
and b; through by were corresponding regression coefficients. 1In model
[4]), carcass measures were considered, where Kijk was the dressing
percentage; Fijk was the percent fat in the carcass; and b7j and b8j
were corresponding heterogeneous regression coefficients within
slaughter weight group. 1In [3] and [4], ejjx vas a random residual and
was defined as alternative measures of residual intake in each
production period.

The residual intake from [3] is hereafter denoted as RES, while
that from [4] is RESC with post letter "C" indicating the consideration
of carcass composition in the prediction of energy requirement. Other
more complex models were fitted in order to estimate residual
efficiency. However, estimates from those models were very highly
correlated with those from the simple models presented and hence only

the simple models were reported in this paper.

Estimation of genetic parameters
Nine traits were defined by parameter estimates from models [1]
through [4] for each of the 650 bulls in each production period. Since
there were two production periods, a total of 18 traits were analyzed.
These traits were analyzed together with traditional beef
production characteristics which were reported in Chapter 4. All
traits were analyzed simultaneously using a multiple trait model with

equal design matrices for each trait.
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The model for each trait was:

Yijklm = t1 * 85 * (t8)gy + Px + Si1 + €jykin (5]
where yijklm was the record of a trait for a bull in year-treatment i,
in slaughter weight group j, of breed k and of sire 1; t; was the
fixed effect of the ith year-treatment; gy was the fixed effect of the

Jth slaughter weight group; (tg)ij was the interaction between t; and

gj; Pk was fixed effect of kth breed; Sk] was the random effect of 1th
sire within the k™ breed and ijklm ¥as 8 random residual. Note that
for the four residual intake traits from [3] and [4], the fixed effects
needed to be repeated in [5] so that degrees of freedom would be
accounted for properly. Precise description of assumptions for the
model were given in Chapter 4.

Variance-covariance matrices corresponding to sire and residual
effects were estimated by restricted maximum likelihood (REML)
utilizing the expectation maximization (EM) algorithm augmented with
canonical and Householder transformations, as described in Chapter 1.
No standard errors on genetic parameters are given, since such

statistics have not yet been developed for estimates from multitrait

models.

Results and Discussion
Table 22 shows simple means, heritability estimates and phenotypic
standard deviations for partial energy requirements from model [1] and

[2) for both production periods 1 and 2.
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Table 22.
Mean Heritability and Phenotypic Standard Deviation For Estimates of
Energy Requirements.

Production period

28d to 200 kg live weight 200 kg LW to slaughter

Traits? Mean h2 9p Mean h2 9p
Model (1]

BI1l -4.01 .252 1.49 -3.31 .185 15.3
BG1 9.26 .106 22.1 23.0 .188 51.4
BW1 .604 .067 .062 .684 .208 .199
Model (2]

BI2 1.90 .258 4.86 1.45 .154 75.9
BG2 -27.1 .258 75.5 -21.5 .161 712
BW2 .539 .199 .154 .626 .142 1.07
BGW2 1.03 .248 2.03 .560 .142 10.3
Model (3]

RES 0 .077 96.5 0 .275 619.7
Model [4]

RESC 0 .082 96.4 0 .363 600.8

8See text in Materials and Methods for definition of traits.

Baseline intake

Average model [1)] energy requirements showed a slightly negative
baseline intake in both production periods. The baseline intake
reflects energy intake corrected for weight-dependent nonproductive use
of energy and productive use of energy (weight gain) and might
therefore be said to reflect a baseline metabolism. The use of energy
cannot be negative, but the estimates were expressed at zero production
and zero metabolic weight, a state that no animal can, of course,
attain. For selection purposes, variation among animals is more
important than the actual level of the estimates obtained, since

ranking of animals might be a primary goal. The standard deviation of
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15.3 mJ/d in production period 2 showed that there were considerable
variation in energy requirement at constant production and at constant
metabolic weight. The heritability was estimated at approximately .2
which is the same level as the traditional feed conversion ratio

obtained in Chapter 4.

Partial energy requirement for growth

The average model [1] energy requirement for one kg of body weight
gain were 9.26 and 23.0 mJ in production periods 1 and 2, respectively.
The partial energy requirement for growth is generally thought to be
dependent on the composition of the body weight gain (Webster, 1980).
In older animals, a larger proportion of the body weight gain consists
of fat (Andersen et al., 1984 and Geay, 1984), but in this experiment
the composition of the gain is not known for each animal in each
individual weighing interval. However the partial efficiency for fat
and protein gain is very different. 1In a literature review, Geay
(1984) gave preferred values of .20 and .75 for protein and fat
accretion on an energy basis, respectively, based on pooled data from
52 experiments. The large differences in the partial efficiencies of
protein and fat accretion tend to diminish the relation between body
composition and energy requirement for growth. This might especially
be true in the present experiment since bulls of dairy breeds have
relatively small amounts of fat deposition.

