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Abstract

Background Maternal effects influence juvenile traits such as body weight and early growth in broilers. Ignoring
significant maternal effects leads to reduced accuracy and inflated predicted breeding values. Including genetic

and environmental direct-maternal covariances into prediction models in broilers can increase the accuracy and limit
inflation of predicted breeding values better than simply adding maternal effects to the model. To test this hypothesis,
we applied a model accounting for direct-maternal genetic covariance and direct-maternal environmental covariance
to estimate breeding values.

Results This model, and simplified versions of it, were tested using simulated broiler populations and then

was applied to a large broiler population for validation. The real population analyzed consisted of a commercial
line of broilers, for which body weight at a common slaughter age was recorded for 41 selection rounds. The
direct-maternal genetic covariance was negative whereas the direct-maternal environmental covariance was posi-
tive. Simulated populations were created to mimic the real population. The predictive ability of the models

was assessed by cross-validation, where the validation birds were all from the last five selection rounds. Accuracy
of prediction was defined as the correlation between the predicted breeding values estimated without the phe-
notypic records of the validation population and a predictor. The predictors were the breeding values estimated
using all the phenotypic information and the phenotypes corrected for the fixed effects, and for the simulated
data, the true breeding values. In the real data, adding the environmental covariance, with or without also adding
the genetic covariance, increased the accuracy, or reduced deflation of breeding values compared with a model
not including dam—-offspring covariance. Nevertheless, in the simulated data, reduction in the inflation of breeding
values was possible and was associated with a gain in accuracy of up to 6% compared with a model not includ-
ing both forms of direct-maternal covariance.

Conclusions In this paper, we propose a simple approach to estimate the environmental direct-maternal covariance
using standard software for REML analysis. The genetic covariance between dam and offspring was negative whereas
the corresponding environmental covariance was positive. Considering both covariances in models for genetic evalu-
ation increased the accuracy of predicted breeding values.
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Background

Juvenile traits are influenced by maternal effects in many
species [1-3]. The maternal effect can be divided into
two major categories, general fixed effects and animal-
specific effects, which are usually analyzed as random
effects. The fixed effects will affect all the offspring of
all dams belonging to the same class or level of the fixed
effect in a common way. Such effects could be the age
of the dam, the season of hatching, etc. Animal-specific
effects, which include the genetic and permanent envi-
ronmental maternal effects, will affect only the offspring
of a given dam. Ignoring maternal effects might lead to
bias in the prediction of breeding values and a reduc-
tion in prediction accuracy [4]. Indeed, if the maternal
genetic effect is ignored, then part of this effect is cap-
tured by the direct additive genetic effect and therefore it
will affect the predicted breeding values. This could lead,
for example, to an overestimation of the genetic trend.
For maternally-influenced traits, Willham [5] developed
the maternal animal model where the phenotype for a
given individual is equal to the sum of the phenotypic
individual or direct effect and a phenotypic maternal
effect. Therefore, the well-known equation P; = G; + E;
becomes P; = G; + E; + G; + Ej, where P;, G; and E; are
the phenotype, the direct additive genetic effect and the
direct environmental effect, respectively, for individual i
and Gj and E; are the additive genetic effect and the envi-
ronmental effect respectively of the dam j as expressed
in the phenotype of individual i. With such a model, a
covariance structure between the direct and the mater-
nal effects may arise. Indeed, usually the direct addi-
tive genetic effect of a dam is correlated to its maternal
genetic effect, which is expressed in its offspring (Fig. 1).
In our paper, we refer to this covariance as the Cor(a, m)
or the direct-maternal genetic covariance. Similarly, with
the environmental direct-maternal effect, the covariance
between the residual (environmental) effect on the dam
when it grew up (referred to as e; in Fig. 1) and the per-
manent environmental effects of the dam on its offspring
(referred to as pe; in Fig. 1) needs to be considered. In
our paper, we refer to this covariance as the Cor(e, pe) or
the direct-maternal environmental covariance.

P;, a; and e; are the phenotype, the direct addi-
tive genetic effect and the direct environmental effect,
respectively, for individual i. Pj, a; and e; are the phe-
notype, the direct additive genetic effect and the direct
environmental effect, respectively, of dam j. m; and pe;
are the maternal genetic effect and the maternal perma-
nent environmental effect, respectively, as expressed in
the phenotype of individual i.

