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ABSTRACT: The Bayesian approach was imple-
mented for fitting several maternally ancestral models
for weaning weight data of Angus calves. The goal was
to evaluate to what extent genetic evaluation models
with additive grand maternal effects (G), or with an
ancestrally structured covariance matrix for maternal
environmental effects (E), or with a sire x year interac-
tion (ISY), or combinations thereof (GE, GSY, ESY,
GESY), redistribute the additive variability and reduce
the negative magnitude of the additive correlation be-
tween direct and maternal effects (74,am), When com-
pared with the regular maternal animal model (I). All
animals with records had known dams and maternal
granddams. The sampling scheme induced low autocor-
relations among all variables and tended to converge
quickly. The signs of the estimates of 4,4, Were consis-
tently negative for all models fitted. The magnitudes of
the estimates of 1y, from models E, G, GE, ESY, and
GESY were almost one-third of those from models I
and ISY. Inclusion of the sire x year interaction had
some effect in reducing the negative magnitude of 74, m,
but also reduced the size of the estimates of direct ( h“)
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and maternal (hf%) heritabilities. In comparison, models

E or G reduced the negative magnitude of 74,4, by 0.50
units and produced more favorable estimates of 4 and
h? than models I and ISY. The estimate of /* from G
was similar to the one from I; however, the estimated
h' was 0.04 units greater, whereas the estimate of 7.,
was much less negative (—0.21 vs. —0.71) than the re-
spective estimates from I. The environmental correla-
tion between the weaning weights of dams and their
daughters (X\) was estimated to be —0.28 4+ 0.03 in E
and ESY, and —0.21 + 0.03 in GE and GESY. Inclu-
sion of the sire x year interaction effect by itself did not
have much of an impact in the reduction of the esti-
mated magnitude of 74,4, Rank correlations among
EBYV for direct effects were larger than 0.94 and did not
show any appreciable difference among models, where-
as the rank correlation among maternal breeding values
displayed differences in the ranking between I and the
other models. Models E and ESY recovered the largest
amount of total additive variability with maternal ef-
fects.

Bayesian estimation, beef cattle, grand maternal additive effect, maternal effect,

sire X year interaction, weaning weight
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INTRODUCTION

Even though genetic evaluation of weaning weight in
beef cattle has been longstanding, both the model used
for evaluation and the value of the additive covariance
between direct and maternal effects (o 4,4m) are still a
matter of debate. The current maternal animal model
(MAM) used in genetic evaluation includes additive
direct and maternal effects, as well as independent ma-
ternal permanent environmental effects. However, Koch
(1972) attempted to explain large negative estimates
of 0oam by the existence of an environmental correla-
tion present in the phenotypic covariance between dam
and offspring. At the same symposium, Willham (1972)
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proposed to include a genetic contribution to the ma- MATERIALS AND METHODS
ternal phenotype from all dams back in the pedigree
through a maternal granddam effect. Years later, Rob-
inson (1996) suggested that the estimate of 04,4, may
be less negative if additional variation due to sires, in
the form of a sire x year or herd interaction, is account-
ed for. Parameter estimates obtained when fitting a
correlation between maternal permanent environments Data were weaning weights (n = 7,229) from a pure-
provided by dams and their daughters (Quintanilla ~ bred Angus herd, located at Pasteur, western Buenos
et al., 1999), or from additive grand maternal effects  Aires province, Argentina, collected from 1974 through
(Dodenhoff et al., 1999a), or from the sire x herd in- 2008. The total number of animals in the pedigree (q)
teraction (Gutiérrez et al., 2006), support all 3 models  was 9,936, including 747 bulls and 3,404 cows. The
because the MAM can properly account for all sources  number of cows mothering calves with records (d) was

Animal Care and Use Committee approval was not
obtained because the data came from an existing da-
tabase.

Data

of variability if the information is complete. However, 2,444. The management of the herd and the selection
there is no indication of how these “enlarged” MAM  procedures were described in Cantet et al. (1993). Calves
redistribute the total additive and environmental vari-  born from embryo transplants or twins were discarded

ability among their dispersion parameters because the for all analyses. The average age at weaning was 194 +
3 models are not equivalent mixed models in the sense 23 d, and the average weaning weight was 205.3 + 40.3
of Henderson (1985). Thus, the goal of this research is  kg. To correctly specify the genetic covariance matrix
to evaluate how the fitting of several enlarged MAM  when grand maternal breeding values are included in
affects the estimated (co)variances, when the informa-  the model, each animal with a record needs to have a
tion on dams and maternal granddams from the data  known granddam (Dodenhoff et al., 1999b). Therefore,
is not limiting. A second objective is to show how to  all analyses in the current research included only those
implement certain Bayesian Markov chain Monte Carlo  calves whose sire, dam, and maternal granddam were
(MCMC) algorithms for estimating the dispersion pa- identified. The total number of maternal granddams of
rameters of MAM. calves with records was 1,905.

