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Abstract

A strategy for multitrait genetic evaluation of US Jersey type traits that integrates an accounting
for heterogeneous (co)variances was developed. The proposed method allows joint estimation
of variances and effects. The new model is theoretically better than the current one and should
give less biased rankings of animals, especially for cows. The heterogeneous variance
adjustment reduced standard deviations and linear regression coefficients of sampling variances
on time substantially. Mendelian sampling variances for 1997 animals with and without
adjustments were nearly identical. The heterogeneous variance adjustments were successful in
stabilizing heterogeneous Mendelian sampling variances, thereby reducing bias among animals

evaluated at different times.

I ntroduction

In February 1998, a multitrait animal model
with canonical transformation was implemented
for genetic evaluation of type traits for US
Jerseys (Gengler et al., 1999). The method
includes multiple diagonaization (Misztal et
al.,, 1995), which is a generdization of
canonical transformation to severa random
effects rather than only additive genetic effects;
an expectation-maximization algorithm that
permits the use of this approach even if
observations for some traits are missing for
some cows (Ducrocq and Besbes, 1993); and
accounting for inbreeding in the construction of
the additive genetic relationship matrix
(Wiggans et al., 1995).

Although a common assumption of genetic
evaluation models is homogeneity of
(co)variances, this assumption is often incorrect
across time or herds (e.g., Weigel and Lawlor,
1994). Data can be adjusted to stabilize
variances by contemporary group before
evaluation. This strategy is used for some yield
and type evaluations but is not used for US
genetic evaluation of type traits for breeds other
than Holstein. Adjustment before evaluation is

not optimal. This type of preadjustment is
done independently from the evaluation
model and, therefore, does not account for
genetic or other (co)variances among
observations. In addition, preadjustment
requires a priori estimation of adjustment
factors, which means less flexibility. If a new
breed was evaluated or the evaluation model
was changed, new adjustment factors would
have to be computed. The objective of this
study was to develop a strategy for multitrait
genetic evaluation of US Jersey type traits that
integrates an accounting for heterogeneous
(co)variances. First results were reported by
Gengler et al. (2000). This report will focus
on the influence of heterogeneous variance
adjustments on  Mendelian  sampling
variances, as heterogeneity of these variances
can have negative influences on international
evaluations (MACE).

Material and M ethods
Current Model

A multitrait (single trait for final score)
animal model (Gengler et al., 1999) is
currently applied for al traits:



yi = Xhy+ He + Fd; + Ss + Zpy + Z*u, + g,

where for trait t, y = vector of type records; h =
vector of fixed effects of herd, date scored, and
parity (first or later) group (contemporary
group); ¢ = vector of fixed effects of age group
within parity (first or second) and appraisal year
group (before 1988 or 1988 and later); d =
vector of fixed effects of lactation stage within
parity (first or second) and appraisal year
(before 1988 or 1988 and later) group; s =
vector of random effects of interaction of herd
and sire; p = vector of random effects of
permanent environment; u = vector of random
additive genetic effects of animals and genetic
groups (u = a + Tg, where a = vector of random
additive genetic effects of animals expressed as
deviations from group means, g = vector of
fixed effects of genetic groups, and T =
incidence matrix that links g with u); X, H, F,
S, Z, and Z* = common incidence matrices for
all traits that associate h, c, d, s, p, and u, re-
spectively, with y; and e = vector of random re-
sidual effects. Age groups were <25 mo, 25-26
mo, ..., 37-38 mo for first parity and <41 mo,
41-42 mo, ... 53-54 mo for second parity. The
appraisal year groups were defined to
accommodate changes in the appraisal system
made in 1988. Genetic groups were based on
birth year (before 1971, 1971-72, ... 1991-92,
and after 1992). Sires and dams were included
in the same groups. For the remainder of this
report, the model will bereferred to asy, = Mm
+e.

Applying a canonical transformation based
on multiple diagonalization (Misztal et al.,
1995) of Var(s), Var(p), Var(g), and Var(e)
transformed the t observed traits for a given
animal i in an environment | (contemporary
group) into t unrelated traits (yQij) with a
residual variance of 1 using Ya; = Qyij, where Q
= transformation matrix and y; = vector of
original traits. If some traits are missing,
canonical observations can be obtained from the
observed original traits )
associated with the updated contributions from
current solutions on the transformed canonical

scales yQij = Qlyi(j)‘l'QzMijij as shown by
Ducrocq and Besbes (1993). Then the t mixed-
model equation systems are solved based on the
general model yq, Mmg, + ey and
continuous updating for missing records.
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I ntegrated Variance

Adjustment

Meuwissen et a. (1996) developed a method
to alow joint estimation of breeding values
and heterogeneous variances. Their method
was created for milk, fat, and protein yields
and is basically a multiplicative mixed model
that scales milk production records toward a
common phenotypic  variance through
computation of a heterogeneity parameter
each iteration. Then adjustment factors are
obtained by modeling those heterogeneity
parameters and extracting an expected
heterogeneity estimate. This method is
appealing because it accounts for (co)var-
iances among observations and heterogeneity
factors can be modeled in a flexible manner.
However, two magjor shortcomings are present
for application to US Jersey type evauation.
First, the method is univariate, but the US
system is multivariate; second, the mean,
which has no real meaning for type traits, is
scaled. Fortunately both problems can be
easily solved.