Fitting a model that considers the direct-maternal
genetic covariance (denoted as Cor(a, m)) using common
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Relative to the dam j Relative to the individual i

Fig. 1 Diagram describing a phenotype influenced by maternal
effects (adapted from Willham 1963)

breeding software is straightforward, and thus, the rela-
tion between the direct additive genetic effect and the
maternal genetic effect has been widely discussed and
investigated for decades [1, 2, 6, 7]. Highly negative
direct-maternal genetic correlations have often been
reported [1, 2, 7]. It has been proposed that a negative
direct-maternal genetic covariance was due to a highly
negative environmental covariance, which is commonly
ignored in the analyses conducted to date [7, 8] or due
to the collinearity of the direct and the maternal genetic
effects and the negative sampling covariance between
them [5]. However, except in special cases, there is no
reason to assume that the direct-maternal genetic covari-
ance should be positive [5, 9]. To investigate the reason
for the negative correlation, different approaches to cor-
rect for the environmental direct-maternal correlation
(denoted as Cor(e, pe)) have been developed. One way
is to include a regression on the phenotype of the dam
[1, 7]. With these methods, the maternal effects of sev-
eral generations will be cumulated. Indeed, by adding the
phenotype of the dam in the model, not only the direct
effect of the dam is added but also that from its mother
and so on [9]. Thus, compared with the maternal animal
model, those methods raise a difficulty regarding the
interpretation of the estimates. In 1997, Koerhuis and
Thompson [1] tested different models based on those
proposed by Willham [4] and Falconer [8]. One of the
models accounted for both the direct-maternal genetic
and the environmental covariance and was fitted using
the restricted maximum likelihood (REML) method-
ology. Quintanilla et al. [10] proposed an extension of
the maternal animal model that focused on the correla-
tion of the genetic effect with the environmental mater-
nal effect across generations. In this case, the maternal
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genetic effect of a dam will be correlated with the mater-
nal genetic effects of its daughters and so on. Munilla
and Cantet [11] proposed an approach to estimate the
environmental direct-maternal covariance, i.e., a covari-
ance between the environmental effect of the dam and
the maternal environmental effect of its offspring, and
estimated this correlation using a Bayesian procedure.
However, because of the very tedious computational
requirements of this method, it might be complicated to
apply to large datasets.

To determine which model has the best fit to the data,
the likelihood ratio test (LRT) is often used, and to
evaluate the accuracy of prediction of breeding values,
cross-validation (CV) is a common strategy. A common
CV strategy is to train the models on a subset of the
data, the training dataset, and then validate it on another
subset, the validation dataset. A way to do this in ani-
mal breeding is to mask the phenotypes for some of the
individuals, often the last few generations, and their
breeding values are predicted based on the information
of their relatives in the training population. Then, the
accuracy of the prediction of breeding values based on
pedigree information only (before the phenotypic record
is obtained) is estimated as the correlation between the
predicted breeding values and the phenotype corrected
for fixed effects.

Legarra and Reverter [12] proposed an approach to
estimate the relative change in population accuracy and
bias using the breeding values that are estimated using
the full dataset and reduced dataset. This method was
developed to allow a comparison of different models in
complex cases including, for example, maternal effects.
However, in the presence of indirect genetic effects, two
problems arose for estimating the accuracy of prediction
of the model. The first problem is that there is a change
in the definition of the breeding values depending on
whether the models include or not the indirect genetic
effects. Indeed, if a model including maternal effects is
compared with one that ignores them, then the breed-
ing values for the direct genetic effects obtained with the
two models will have different definitions of the breed-
ing values. In the first case, the breeding value for the
direct genetic effects will reflect the additive genetic part
only, whereas in the second case the breeding value will
include the breeding value for the direct effects but also
some of the maternal genetic effect. In this regards, the
method proposed by Legarra and Reverter [12] encoun-
ters a problem to detect the biases in the models. The
other problem is that the corrected phenotype might also
be affected by indirect genetic effects. Therefore, the clas-
sical CV strategy may also encounter a problem to detect
the biases in the models. Several approaches have been
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proposed to solve these issues, such as estimating the
correlation between paternal half-sibs that do not share
common maternal effects [13], such that the breeding
values and corrected phenotype are freed of the maternal
effects.

The accuracy of the estimates of the maternal genetic
variance and of the covariance between direct and mater-
nal genetic effects depends highly on the data structure,
the number of dams having their own performance and
on the number of progeny per dam [14, 15]. Broilers are
a very relevant case for estimating the genetic and envi-
ronmental direct-maternal covariance because in poultry
a dam can produce a large number of progeny and also
because maternal effects influence body weight (BW) in
broilers [1, 13, 16, 17], although the maternal effects in
broilers usually decrease with age compared to beef cat-
tle, for which such effects can be long lasting.

The aims of this paper were to: (1) propose an exten-
sion to common standard REML methods to estimate
the environmental direct-maternal covariance, by apply-
ing models that are similar to that proposed by Koerhuis
and Thompson [1], using standard software for genetic
analysis; (2) compare the performance of different CV
methods in the presence of maternal effects; (3) validate
our approach by estimating the environmental direct-
maternal correlation in both real and simulation data;
and (4) investigate the impact of adding genetic and
direct-maternal environmental covariance into a predic-
tion model on the accuracy and inflation of the predicted
breeding values.