Models

The data were analyzed with 8 different models. All of them included the following fixed effects: sex of calf
(males, females), age of dam (2, 3, 4, 5 to 8, 9 or more years of age), contemporary groups (96 levels), and age of
calf at weaning as a linear covariate. In order for the incidence matrix of the fixed effects (X) to be of full rank, the
solutions for the female calves and for the last level of age of dam were set to zero so that rank [X]| = p = 102. All
models include random additive direct (a,) and maternal (a,,) breeding values, as well as maternal environmental
effects (e,,) and the error term (e,). The model that results from including the grand maternal breeding values (a,;
Willham, 1972) in the MAM was denoted by G. Two different specifications of the covariance matrix for the e,
vector were considered; the classic structure with independent environmental effects (I models), and the ancestrally
correlated through the dam side covariance structure proposed by Quintanilla et al. (1999; E models). The model
that includes a random sire x year interaction effect (h; Robinson, 1996) was denoted as SY. There were s = 1,062
levels of the sire x year interaction. The most general form of the model equation (model GESY) was equal to

y:XB—I—Zoao—f—Zmam—I—Znan—f—Zpem—l—Zsyh—f—eo, [1]

where y is the vector of observations of order 7,229 x 1, X is of order 7,229 x 102, and the vector of fixed effects
B is of order 102 x 1. The matrices Z,, Z,,, and Z, (of order 7,229 x 9,936) relate a,, a,,, and a, to y, respectively;
matrix Z, (7,229 x 2,444) relates maternal environmental effects e, (2,444 x 1) to y; Z,, (7,229 x 1,062) relates
h (1,062 x 1) to y. Finally, e, (7,229 x 1) is the vector of error terms. Expectations and variances of all random
vectors in Eq. [1] are

a, 0 a, Adi, Ao, Ao, 0 0 0
a, |0 a. Ao,.. Ao, Acg,, O 0 0
a, |0 a, |Ac,. Aoc.. Ao 0 0 0

E ) . V n|__ Yodr 4mdn 4dn 2
| 0! | |en 0 0 0 Eoi 0 0 12
h g h 0 0 0 0 Loy 0
C! o € 0 0 0 0 0 Loy
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Matrix A contains the additive relationship among all animals and was calculated using the Quaas algorithm
(Quaas, 1976) to account for inbreeding. The dispersion parameters were the additive direct variance (775, |, the

\ /

additive maternal variance (77, |, the additive grand maternal variance (an), the covariance between direct and

maternal breeding values (U 4oim ) the covariance between direct and grand maternal breeding values (T yosn ), the
covariance between maternal and grand maternal breeding values (0,,,, ], the maternal environmental variance
(agm), the correlation between maternal permanent environmental effects of dams and their daughters (\), the sire

X year interaction variance (Giy), and the error variance (U"EO\, Defining a:[a’o, a,,a, ]’ and G, =

‘7,240 TAoAm  TAoAn
Taodm  Tim  aman Tesults in Var (a) = G, ® A. As in Quintanilla et al. (1999), the E matrix was expressed as E
TAoAn  TAmAn Uzz‘ln
= [g (N)], assuming that the dam-daughter environmental relationship was constant across generations. Diagonal
elements of matrix E are ones, and off-diagonal elements E;; reflect the relationship between females i and j that
are related through the maternal pathway by powers of X\, and zero otherwise. As an example, let dam i be the
mother of dam j. Then, Cov (e, e,,) = N3, with |\ < 1. Alternatively, in models such as GSY, maternal envi-
ronmental effects were independent, so that Var (e,) = I,,,, 05, . In model ESY, Var (e,) = Ec}_, the sire x year
interaction is included, and grand maternal effects are excluded. Alternatively, model ISY considers independent
distributions for both the maternal environmental and the sire x year interaction effects. Models GE, G, E, and 1
were based on models GESY, GSY, ESY and ISY, respectively, without the sire x year interaction. The vectors
e, and h were assumed to be normally distributed and independent of each other, and both vectors are indepen-
dent of the breeding values.

It should be emphasized that in contrast to the models with grand maternal effects (G, GE, and GESY), the
vectors containing the total additive genetic effects (a) in the maternal models (I, E, ISY, and ESY) have only 2
random effects instead of 3. As a consequence,

2
940 TAoAm

)
|

2
O AoAm OAm
Bayestan Estimation Procedures

Dispersion parameters were estimated using a conjugate Bayesian approach, as in Cantet et al. (2004). Methods
are presented for the most general model (GESY). It is assumed that, conditionally on all location effects (i.e., on
0= [[3', a'e,' h']'), and on the residual variance, data were a realization from the normal process:

y|0.,00, ~N, (WO.I 07 ) 3]

where W:‘X |\ Z,|Z.,|Z,| Zp]ZSy

tional to

Hence, the likelihood of the observed data can be written as being propor-

) [ 0) '

p(y ‘ 9» Gm >\) UE‘m’ G:SI*}M ”%0 J X f\ 0-2‘0)