Heterogeneous

Multitrait evaluations based on canonical
transformation are univariate for the new
traits. Using the general heterogeneous
variance model proposed by Meuwissen et al.
(1996), the following model can be written on
the canonical scale:

Yq; =M m%ij + e%ij)’

where I'; = diag[exp(y;/2)], which means that
all effects are scaled for a given contemporary
group j and canonical trait t by exp(y;/2) and
that the associated variances are scaled by
exp(y;:). Because all associated variances are
scaled identically, the hypothesis that the
transformation matrix Q is still valid and can
be accepted.

The problem of the mean can be solved by
expressing al origina traits as deviations
from a general mean. Therefore, if traits on
the original scale are not missing, a trans-
formed record that has been adjusted for
heterogeneous variance

(yd;) can be obtained by computing y3, = I
Qu(yi — ¥°). Similarly, if traits are missing,
Y, is obtained by

y%ij = rJ_l[Ql(yi(J) -y + QZriMjr’haJ]'



The resulting genetic evaluation method
consists of three interdependent iterative
systems:

* Solution of regular mixed model equations.

e Update of canonical traits to account for
missing original traits.

e Update of  adjustment
heterogeneous variance.

factors  for

Mixed-model solution and canonical-trait
updates aready are part of the current
evaluation method.

Update of Heterogeneity Factors

Based on Meuwissen et al. (1996) a hetero-
geneity parameter z could be devel oped:

j
th = [(y%jt)'Djte%jt _kél)\jtk]/z,

where Dj; = diag(Ajx) = a diagonal matrix with
element Ay = weight associated with
observation k in contemporary group j for trait
t. The weight is assumed to be 1 if no original
traits are missing and to be <1 if an original
trait is missing. Computation of v follows the
methodology proposed in Gengler and Misztal
(1996). The variance associated with the
heterogeneity parameter is estimated as:

N
Var(z) =[(fig,) Difigy + 2 = Aiwd/4.

A feature of the method of Meuwissen et al.
(1996) is that the modeling of the heterogeneity
parameter uses a weighted mixed model on
pseudovariates obtained by summing current y
with the remaining heterogeneity within
contemporary group:

(SW S+ APH)B: = SW{[diag(y;) + W 'z],

where B; = solutions, S = design matrix linking
pseudovariates and ; W, = diagona matrix of
iterative weights with W, = diag[Var(z;)] and
Var(B) = A

In contrast to Meuwissen et al. (1996), Vi
were scaled towards a common base:

Yit = P - thase,
because mean variances had to be retained for
required backsolving. In addition, scaling

towards a common base was conceptualy
similar to the approaches in other studies of
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type data (e.g., Weigel and Lawlor, 1994;
Koots et al., 1994). Definition of the base has
no influence on the heterogeneity factor
solutions because the approach is similar to an
additive base change before and after solving
the mixed model equations.

The heterogeneity model can be defined in
a genera manner. The autoregressive model
of Meuwissen et a. (1996) could be
considered but was not used. Most studies of
type traits applied a structura model (e.g.,
Weigel and Lawlor, 1994; Koots et a., 1994).
The heterogeneity model in this study
contained fixed effects to pool information
across contemporary groups and an additional
random effect that regressed the observed
heterogeneity for a given herd-appraisal date
back toward the fixed effects. The fixed
effects were size of contemporary group and
parity (26 classes); mean final score of
contemporary group and parity (20 classes);
month of classification and parity (24 classes);
and 6-mo season, year, and parity (79 classes).
This heterogeneity model is a combination of
the one used by Koots et al. (1994) for the
random effect and the one of Weigel and
Lawlor (1994) for fixed effects. This model
also pools a priori knowledge and direct
observed heterogeneity and, therefore, is
conceptually close to the Bayesian approach
used for final score of US Holsteins (Weigel
and Lawlor, 1994).

Estimation of necessary  variance
components idealy is done jointly
(Meuwissen et a., 1996). However, for this
application, variance components were
estimated in preliminary studies using Method
R (Reverter et a., 1994). This is done by
sampling randomly 2 sets of 50% of the
heterogeneity data. In routine genetic
evaluation, variance component estimation
will be integrated into the system.

Computational Aspects

The publicly available computer program
MTJAAM (Gengler et a., 1999) was
modified dightly by adding a few lines of
code and some restructuring. Estimation of
adjustment factors was placed in a subroutine
and called from the main program.