Methods

Birds

The commercial broiler data were provided by Cobb-
Vantress Inc. (Siloam Springs, AR, USA), and the trait
analyzed was BW measured in g at a fixed age after birds
were hatched. The pedigree consisted of 407,473 birds,
and phenotypic records were collected on 358,196 birds
from 41 selection rounds (SR). At each SR, parents were
selected based on their breeding values estimated with a
pedigree-best linear unbiased prediction (BLUP) model.
Individuals were mated following a hierarchical mating
system where one dam is mated to only one sire, whereas
a sire is mated to multiple dams. Table 1 provides an
overview of the data.

Estimation of the variance components and breeding
values

The animal model for traits that are affected by mater-
nal effects was developed by Willham in 1963 [5].
This model assumes that the phenotype of an indi-
vidual is influenced by its additive genetic effect and
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Table 1 Description of the real data for body weight (BW) per

sex
Number of Mean of BW (g) SD of BW (g)
observations

Females 179,897 1859 215

Males 178,299 2066 278

its environmental effect but also by the genetic back-
ground of the dam (genetic maternal effect, m; in Fig. 1)
and by a permanent environmental effect of the dam
that affects its offspring. Because the dam is itself an
individual, this implies the existence of direct-mater-
nal genetic (Cor(a,m)) and environmental (Cor(e,pe))
covariances. This was further described by Bijma in
2006 [9]. The idea behind the direct-maternal genetic
covariance is that the additive genetic effect of the dam
as an individual (i.e., observed on itself; ;) is correlated
with its maternal genetic effect () observed on its off-
spring. The same goes for the direct-maternal environ-
mental covariance where the environmental residual
effects on the dam (e; are correlated with the environ-
mental effect of the dam on its offspring (pe;).

In broilers, sexual dimorphism affects the variances
of BW, thus we considered that the BW in females and
males were different but correlated traits. For the real
data, five bivariate models were tested. The general model
was defined as:

BWeg | |Xg O bF+ZFOWFO
BWMm| | 0 XMm bum 0 Zvy 0 Wy
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than the true residual. In our study, we fixed this value to
1. We will refer to this fixed residual as the dummy resid-
ual. The true residual of the model is then equal to the
sum of the estimated residual and the dummy residual.

The first model, “Moda,” ignores the genetic maternal
variance and assumes that both the direct-maternal genetic
and environmental covariances are null.

af Gﬂ%}' UapzaM 0 0\
am ~ Oarayr Oay 00
g MVN |0,A® 0 0 s
mp 0 0 0 0/ |
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Note that the residuals for the males were independent
of the residuals for the females since they belong to records
on different individuals. This model was included because
it has been the commonly used model in several broiler-
breeding programs.

For each of the following models, different assumptions
on the variance—covariance structure were made as pre-
sented below. A is the pedigree relationship matrix and I
is an identity matrix. The variance of the dummy residual
remained constant for all the models.

The second model, “Modam,” assumes that the genetic

aF (93]
ayM +[BF 0 Wr 0 eM
mg 0 By 0 Wy per |’
mp peM

where X, Z, W and B are the incidence matrices for the
fixed effect, the additive genetic effect, the maternal
effect and the environmental effect, respectively. b is the
vector of the fixed effect of selection-round-hatch of the
dam in interaction with the SR of the chick and the dam
age in weekly classes. a, m, pe and e are the vectors of
the additive genetic effect, the maternal additive genetic
effect, the permanent environmental maternal effect and
the residual environmental effect, respectively. The sub-
scripts F and M define the sexes for which the matrices
and vectors are defined. Observe that in this model, the
usual residual effects are now defined as er and ey and
that proper design matrices are defined for this residual
as well. To be able to fit a model with the direct-mater-
nal environmental covariance using standard software,
we add a dummy residual that needs to be restricted to
a constant. This constant value can be any value smaller

and environmental covariances are null, but a maternal
genetic effect is included in the model.
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The third model, the “Coram model,” assumes that the
genetic covariance is different from 0 and is the commonly
used model to study direct and maternal effects in many
species [2, 3].
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The fourth model, the “Corepe model,” assumes that
the environmental covariance between dam BW and
the permanent effects of the dam on offspring is differ-
ent from zero and that the genetic covariance between
maternal and direct genetic effects is zero.
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Note that an environmental covariance exists between
the residual of the dam and her subsequent maternal
environmental effect on both females and males (0¢;pe,
andaefpeM). However, it is not possible to estimate a
covariance between the residual of males and the envi-
ronmental maternal effect (o, pey OF Oey pe;) because the
male parents do not contribute to maternal effects. For
this reason, the corresponding covariance was set to 0.
In our study, the maternal environmental effect (pe) was
computed using full-sibs within each sex group. There-
fore, the dam had two pe: one on its female offspring and
one on its male offspring, and the covariance between
them was estimated. This means that two direct-maternal
environmental covariances were estimated.