To reflect a prior state of uncertainty for the fixed effects and to obtain a proper posterior distribution (Hobert
and Casella, 1996), we take the prior distribution of the p x 1 vector 8 to be multivariate normal such that g ~N,
(0, K). Matrix K is diagonal with large diagonal elements (k; > 10%). This specification avoids having improper
posteriors distributions in the mixed models. Also, the joint prior distribution of the additive genetic effects for the
ganimalsis a | A, G, ~Nj, (O, G, ® A), where | is the dimension of G, (3 in this case). Thus, the corresponding
density can be written as

p( a ’ A, GO ) X | Go| 5 exp{—% a’(Ggl®A’1)a}, [5]

Additionally, the matrix G, follows a priori an inverted Wishart (IW) density: G, ~IW (G, v,), where G’ is the
prior covariance matrix and v, are the degrees of belief. More formally, we have

Ii(G” G\i.u»ll x| G, '3“"‘;.“vxp»l—%tr-GiIGl-l[. [6]

\
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A priori, the maternal permanent environmental variance has a scaled inverted x> density so that
\*['%H

|
2 ] GXp{ nggfm | [7]

(0% | Vons $2n) X (03,

with hyperparameters vgy,, the degrees of belief, and s;, , the scale. The prior density for X is a truncated normal
so —1 < X\ < 1, with a prior mean of —0.19 as estimated by Quintanilla et al. (1999). Also, the sire x year interac-
tion variance follows a priori a scaled inverted x* density:

plod, |v,,sd)x (o3 )12 7 expl Ml. 8]
‘ gt 4 | 20dy

Prior parameters are the degrees of belief v, and the scale s; . Finally, the residual variance is assumed to follow
a priori a scaled inverted x* with density proportional to

y " ) ,“/Eﬂ+1 ! A <
P O | Vios Spo ) X (08 ) | 2 exp fML 9]

20%,

Using the Bayes theorem, the joint posterior distribution of all parameters given the data can be expressed as

Y. Gy S50y S50s Vyy Vi Ses VoV

(6, Gy, 0%, N0y,
p(y 16,07 ) xpBIK)xp(a|G,)xp(G, |v,, Gy} x ple, | \a2, |x [10]

p(aém ’ ’/' sém)xp()\)xp(h | O-%Y )Xp(aé)’ ’sz Siﬂ)xp(aéo

I/Em Séo)'

Full Conditional Posterior Distributions

The full conditional posterior distributions are required to implement the Gibbs sampler. Let £2 be the vector
whose elements are the dispersion parameters of the model such that

Q ‘ {O-jo O Aoam, O-j‘;lm’O-AoAnvO-vaO-AmAn 7>\70§'va§}/7 O’é‘ow /;

and let €2 be similar to {2 except for the #th element, which is removed from the entire vector of dispersion pa-
rameters. Then, the joint conditional posterior density of (3, a, e,,, and h is

X'X4+K! X'Z, X%, X'y X%y, X'y,
2.X L To+ATY 7t AT 27 AT 2.y, -
B )
ag ag| | Zp'X Ly Zo+ AT 77 AT 7Ty AT P Ty, -
a a -1 31 2 -1 .32 —1_33
am Y~ Nptigtd s am InX InlotATe” TnTm+ATe" InTn+ATg Zn'Tp Ly'Lsy (17
n n
em em| | Zp'X 7,7, (- LT, Zp'Zp+E ! E -
h h TEm
1 Il / , , o 0,:
Zey'X Tey'To Ty Tn Ty I Tey'Tp Loy Toy +1,7' ~ 0
a8y
where
s 1
11 12 13 Z
g g g O-Ao O-A. A UAoAn
21 22 23| — 2 =
g g L7 = 10404m  Tim  Oaman| Og.-

3l 32 33 2
g g Odotn Osman  Oin

02
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Finally, 3, a,a .a e and h are the solutions of the following system of equations:

X'X+K' X'Z, X'Z,. X'Z, X’Zp X’ZSy
Z.'X 77, +A'¢" Z'Z AT L7+ AT 7, 7, 8 X'y
Z /
2.'X 7.7, +A'¢" 7.7 +A'g? 1'% +A'g” Z,'7, Z,'T, % . Y
a, A4l em y
ZH/X ZH/ZO + A71g31 Zn/Zm + A71g32 ZH/Zn + A—lgSS Zn,Zp Zn/Zsy an = Zn’y
/ / / ' / _1 0%, / e 7'y
7, X 7,7, 7,7, 7,7, 7,7, +E ! UL 7,7, m p /
Em h Zsy y
/ / !/ ! ! ! 1 0"0
Z, X 77, 7,7, 7,7, 7,7, 7,7, +1, 2E
(12]
The full conditional posterior distribution of maternal environmental effects was
) N [ + Vgm +1] em/ E 1 em F Vo \7
p(05, 0.8,y Joc(ot,) |2 XD -——g = [13]
-l L, W
This isascaled inverted x* density with Up,, = d+vgn degrees of beliefand scale parameter s;, | = Cu' B De“‘+' dEm T
Em

that is, 7}, | 0, Q .y~ (z?EmsEm) For the variance of sire x year interaction effects, the full conditional poste-
rior distribution was