Data

The same data used for calculation of official
February 2000 US genetic evaluations were
used. A total of 563,283 records with a
maximum of 16 observed traits from 330,222
cows in 34,402 contemporary groups were
included. The pedigree file contained
information for 504,211 animals. Solutions
from the official February 2000 evaluation were
compared with those from a system with
adjustment for heterogeneous variance.

Mendelian Sampling

Mendelian sampling was computed as
difference between EBV and parent average for
all cows with known ancestors and records.
This was done for the officia February 2000
evaluation and for the solutions from the test
run with new system. Mendelian sampling
variances were computed by birth year for al
cows with known ancestors and records.

Mendelian sampling variances over the
period from 1988 to 1997 were studied. First
mean and standard deviation of Mendelian
sampling variance were considered. Then a
linear regression of Mendelian sampling
variance on birth year was used as an easy way
to assess the constancy of Mendelian sampling
variance over time.

Results and Discussion
Estimation of Herd-Appraisal Date Variances

Estimates of required herd-appraisal date vari-
ances were between 1.6% and 6.9% of total
variance. Because the mixed model was
weighted according to variance of the
heterogeneity factors, the relative weights of the
random effects were higher than reflected by
those val ues.

Test runs with a smaller sample showed that
the introduction of updating of those variances
through Method R increased the estimated
variances. This result, if confirmed on the
whole data set, can most likely be attributed to
the iterative nature of the procedure and the
greater similarity of contemporary groupsin the
same herd-appraisal class.
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Convergence, Correlations and Ranking

Results on convergence, correlations among
previous solutions with new solutions and
rankings of animals were reported earlier
(Gengler et a., 2000).

Mendelian Sampling

Table 1 shows the means, standard deviations,
and the linear regression coefficients on birth
year of Menddian sampling variances
observed between 1988 to 1997 for cows with
known ancestors and records, and for all the
traits. The heterogeneous variance adjustment
reduced standard deviations and linear
regression coefficients (b values) to a very
large extent. This was an expected result.
Figure 1 shows for udder depth how the
heterogeneous variance adjustment affected
the Mendelian sampling variances over time.
Also visible and reported in Table 1 for all
traits, is an associated reduction of the mean
Mendelian sampling variances. This result
may be explained by the fact that
heterogeneous variance adjustments reduced
overal variation for all traits, therefore,
reducing Mendelian sampling also. In general,
(results only shown for Udder Depth in Figure
1) Menddian sampling variances for 1997
animals with and without adjustments were
nearly identical. The heterogeneous variance
adjustments were successful in stabilizing
heterogeneous Mendelian sampling variances,
thereby reducing bias among animas
evaluated at different times.

Conclusions and I mplications

The proposed method for the integration of
heterogeneous (co)variance adjustments into
the current genetic evaluation system for US
Jersey type traits proved to be feasible. It has
the feature of allowing joint estimation of
variances and effects. The new modd is
theoretically better than the current one and
should give less biased rankings of animals,
especially for cows. The stabilization of
Mendelian sampling variances was used as the
criterion. Use of Mendelian sampling is
appealing because it has aso been recently
advocated as another quality control tool
before integration of national into
international evaluations.
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Table 1. Mean, standard deviation and linear regression factor (b) for cow Mendelian sampling
variances observed for birth year from 1988 to 1997

Cow Mendelian sampling variance from 1988 to 1997

Without HV* adjustment With HV adjustment
Trait Mean SD b Mean SD B
Final Score 0.73 0.18 -0.043 0.51 0.08 -0.024
Stature 2.18 0.54 -0.164 1.66 0.24 -0.077
Strength 1.04 0.26 -0.072 0.75 0.10 -0.027
Dairy Form 1.16 0.29 -0.085 0.78 0.11 -0.034
Foot Angle 0.27 0.07 -0.014 0.20 0.03 -0.003
Rear Leg 0.20 0.07 -0.022 0.13 0.03 -0.010
Body Depth 1.00 0.24 -0.066 0.69 0.08 -0.021
Rump Angle 171 0.52 -0.146 1.10 0.21 -0.065
Thurl Width 0.69 0.17 -0.046 0.51 0.06 -0.017
Fore Udder 161 0.36 -0.104 1.05 0.08 -0.024
Rear Udder Height 1.31 0.22 -0.045 0.90 0.06 0.002
Rear Udder Width 0.93 0.17 -0.024 0.66 0.07 0.005
Udder Depth 2.85 0.71 -0.218 1.76 0.19 -0.060
Udder Cleft 0.57 0.12 -0.028 0.40 0.04 -0.006
Teat Placement 1.07 0.22 -0.058 0.69 0.06 -0.019
Teat Length 0.87 0.20 -0.044 0.53 0.07 -0.011

* HV = heterogeneous variance
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Figure 1. Estimates of the Mendelian sampling variances over time for Udder Depth.
* HV = heterogeneous variance
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