Finally the most complex model, the “Coramepe
model” assumes that both the genetic and environmental
covariances are different from 0.
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All statistical analyses were performed using the DMU
software package [18].

Simulated populations
Using the stochastic simulation program ADAM [19],
we simulated an idealized breeding population that
mimics the breeding program of real data. The simu-
lated data included 40 SR, with offspring being hatched
and phenotyped in each SR, and selection being applied
after genetic evaluation using an animal model, see Chu
et al. [20] for the descriptions of SR and overlapping SR
in broiler breeding. Sex was randomly assigned to the
offspring with a 1:1 ratio. In each SR, 7800 birds were
simulated with 52 sires and 520 dams. After measuring
BW, the birds were evaluated using a pedigree-based
BLUP model or ranked at random. In each SR, 13 males
and 130 females were selected, therefore one male was
mated with 10 females. These birds were later used as
sires and dams to create the next generation. For SR 1
to 6, the selection of the parents was random. The main
purpose of this step was to build up data for the esti-
mation of variance components, which was done after
SR 6. From rounds 7 to 40, selection of the parents was
based on estimated breeding values (EBV) obtained
from pedigree-based BLUP that used the variance com-
ponents estimated after SR 6. For the estimation of both
variance components and breeding values, we used a
univariate version of the Moda model. Across the 40
SR, a dataset of 312,000 birds was accumulated. The
number of offspring per dam and per hatch decreased
as its age increased ranging from 2.49 offspring per
dam at early age to 2.15 offspring at later age.

The phenotypes of individuals were simulated using
the infinitesimal genetic model, based on the following
model:

Oarmpy
Oaymp
Ompmpg

mum
BW = Xb + Za + Wm + Wpe + Be,

where X, Z, W and B are the incidence matrices for the
fixed effect, the additive genetic effect, the maternal effect
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and the environmental effect, respectively. b, a, m, pe and
e are the vectors of the fixed effects (hatch within each
SR, sex and the dam age in weekly classes), the additive
genetic effect, the maternal genetic effect, the permanent
environmental maternal effect and the residual envi-
ronmental effect, respectively. The (co)variance compo-
nents used to simulate the population assumed non-null
direct-maternal genetic and environmental covariances
and thus, was a univariate version of the Coramepe
model. The (co)variance components used in the simula-
tion were those estimated with the real data as shown in
Table 5. The simulations were done 15 times.

Cross-validation

To assess the predictive ability of our evaluations, we
focused on the accuracy of the prediction of breeding
values predicted by each model and on the inflation of
those breeding values, and we used different CV strate-
gies (forward prediction and half-sib prediction) and pre-
dictors, which are described below. Variance components
were always estimated using the full dataset (training and
validation population together). Before computing the
correlations and inflations, all the estimated breeding val-
ues were corrected for genetic trend. This was done using
a multivariate analysis of the variance approach. Thus,
the variances and covariances conditional on the genetic
trend were used to estimate the correlation, and inflation
was corrected for the effect of SR.

Forward prediction

We divided our data into two subsets: a training dataset
that consisted of the first SR and a validation dataset that
included the population of the last five SR. The breed-
ing values of the individuals of the validation population
were predicted using information on past relatives only,
and thus their own phenotypes were masked (denoted as
reduced dataset), and using all the phenotypes, thus their
own performance was included (denoted as full dataset).
In the first case, we will refer to the breeding values as
EBV, . quceq a0d in the second case, as EBV;.

The accuracy of prediction for each model was com-
puted as the correlation between the breeding values
of the individuals estimated without their phenotypes
(EBV. equcea) and (1) the phenotype corrected for the
fixed effect (y,) and (2) the breeding values estimated
including their phenotypes (EBV,). In the following
sections, these correlations will be referred to as “cor(y,
EBV. . quced)” @and “cor(EBVyy, EBV .quced), respectively.
The “cor(EBVy, EBV equeed)” corresponds to the method
proposed by Legarra and Reverter [12].

Inflation of predicted breeding values is an impor-
tant component when comparing models for genetic
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evaluation because it affects the comparison of birds that
are affected differently by inflation. Here, the inflation of
breeding values, sometimes incorrectly called bias, was
estimated as the slope of the regression of the response
on the predictor. When the breeding values are neither
inflated nor deflated, the expected value of this slope is 1.
The predictor used to estimate inflation was in all cases
the EBV, quceq- However, two different responses were
used: (1) the phenotype corrected for fixed effect (y.),
which will be referred to as “y,~EBV quced” @and (2) the
breeding values estimated using the full datasets (EBV ;)
as proposed by Legarra and Reverter [12], which will be
referred to as EBVy; ~ EBV  quced:
Half-sibs prediction

This strategy follows the proposal of Chu et al. [13] to
assess the predictive ability of the model in the presence
of maternal effects. In this case, the paternal half-sib
groups in the last five SR were randomly divided into two
groups. Half of the individuals were kept in the training
population and the other half were assigned to the vali-
dation population. Therefore, the breeding values of the
individuals from the validation population are estimated
using information from their ancestors, as before, but
also from 50% of their paternal half-sib.