P02 18,9y Joclob |2 exp| BB o s |

2 0% 14

h' h+v,, s _

Vg +8

Again, a scaled inverted x* density with ﬁw = s + Vg degrees of belief and scale parameter 52 =

that is, oy, | 0, 2, y~ X* (7,5 . The full conditional posterior density of the residual variance was proportional
to

117EQ+1'
12 exp

ploz 0.,y Joc(o,) [15]

Yo 380
e

(y=W8)' [y - WB) + v, sp,

where 7, = 1, + n and S; = Thus, the density was equal to

3 VEo
oL I PR TR A
Sampling of G, Using Differential Degrees of Belief
To sample from the posterior conditional density of G, let S, be
a,/A"'a, a,/A'a, a,/A'a,
S, = a‘(Gg1 ® A’l)a = la,A'a, a,’/A'a, a,/Ala,|
a,’A'a, a,’A'a, a,/A'a,

Thus,

1 Lo e ; ZAnl
Pl Gy | 0.9 1y | x|Gy g o ”eXp{*i.” G, 'S+ G
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which can be recognized as the kernel of an [ x [scaled IW distribution, with degrees of belief equal to v + ¢ and
scale matrix 8, + G|

-1

G, 0.9 .y ~1IW,|v+q, (Sg+G(;*1)

To reflect differences in uncertainty for the prior variances and covariances of the additive genetic effects, the
elements of the genetic covariance matrix G, were sampled individually using a generalized IW distribution (GIW,
Brown, 2001), as suggested by Daniels and Pourahmadi (2002). The GIW distribution is based on applying the
Bartlett decomposition of a matrix and involves a larger set of hyperparameters than the inverted Wishart. Let

811 B2 83 g g
11 1
G=8 Bn 83=| , G .
g1 1
831 832 B33

so that g is a 2 x 1 vector and G_; a 2 x 2 matrix. Then, the Bartlett decomposition of G is such that G = T
A T with

u 0
A= 8 85| ||
0 “ 2l (gn) 1{%12 g13}l
832 Ba3 &3
L. v 116]
I'= (gn) g, I,
|(8u ) ‘g1 i
(g )
The decomposition allows using the properties of the GIW, so that g, \bu) ]g” . and
(Bu1) 83
8n 8n & =0 L
- (211) 1812 &3]
83 8n) |8

are distributed as an inverted x% a multivariate normal, and an IW, respectively. The idea is to sample g,; first,
and then gy, conditionally on g;;. Next, g,, is sampled conditionally on g;; and gy, and so on. This formulation
allows using different degrees of belief for all additive variances. A full description of the algorithm and its charac-
teristics will be published elsewhere. Degrees of belief were used such that o received 2 times more than +  and
6 times more than o}, .

To increase the comparability of the estimates across all fitted models in the current research and with estimates
published elsewhere, results are presented in terms of heritabilities instead of additive variances, additive correla-
tions instead of additive covariances, and ratio of variances, so that

2 2 2
72 o= 04 . B2 Oam 12— T
0 2 ¥ T P no- S
g a
2 2
=T, =95
0.2 4 g
. O 4ohm r — _ Tdoan
"AoAm B PR TAoAn T T 5 o
O-Ao O-Am \/O-Ao O-An
a
Amd

r et "L
AmAn )
Joi. ol

with ¢* being the phenotypic variance of the corresponding model. For each model, total heritability (h%) was cal-

culated using the estimated values of the genetic (co)variance components as h; = 0;7/0°, where 07 is the total
additive variance (Dickerson, 1947). For MAM, o7 was taken from Willham (1972) as 05, + 1.50 gou,, + 0.507%, .
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Sampling of A

Instead of sampling X\ using the Metropolis-Hastings
as in Quintanilla et al. (1999), we sampled the param-
eter from a truncated normal density. Whereas Chib
(1993) is the first reference to the topic, Heringstad et
al. (2003) applied the sampler to a threshold model for
data on clinical mastitis. The method is based on par-
titioning the vector e,, in such a way that e, = [e,n’,
eyp’|’, similar to the reduced animal model (Quaas and
Pollak, 1980), wherein individuals are considered as
parents or nonparents. The subvectors result from or-
dering the effects such that dams of cows with progeny,
in e, p, antecede cows that are not mothers of dams, in
e,p. Then, the density was p(emD, e.p ‘ E, |~