The feeding level and production in production period 2 was much
higher than in period 1, with average daily gains of 1225 g vs. 893 g,
respectively. The efficiency of energy utilization is dependent on the

production level (Milligan and Summers, 1986, Andersen, 1980). This
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might be a reason for the big difference in the partial energy require-
ment for growth in the two production periods. Also the composition of
the body weight gain can be of importance.

A detailed analysis of the genetic and phenotypic correlations
between partial energy requirements and carcass composition at
slaughter will be reported in a subsequent paper. The heritability of
model [1] energy requirement for body weight gain was estimated at .106
and .188 for production period 1 and 2, respectively. These estimates
together with the phenotypic standard deviations of 22.1 and 51.4 mJ/kg
shows considerable variation among animals in partial energy
requirement for growth and also that a significant proportion of this

variance is due to additive genetic effects.

Weight dependent nonproductive use of energy

The average model [1] requirements for weight-dependent
nonproductive use of energy were .604 in production period 1 and .684
in period 2, both expressed in mJ per kg metabolic weight per day.
These values correspond to predicted maintenance requirements, and afe
almost twice the values assumed in most systems of estimating energy
requirements, e.g., NRC, (1978). However, the weight-dependent nonpro-
ductive use of energy is very dependent on production level, and the
values used in several energy systems were estimated in fasting animals
or in animals close to weight equilibrium. Andersen (1980) found esti-
mates at .541, .468 and .355 mJ/kg>/%/d for ad libitum feeding, 85% and
70% of ad libitum intake, respectively, based on data from a

crossbreeding experiment.
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The nonproductive use of energy is dependent on weight or age of
the animals. Van Es (1980) estimated the maintenance requirement in ME
of bulls that were crosses between Hereford and Freisian to be .607
nU/kg3/a/d at 250 kg live weight and .573 at 450 kg live weight.
Milligan and Summers (1986) stated that the maintenance requirement
decreases with increasing weight or age. However, this decreasing
effect might have been counteracted in the present experiment by the
change in the feeding strategy before and after 200 kg liveweight.
Thorbek (1980) estimated the maintenance requirement of calves weighing
from 100 to 275 kg liveweight using respiration chambers and found
estimates varying from .377 to .486 mJ/d, but found no relation to
liveweight. Larsen (1979) cf. Andersen, (1980) using a similar
approach as in the present investigation found estimates at .688
mJ/kg3/a/d on bull calves fed concentrates ad libitum, a result very
similar to the results obtained in this study. The considerable
variation among different estimates of weight-dependent nonproductive
use of energy found in the literature might well be ascribed to
differences in level of intake in the different experiments.

The heritability estimates for weight-dependent nonproductive use
of energy were .067 and .208 for production period 1 and 2
respectively. In comparison Larsen (1979) cf. Andersen (1980) obtained
a figure of .31 from a small experiment. Andersen (1980) demonstrated
differences among different crosses between beef breeds and dual
purpose breeds for weight-dependent nonproductive use of energy. Also,
Ferrell and Jenkins (1985) based on an extensive literature review

concluded that there are considerable differences among cattle types in
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energy requirements for maintenance and growth. The heritability
estimates, together with the phenotypic standard deviations, show
considerable variation among animals for the weight dependent non-
productive use of energy, and also show that the nonproductive use of

energy can be altered through genetic selection.

Interaction of energy requirements

The baseline intake for this model was slightly above zero in both
production periods (Table 22). The interpretation of the partial
requirements for growth and weight-dependent nonproductive use of
energy was difficult, due to the interaction between the two factors.
However, the results indicated that this interaction was important.
The standard deviation of model [2] requirements were all larger than
corresponding model [l1] requirements, a feature that may render model
(2] more useful in distinguishing among animals.

The heritability of model [2] partial energy requirements were
higher than corresponding model [1] requirements in production period
1, whereas the opposite were the case in period 2. The interaction
term showed heritability estimates at a level similar to the
heritability of conventional measures of feed efficiency reported for

the same animals in Chapter 4.

Residual intake

The last two