Within the validation population, paternal half-sibs
were randomly paired. For the real data, because perfor-
mances in males and females were considered as different
traits, the pairing of the half-sibs was done within each
sex. Thus, 5267 pairs of paternal half-sisters and 5147
pairs of paternal half-brothers were created, which were
the maximal number of pairs possible. The sampling of
pairs was performed 50 times. Here, the predictive ability
of the model was defined as the correlation between the
phenotype corrected for the fixed effects of an individual
i with the EBV, quceqns Of its paternal half-sib j. In the fol-
lowing sections, we will refer to this correlation as “Half-
sibs cor(y.,, EBV,.qucedns)- Compared with the cor(y,
EBV,.quceq)» described in the “Forward prediction” sec-
tion, where y, and EBV  4,..q belonged to the same indi-
viduals, here the y. belonged to paired paternal half-sibs.

The same tests as described above were used to assess
the predictive ability of the models in the simulated pop-
ulations. However, in this case, the true breeding values
(TBV) were known. Therefore, to assess the accuracy of
the prediction of the models, the correlation between
the breeding values of the individuals estimated without
their phenotypes and the TBV (cor(TBV, EBV  4ced)
was also computed, and this is considered to be the most
accurate test. In the same way, a third test was added for
the inflation of the breeding value. This test corresponds
to the slope of the regression of the breeding values of the
individuals estimated without their phenotypes on the
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TBV, which will be referred to as TBV ~ EBV .4 ceq- I the
simulation, BW was modeled as being the same trait in
males and females. Therefore, the paternal half-sibs pairs
were done across sex resulting in 10,855 pairs. Moreover,
for the simulation study, the reported accuracy of predic-
tion and inflation of breeding values are the average of 15
replicates.

Results

Summary of the data

The numbers of males and females phenotyped for BW
were similar. Males were 11% heavier than females, i.e.
2066 g vs. 1859 g as presented in Table 1, which also
shows that BW was more variable for males than for
females with the standard deviation (SD) for males being
29% larger than for females.

Direct-maternal genetic and environmental covariance

in real data

Model fit

All the models used were compared with the Coramepe
model based on log-likelihood (see Table 2). The
Coramepe model provides the best fit to the data. Every
time a component was added to the model, the fit of the
model improved significantly compared with the previ-
ous model (Table 2).
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(Co)variance components

The (co)variance components estimated using the real
dataset for each of the five models are presented in
Table 2. The genetic correlations between the additive
genetic effect and the genetic maternal effect were nega-
tive (from —0.27 to —0.40), while the correlation between
the residual environmental effect of the dam and the per-
manent environmental maternal effect on the offspring of
the dam were positive (from 0.26 to 0.32).

Adding genetic (the Coram model) or environmental
(the Corepe model) covariance to the model led to an
increase in the estimates of both the genetic and environ-
mental maternal effects. This increase was greater when
both covariance components were added to the model
(the Coramepe model).

Adding environmental covariance led to a decrease in
the estimated additive genetic variance and an increase in
the estimated environmental variance, which is reflected
by a decrease in the estimate of the heritability (from
0.28 to 0.22 and from 0.28 to 0.21, in females and males,
respectively). This decrease in the estimate of the herit-
ability was even greater when the genetic covariance
was added to the model. In contrast, adding the genetic
covariance only led to an increase in the estimate of
the additive genetic variance, which is reflected by an
increase in the estimate of the heritability.

Table 2 (Co)-variances, correlations, and likelihood test estimated using the real data per model and sex

Moda Modam Coram Corepe Coramepe

f m f m f m f m f m
o’az 5967 (267) 9093 (446) 5436 (269) 8179 (442) 6090 (370) 9559 (624) 4469 (282) 7065(447) 4952 (340) 8170 (568)
Oam — - - - -555(162) -1187(273) - - -795(178) -1436(292)
gr% - - 550 (86) 818 (133) 698 (109) 121 (193) 657 (94) 956 (144) 1016 (146) 1608 (237)
o’ez 14,259 (143) 23,065 (241) 14,520 (144)  23,519(239) 14,196 (192) 22,833 (324) 15011 (152) 24,072 (241) 14,772(179) 23,523 (297)
Oepe — - - - - - 871(118) 1055(148) 1048(130) 1232(164)
o'pze 792 (47) 1380 (81) 473 (57) 931 (96) 553 (61) 1062 (99) 619 (64) 1103 (103) 727 (68) 1254 (107)
fam - - - - -0.27 (0.06) -035(0.06) - - -035(0.06)  -0.40 (0.06)
lepe  — - - - - - 0.29 (0.03) 0.26 (0.03) 0.32 (0.04) 0.29 (0.04)
h?  0.28(0.01) 0.27(0.01) 0.26(0.01) 0.24(0.01) 0.28 (0.01) 0.28 (0.02) 0.22 (0.01) 0.21(0.01) 0.23(0.01) 0.24(0.01)
LRT 214 81 55 36 0