N, (0, E, (r%m) To proceed with the algorithm, the first
step was to fit the regression

e.r=A\Se. + &

where S relates e, effects of dams to the effects of their
mothers. The error of the regression (e) was such that
e~N, (O, I o7} with o = (1 — Ao}, The regression
error variance 0. was sampled from the density
plot|e,, A ~e'e x5, (Heringstad et al., 2003). The
sampling of X was from the truncated normal condi-
tional posterior density

PIA] €, €ups 07) ~ Ny [E(N), Var()) [17]

with parameters

E(\)-(e.n'S’S emn) €.p' S’ e.p

Var()\):(emD’S’S emD) o

The truncation in the parameter space of X\ was to
ensure that the resulting matrix E be positive-definite.
It was found by trial and error that when —0.30 < X\ <
—0.01 for models E and ESY, and —0.25 < X < —0.01
for models GE and GESY, matrix E was positive defi-
nite (i.e., E > 0). An accept-reject algorithm was used
to sample from a 2-sided truncated normal distribu-
tion, as proposed by Robert (1995).

MCMC Sampling Scheme

The Gibbs sampler was implemented using a long
chain of length 100,000. At each iteration, the Gibbs
algorithm proceeds by first sampling 3, a, e,, and h
from the updated full conditional distribution [11].
Next, the error variance is sampled from [15], the vari-
ance 02 from [13], and the parameter X from [17]. The
algorithm continues with the sampling of G, from a
GIW, using the Bartlett decomposition [16]. Finally,
the variance 03, is sampled from [14]. Jensen et al.
(1994) explained the implementation of the Gibbs sam-
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pler for MAM with independent maternal environmen-
tal effects in detail. Nevertheless, for models that in-
cluded matrix E, the sampling of X\ was as proposed by
Chib (1993). Following Geyer (1992), the first 2,000
iterates (2%) were discarded due to burn-in, and the
remaining iterates were used to estimate the marginal
densities. Convergence was assessed by visual appraisal
of the running means plus the control of whether the
statistics of Geweke (1992) were within the range (—2,
2), as implemented in the Bayesian Output Analysis
package (BOA; Smith 2003). Evidence of convergence
within the number of iterates as indicated above was
obtained for all models except for ISY, which required
lengthening the chain. Posterior statistics were calcu-
lated using the program POSTGIBBSFEF90 from the
package BLUPF90 (Misztal et al., 2002). All remaining
calculations were performed with different programs
written in FORTRAN. To evaluate if considerable re-
ranking of the animals occurs, Spearman correlations
for the direct and maternal breeding values of the 8
models were calculated.

RESULTS AND DISCUSSION

As the sampling scheme induced low autocorrelations
for all variables (data not shown), Gibbs iterates con-
verged quickly for all parameters with the exception
of ¢gv in model ISY, which required further iterations.
Table 1 displays the posterior means with their SD
and the 95% highest posterior density intervals (95%
HPD) of the genetic and environmental dispersion pa-
rameters for all models.

All marginal densities were unimodal, tended to be
symmetric, and point estimators of mean, mode, and
median were similar for most parameters. Therefore,
only means are reported in Table 1. Although parame-
ters X and cgy displayed asymmetric marginal posterior
densities (Figures 1 and 2), the estimated values of the
posterior means, medians, and modes were similar too.
None of the 95% HPD for A%, b2, 1) 7aoams Taman N €5
csy, or 0y, included 0, which suggests that these pa-
rameters are different from zero. Estimates of 1* were
consistently larger than h?n in all models, and the latter
estimates were larger than those of °. Ranges of mean
estimates across models were 0.11 to 0.19 for 2°, 0.08 to
0.15 for 12, and 0.10 to 0.11 for 1*. Cantet et al. (1993)
estimated hZ = 0.12 and hzn = 0.03, from a subset of 935
records of the current data set using REML. In Angus,
Dodenhoff et al. (1999a) estimated h* = 0.22, b2 —
0.11, and h2 = 0.06. In the current research, the esti-
mates with the largest magnitude for 4° and hi were
observed in models E and ESY, and the least in model
ISY (see the discussion of 73,4, below). Estimates of 17,
from models E, G, and GE were larger than the esti-
mates from the customary maternal animal model I,
whereas the opposite was true for the parameter ¢: the
greatest value was found for models I and ISY. These
results agree with those of Meyer (1992), Robinson
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Figure 1. Marginal densities of the dam-offspring maternal environmental correlation (M) for models E, ESY, GE, and GESY (E = correlated
maternal environmental effects; G = grand maternal additive effects; SY = sire X year interaction).
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Figure 2. Marginal densities of the proportion of phenotypic variance accounted for by sire X year interaction variance (csy) obtained in the
models with a sire X year interaction (I = uncorrelated maternal environmental effects; E = correlated maternal environmental effects; G = grand
maternal additive effects; SY = sire x year interaction).
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Table 2. Rank correlations between estimated breeding values for direct weaning
weight (above diagonal) and between estimated breeding values for maternal weaning

weight (below diagonal)'