Additive genetic variance (o2), maternal genetic variance (o,2), environmental variance (52), environmental permanent maternal variance (aﬁe), genetic,
environmental covariances and correlations (cam, Gepe, fam repe), heritability (h?) and likelihood ratio test (LRT) estimated with the real data for the five models relative

to the Coramepe model

Moda is the model for which no maternal genetic effects are included and for which the direct-maternal environmental covariance is null. Modam is the model

for which both the direct-maternal genetic and the direct-maternal environmental covariance are null. Coram is the model for which the direct-maternal genetic
effect is considered as non-null while the direct-maternal environmental covariance is null. Corepe is the model for which the direct-maternal environmental effect
is considered as non-null while the direct-maternal genetic covariance is null. Coramepe is the model for which both the direct-maternal genetic and the direct-

maternal environmental covariance are non-null

Standard errors of the estimates are in italics between brackets
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Table 3 Observed accuracies of prediction estimated for the five models per sex

Moda Modam Coram Corepe Coramepe

f m f m f m f m f m
cor(y,, EBV,eguced) 0216 0.248 0.205 0.241 0.202 0.239 0.199 0235 0.192 0230
Halfsibs cor(y, EBV equcediis) 0.197 0203 0.198 0205 0.197 0205 0.196 0203 0.195 0202
CON(EBV, 1 EBV eguced) 0614 0679 0.595 0669 0587 0659 0618 0686 0614 0680

Observed accuracies of prediction are defined as the correlation between the phenotype corrected for fixed effects (y) and the predicted breeding values
(EBV,equced): €ither when these values were estimated for the same individual (cor(y,, EBV,equceq) OF for paternal half-sibs pairs (Halfsibs cor(y,, EBV,gyceqris))- The third
definition of the accuracy of prediction cor(EBVy;, EBV,.quceq) is defined as the correlation between the breeding values estimated with the full dataset (EBVy,,) and
the one estimated using the reduced dataset (EBV g ceq)- Moda is the model for which no maternal genetic effects are included and for which the direct-maternal
environmental covariance is null. Modam is the model for which both the direct-maternal genetic and the direct-maternal environmental covariance are null. Coram
is the model for which the direct-maternal genetic effect is considered as non-null while the direct-maternal environmental covariance is null. Corepe is the model for
which the direct-maternal environmental effect is considered as non-null while the direct-maternal genetic covariance is null. Coramepe is the model for which both

the direct-maternal genetic and the direct-maternal environmental covariance are non-null

It is interesting to note that ignoring the direct-mater-
nal environmental covariance seems to lead to an esti-
mate of direct-maternal covariance that is less negative.
These findings highlight the changes in the definition
of the direct additive genetic variance using different
models. If the direct-maternal genetic or environmental
covariances are non-null, then ignoring them may induce
bias in the estimation of variance components and in the
prediction of breeding values.

Predictive ability and inflation of breeding values
The observed accuracies of predicted breeding values
in the real data using three different tests are in Table 3.
The first two tests, cor(y,, EBV  q,..q) and Halfsibs cor(y,,
EBV,cqucedns)» relied on the correlation between the
breeding values estimated for the individuals of the vali-
dation population using the training dataset (EBV .4yceq)
and the phenotypes corrected for the fixed effects (y,).
The third test, cor(EBVy, EBV . quced) 1S the correlation
between the breeding values estimated with the full data-
set (EBVy,;) and the breeding value estimated using the
reduced dataset (EBV,.qyced)-

The observed accuracies for each model, defined as
cor(y, EBV, quced)> ranged from 0.192 to 0.216 in females

and from 0.230 to 0.248 in males (Table 3). For this
first definition of accuracy, the Moda model that does
not include a maternal genetic effect gave the highest
observed accuracy.

An alternative measure of accuracy, defined as Half-
sibs cor(y, EBV . quceans)» ranged from 0.195 to 0.197 in
females and from 0.202 to 0.205 in males (Table 3). For
this second definition of accuracy, the Modam model
tended to give the highest observed accuracy.

The Legarra—Reverter correlation, defined as
cor(EBVy, EBV,equced)> ranged from 0.587 to 0.618 in
females and from 0.659 to 0.680 in males (Table 3). For
this last definition of accuracy, the Corepe model tended
to show the highest accuracy for both sexes. Overall
observed accuracies were higher in males than in females.

Inflations of the breeding values, for the real data-
set, obtained by using two different responses, y. and
EBVy,, are presented in Table 4. When considering the
corrected phenotype as the response, the inflation of
breeding values ranged from 1.131 to 1.235 for females
and from 1.145 to 1.266 for males. For both sexes, Moda
was the model that resulted in the least deflated breed-
ing values and Coram was the model that resulted in
the most deflated breeding values. When the breeding

Table 4 Inflation of the estimated breeding values for the five models per sex

Moda Modam Coram Corepe Coramepe

f m f m f m f m f m
Ve~ BV, guced 1131 1.145 1181 1.240 1235 1.266 1153 1.206 1.207 1.235
EBV; i~ EBV eguced 1.033 1.048 1.010 1.050 1.019 1.058 1.035 1.065 1.049 1.077

The inflations were estimated for each model. The first one is the slope of the regression of the phenotype corrected for fixed effects (y) on the predicted breeding
values (EBV,qq,ceq)- The second one is the slope of the regression of predicted breeding values using the full dataset (EBVy,;) on the predicted breeding values using
the reduced dataset (EBV, g, .q)- Moda is the model for which no maternal genetic effects are included and for which the direct-maternal environmental covariance

is null. Modam is the model for which both the direct-maternal genetic and the direct-maternal environmental covariance are null. Coram is the model for which the
direct-maternal genetic effect is considered as non-null while the direct-maternal environmental covariance is null. Corepe is the model for which the direct-maternal
environmental effect is considered as non-null while the direct-maternal genetic covariance is null. Coramepe is the model for which both the direct-maternal genetic
and the direct-maternal environmental covariance are non-null
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values estimated using the full dataset are considered as
the response, the inflation of the breeding value ranged
from 1.010 to 1.049 for females and from 1.048 to 1.077
for males. Here, Coramepe was the model that resulted
in the most deflated breeding values.

To summarize, depending on the test used, the mod-
els rank differently. If we focus only on the accuracy of
prediction of the models, the Moda model (not including
maternal genetic effect and no direct-maternal covari-
ance) will be the best model if the test used is cor(y,,
EBV,equced)- However, if the cor(EBVy, EBV,  quced) 1S
used, then the Corepe model (including both genetic and
environmental effects but only the direct-maternal envi-
ronmental covariance) yields the best accuracy. Finally,
if the test used is Halfsibs cor(y, EBV quceqns)s then the
Modam model (including both genetic and environmen-
tal maternal effect but no direct-maternal covariance)
results in the highest predictive ability. Regarding the
inflation of the breeding values, when the corrected phe-
notype was considered as the response, the best model
was Moda, which does not include a maternal genetic
effect and no direct-maternal covariance. In contrast,
when the breeding values estimated using the full data-
set are considered as the response, the Coramepe model
(including both direct-maternal covariances) was the best
model. Traditionally, the predictive ability of the mod-
els is estimated using cor(y, EBV  quceq) O cOr(EBVyy,
EBV,cqucea)s but in the case of a trait influenced by
maternal effects, it seems that the conclusions will dif-
fer depending on the tests used. In terms of inflation of
breeding values, it will even lead to opposite conclusions.
Because of the conflicting results, a simulation study was
conducted to understand why the different tests led to
such different rankings of the models. The results of the
simulation study are presented in the following section.
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Direct-maternal genetic and environmental covariances

in the simulated populations

Model fit

Based on the likelihood, Coramepe, which is the true
model, is, not surprisingly, the model that gives the best
fit to the data. Every time a component was added to the
model, its fit improved significantly (Table 5). The rank-
ing of the models and the difference in log(L) are similar
with simulated and real data. This suggests that the simu-
lation model generates the same complexity as the real
data.

(Co)variance components

In the simulation, the (co)variance components estimated
with the true prediction model, denoted as the Coramepe
model, on the full dataset, after 40 SR were similar to the
one used to simulate the population (Table 5).

With the Moda model, which did not include a mater-
nal genetic effect, the additive genetic variance was over-
estimated compared with the true direct additive genetic
variance. In fact, the additive genetic variance in this case
was almost equal to the sum of the true direct additive
genetic variance and the true maternal genetic variance.

When ignoring both direct-maternal genetic and
environmental covariances (Modam model), the mater-
nal genetic variance and the permanent environmental
maternal were halved compared with the true variance
components.

When adding the direct-maternal genetic covariance
(Coram model), the direct additive genetic variance
was highly overestimated, whereas the residual variance
was underestimated compared with the true variance
components.