Model I E G ISY ESY GSY GESY
I 1 0.965 0.972 0971 0.985 0.960 0.958 0.968
E 0.854 1 0.995 0.996 0.941 0.998 0.986 0.995
G 0.851 0.976 1 0.999 0.950 0.993 0.990 0.998
GE 0.845 0.978 0.999 1 0.948 0.994 0.990 0.998
ISY 0.965 0.922 0.918 0913 1 0.943 0.952 0.950
ESY 0.842 0.999 0.975 0.977 0.920 1 0.990 0.996
GSY 0.818 0.968 0.992 0.991 0.910 0.972 1 0.994
GESY 0.835 0.976 0.998 0.999 0.911 0.977 0.994 1

1T = uncorrelated maternal environmental effects; E = correlated maternal environmental effects; G = grand

maternal additive effects; SY = sire x year interaction.

(1996), Dodenhoff et al. (1998), Quintanilla et al.
(1999), and Iwaisaki et al. (2005) and support the idea
that under model I,/ is underestimated, whereas ¢ is
overestimated.

As is customary with almost all estimates of the pa-
rameter, the sign of 7,4, Was consistently negative
throughout all models fitted in this study. The magni-
tudes of the estimates of ry, ., from models involving
either grand maternal effects or nonindependent mater-
nal environmental effects (E, G, GE, ESY, and GESY)
were almost one-third of the magnitudes of the esti-
mates from models I and ISY. Inclusion of the sire x
year interaction had some effect in reducing the magni-
tude of 74,4, but also reduced the size of the estimates
of hf and h”. In comparison, models including X or
grand maternal additive effects reduced the magnitude
of ryoam 1N 0.50 units while producing more favorable
estimates of 7° and h;, than models I and ISY.

Grand Maternal Additive Effects

The values of the estimates of hi suggest that grand
maternal effects exist for weaning weight in this Angus
population. The estimate of 2~ from model G was simi-
lar to the one from model I; however, the estimated 1’
was 0.04 units greater, whereas the estimate of ryoa.,
was much less negative (—0.21 vs. —0.71) than the re-
spective estimates from model 1. Similarly, Dodenhoff
et al. (1998, 1999a,b) attempted to fit the model of
Willham (1972) with additive and permanent environ-
mental grand maternal effects in several data sets from
different purebreds and composites, using average in-
formation REML. Convergence of this complex model
occurred in 8 out of 25 data sets. With the exception of
a Hereford line selected for yearling weight (Dodenhoff
et al., 1998), estimates of 74,4, for weaning weight from
the model including grand maternal effects were less
negative than those estimates of r,,,,, from the MAM.
Positive correlations were observed between maternal
and grand maternal genetic effects (ry,4,), contrary to
the expectation of Willham (1972). However, our re-
sults were consistent in all models including G effects
(Table 1, models GE, GSY, and GESY). Finally, the

parameter 7,4, was estimated to be negligible, now in
agreement with Willham (1972) who doubted that a
nonzero ., exists. The total heritability (%) estimat-
ed from model G was greater than from model I due to
the decreased magnitude of the covariance between di-
rect and maternal effects (0,4,,) Obtained from model
G. The same situation was present in model E. We did
not find problems of convergence when estimating the
model with grand maternal genetic effects, as those re-
ported by Dodenhoff et al. (1998, 1999a,b). It is un-
likely that the difference in performance in both inves-
tigations is due to the use of a different method of
estimation, but rather due to the data structure: num-
ber of dams and maternal granddams with records,
number of progeny per dam, number of generations of
recorded data, and relationships between relatives re-
lated from the maternal side (Gerstmayr, 1992; Mania-
tis and Pollott, 2003). On the other hand, we did not
attempt to include the grand maternal permanent envi-
ronmental effects to avoid excessive overparameteriza-
tion of models.

Models with Environmental Effects

Fitting a sire x herd-year interaction and uncorre-
lated maternal permanent environmental effects in the
ISY model resulted in smaller estimates of »” and A,
and less negative estimates of ry,,, When compared
with the estimates from model I, which does not in-
clude the interaction term. The result is consistent with
the findings of Dodenhoff et al. (1999b). The most
probable reason why hf and h,i decrease when including
a sire x year interaction is due to removing part of the
variability accounted by sires, which is present in o3,
and 07, . Moreover, the correlation of sampled values
between the chains of parameters 03, and ;- was the
greatest in magnitude and had a negative sign (—0.58
in model ISY). Additionally, the confounding between
additive direct effects and the sire x year interaction
was evident while attempting to fit the interaction with
a correlated covariance structure using the additive re-
lationships among sires, as the estimate of o7, , and thus
of hf, went to zero (data not shown). As expected, esti-



Maternally ancestral animal models

mates of ¢ were not affected by the inclusion of the sire
x year effect into a model, such as I. The same situa-
tion was observed by Baschnagel et al. (1999) for wean-
ing weights of Swiss Angus cattle when a random sire
x herd interaction was in the model. The sire x year
variance represented 1 to 3% of the phenotypic vari-
ance in the current data, a result in agreement with Lee
and Pollak (1997) who reported cgy = 0.03 in Simmen-
tals, whereas Dodenhoff et al. (1999b) obtained esti-
mates of c¢gy in the range of 0.02 to 0.10. The estimate
of hT was the smallest of all analyses, suggesting that
there is not much to gain in terms of total heritability
when including the sire x year interaction if E or G ef-
fects are already in the model. A word of caution should
be noted at this point. Because the analysis performed
here used data from just 1 herd, a sire x herd interac-
tion was impossible to fit. It is likely that the causes for
the existence of a sire x year interaction in a single
herd are different than those causing sire x herd inter-
actions in a multiple-herd data set (for example, nonad-
ditive genetic effects), so the 2 types of interactions do
not necessarily redistribute the genetic variation simi-
larly. However, because variance due to sires explains
one-quarter of the additive variance, inclusion of any
interaction involving sires would somehow reduce addi-
tive variance.

With regard to the environmental antagonism be-
tween the weaning weights of dams and their daugh-
ters, the posterior means of X in the present study were
—0.28 £ 0.03 in models E and ESY, and —0.21 & 0.03
in models GE and GESY. Although the marginal poste-
rior densities of X were not symmetric in the 4 models,
we chose to report the posterior means because they
were not dissimilar to the posterior medians and modes.
Here, the estimated values of X\ were consistently nega-
tive, and in the range of —0.25 to —0.30 in all models
(Figure 1). These results can be interpreted as evidence
of a negative relationship between maternal permanent
environmental effects of females in 2 consecutive gen-
erations, for weaning weight in beef cattle. Cantet et al.
(1988) estimated X\ to be —0.25 in Herefords, whereas
Quintanilla et al. (1999) obtained an estimate of —0.19
for Bruna dels Pirineus. The latter authors also found
that assuming independence between maternal envi-
ronmental effects of 2 generations resulted in biased
estimates of all the (co)variance components. [waisaki
et al. (2005) compared REML estimates of genetic and
environmental (co)variance components for weaning
weight from Gelbvieh and Limousin calves, while try-
ing different fixed values of the correlation between ma-
ternal permanent environmental effects (A = 0, —0.10,
—0.20, —0.30). As the value of X\ became more negative,
Taoam Was reduced from —0.25 to —0.17 in Gelbvieh,
and from —0.59 to —0.52 in Limousin. Additionally,
Iwaisaki et al. (2005) found in both breeds that models
with nonzero estimates for X had smaller values (better
fit) of the negative log-likelihood than the model with
X = 0. The smaller estimate of ¢ may be the result
of taking into account the environmental correlation
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between maternal effects of ancestrally related dams
instead of assuming them independent.

Models that Combine Genetic
and Environmental Effects

It is worth noting that pairs of models that differ in
the inclusion of the sire x year interaction (i.e., E and
ESY, G and GSY, and GE and GESY) displayed iden-
tical posterior means. Thus, the variability associated
with the sire x year interaction was explained by the
maternal environmental effects ancestrally correlated
(E), the grand maternal additive effects (G), or both
set of variables (GE). When the sire x year interaction
was fitted simultaneously with the maternal permanent
environmental effects (model ESY), and also with the
grand maternal effects (model GESY), the posterior
marginal densities of c¢gy displayed irregular shapes
when compared with the posterior density of ¢y from
model ISY (Figure 2). This suggests that when models
ESY and GESY were fitted to the data, there was little
information available to estimate all dispersion param-
eters simultaneously and accurately. Alternatively, Fig-
ure 2 is suggestive of a lack of information on cgy if X\
is included in the model. Therefore, it does not seem
to be useful to include both an ancestrally structured
covariance matrix for maternal environmental effects
combined with the sire x year interaction in this Angus
data set because they are competing for information.
Moreover, the sire x year interaction effect by itself
did not have much of an impact in the reduction of the
estimated magnitude of 7y,

Correlations Between EBV

Rank correlations between estimated breeding values
from the 8 models are given in Table 2. Correlations
between estimated breeding values for direct wean-
ing weight (above diagonal) were larger than 0.94 in
all cases. In fact, they did not show any significant
difference between models. With respect to maternal
breeding values, there were differences in the ranking
between model I and the rest, except for ISY. However,
models E, G, GE, ESY, GSY, and GESY did not differ
among them. These findings suggest that for maternal
breeding values, considering the correlation between
maternal permanent environmental effects of 2 adja-
cent generations, the grand maternal genetic effects, or
both effects would have a similar effect in the genetic
evaluations of animals.

Recovery of Total Additive Variation
with Maternal Effects

The last column in Table 1 displays the estimated
values of . for each model. Estimates of ;. from mod-
els E, G, GE, ESY, GSY, and GESY were greater than
the estimates from models I and ISY, basically because
of the decreased negative magnitude of ,,4,,- Models E
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and ESY recovered the largest amount of total additive
variability with maternal effects.

Algorithmic and Convergence Issues

A distinctive issue in the current research is the ef-
ficiency and effectiveness of the samplers used to ob-
tain successful estimates of the dispersion parameters
from the complex overparameterized models with an-
cestral maternal effects. In particular, we would like
to mention the scalar sampling of the (co)variances in
G, using the GIW distribution, and the Gibbs sampler
for X using the algorithm by Chib (1993). The latter
algorithm does not require tuning parameters as the
Metropolis scheme that was originally implemented by
Quintanilla et al. (1999).

One of the problems in the Bayesian analyses of ma-
ternally influenced traits is the selection of the degrees
of belief for the IW distribution of the additive genetic
effects, a density that has a single degree of belief for all
(co)variance components: usually there is less informa-
tion for 0%, than for o7 . Moreover, this problem is
aggravated in models that additionally include an addi-
tive effect of the granddam because usually there is
much less information for o5, than o, . Thus, the indi-
vidual sampling with differential degrees of belief for
the additive (co)variances via the GIW distribution
resulted in successful fits of structurally complex ma-
ternal animal models.

General

The goal of this research was to detect which over-
parametrized models provided the smallest magnitude
in the estimates of 74,4, with the greatest estimates of
h? and hi As discussed previously, inclusion of a sire x
year interaction resulted in a reduction of h* and A%
with a slight reduction in the negative magnitude of
Taoam- More advantageous was to include either grand
maternal effects or nonindependent permanent environ-
mental effects. These 2 effects are probably a reflection
of the negative phenotypic relationship observed be-
tween the dam weaning weight and the weaning weight
of her progeny (Kress and Burfening, 1972; Johnsson
and Morant, 1984). As a result, cows that were exposed
to greater amounts of milk before weaning because of
overfeeding themselves became below average mothers
(Koch, 1972), a phenomenon sometimes referred to as
the fatty udder syndrome. As a consequence, the level
of milk production offered to the calf alternates among
the different generations of dams. Viewed as an addi-
tive genetic process, this is the maternal granddam ef-
fect (Willham, 1972) present in models G, GE, GSY,
and GESY. However, “the relationship between mater-
nal environmental effects provided by dam and daugh-
ters,” implying “a recurrent relationship between ma-
ternal environments contributed by all dams related in
the female pathway” (Quintanilla et al., 1999) is the
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recursive environmental effect involved in models E,
GE, ESY, and GESY. Given that the inclusion of X
(model E) resulted in a reasonably small magnitude in
the estimate of 74,4, With the greatest estimates of h*
and h,zn, and that fitting additive grand maternal effects
(model G) increases the number of breeding values to
predict and the computing complexity of the estima-
tion problem, model E is recommended for genetic eval-
uation purposes. Moreover, it can be fitted with little
additional computation effort when compared with the
classic MAM.

An alternative parameter that enters into the covari-
ance between offspring and dam was discussed by Koch
(1972), Willham (1972), Foulley and Lefort (1978), and
Bijma (2006), so that we have

COV (O)D) = l O‘Zo + ;1' UAoAm + % O‘;}m + O-EoEm'

5

The last term, ,,,,. represents “the environmental
covariance between the direct effect of the dam, ex-
pressed in her own phenotype, and the maternal effect
of the dam, expressed in the phenotype of her offspring”
(Bijma, 2006). Contrary to the inclusion of X, which
when multiplying ¢} appears only in the covariance
between the record of a cow and those of her daughters
that became dams with calves with records, the covari-
ance g, ., enters into the covariance between any dam
with own record and those data from all its progeny,
either female or male. Bijma (2006) observed that “en-
vironmental covariances between dam and offspring are
likely to be a general phenomenon,” rather than a “spe-
cial case such as the fatty udder syndrome in beef cat-
tle.” Indeed, the nature of the process may be different
in pluriparous when compared with uniparous species.
The covariance 0, , Wwas assumed to be zero in the cur-
rent research because the residual covariance displays a
complex correlation structure between the error effects
(e,) and a set of random effects in the model (e,),
when cows which have their own weaning weights re-
corded have more than 1 progeny with data. Bijma
(2006) showed how to fit a moving average correlation
structure to data on which each dam with records has
only one progeny with data. Preliminary research on
the estimation of o, , on this Angus data set has been
reported by Munilla Leguizamén and Cantet (2010),
and final results will be published elsewhere.

Conclusions

Inclusion of ancestrally maternal effects, either ad-
ditive grand maternal or nonindependent environmen-
tal effects of dams related from the female pathway,
reduced the negative magnitude of the additive cor-
relation between direct and maternal effects, in a beef
cattle data set where a sizable fraction of granddams
of animals with phenotypic records was known. The
meaningful reduction of the negative magnitude of
Taoam and the recovery of total additive variance favors
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the use of nonindependent environmental effects for ge-
netic evaluation of weaning weight in beef cattle.
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