When adding the direct-maternal environmental
covariance (Corepe model), the additive genetic variance

Table 5 (Co)-variances, correlations and likelihood test estimated with the simulated data per model

Moda Modam Coram Corepe Coramepe True VC

ol 9217 (400) 8680 (358) 10,251 (601) 6997 (292) 7937 (332) 8046
o'r% - 430 (96) 609 (125) 583(118) 864 (193) 829

o'pze 743 (50) 515(72) 664 (76) 737 (74) 879 (82) 906

Gez 19,302 (211) 19,554 (188) 18,810 (290) 20,364 (157) 19,918 (153) 19,860
Oam - - —-986 (186) - -919 (205) -912
epe - - - 1223 (126) 1291 (146) 1272
LRT 163 70 52 16 0 NA

Additive genetic variance (52), maternal genetic variance (c,2), environmental permanent maternal variance (age), environmental variance (c2), genetic,
environmental covariances (gam, Oepe) estimated in the simulated data for the five models and the one used to simulate the population (True VC) and the likelihood
ratio test (LRT). Standard deviations of the estimates among the 15 replicates are shown in italics between brackets. Moda is the model for which no maternal genetic
effects are included and for which the direct-maternal environmental covariance is null. Modam is the model for which both the direct-maternal genetic and the
direct-maternal environmental covariance are null. Coram is the model for which the direct-maternal genetic effect is considered as non-null while the direct-maternal
environmental covariance is null. Corepe is the model for which the direct-maternal environmental effect is considered as non-null while the direct-maternal genetic
covariance is null. Coramepe is the model for which both the direct-maternal genetic and the direct-maternal environmental covariance are non-null
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Table 6 Observed accuracies of prediction estimated per model on the simulated dataset using four tests

Moda Modam Coram Corepe Coramepe se
cor(TBY, EBV equced) 0.352 0.369 0.369 0373 0374 0.010
cor(y,, EBV equced) 0.162 0.160 0.158 0.157 0.154 0.004
Halfsibs cor(y,, EBV equcedns) 0.203 0.205 0.206 0.209 021 0.005
cor(EBVyy, EBV eguced) 0.596 0.609 0.604 0.627 0628 0.010
Observed accuracies of prediction are defined as the correlation between the true breeding values and the predicted breeding values (cor(TBV, EBV .y c.q)): the

phenotype corrected for fixed effects (y.) and the predicted breeding values (EBV,yc.q) €ither when these values were estimated for the same individual (cor(y,,
EBV,equced)) OF for paternal half-sibs pairs (Halfsibs cor(y,, EBV,equceans)) @and the breeding values estimated with the full dataset (EBVy,) and the one estimated using
the reduced dataset (EBV,.4,.q)- The accuracies were estimated for each model. The standard errors (se) are presented in the last column. Moda is the model for which
no maternal genetic effects are included and for which the direct-maternal environmental covariance is null. Modam is the model for which both the direct-maternal
genetic and the direct-maternal environmental covariance are null. Coram is the model for which the direct-maternal genetic effect is considered as non-null while
the direct-maternal environmental covariance is null. Corepe is the model for which the direct-maternal environmental effect is considered as non-null while the
direct-maternal genetic covariance is null. Coramepe is the model for which both the direct-maternal genetic and the direct-maternal environmental covariance are

non-null

was highly underestimated, whereas the residual vari-
ance was overestimated compared with the true variance
components.

Accuracy and inflation of predicted breeding values
Accuracies of prediction in the simulated dataset using
four different tests are in Table 6. In the first test, the
breeding value estimated with the reduced dataset
(EBV educea) Of an animal from the validation population
was correlated with the TBV (referred to as cor(TBYV,
EBV, dquced))- In the second test, the EBV, 4,.q Of birds
from the validation population was correlated with the
phenotype corrected for the fixed effect (referred to as
cor(¥, EBV  qucea))- In the third test, the EBV, qyceq Of
one animal from the validation population was correlated
with the phenotype corrected for the fixed effect of one
of its paternal half-sibs from the validation population
(referred to as Halfsibs cor(y, EBV .quceqns))- Finally, in
the last test, the EBV,.4,ceq Of birds from the validation
population estimated without including their phenotype
was correlated with the EBVy; estimated using their own
phenotype (referred to as cor(EBVy, EBV,equced))- The
four different correlations cannot be compared directly,
however, the ranking of the models can.

With the first method, cor(TBV, EBV, 4,ceq) accura-
cies of prediction ranged from 0.352 to 0.374 (Table 6).
A gain in accuracy of 4.69% (standard error (se)=1.16)
compared to the Moda model, which did not include a
maternal genetic effect, was observed when the mater-
nal genetic effect was added to the model. This gain
increased up to 6.26% (se=1.47) when both direct-
maternal covariances were added to the prediction model
(the Coramepe model).

With the second method, cor(y, EBV .q,cq)> accura-
cies of prediction ranged from 0.154 to 0.162, with the
Coramepe model resulting in the lowest accuracy and
the standard model resulting in the highest accuracy

(Table 6). However, compared to the Moda model, an
apparent loss in accuracy was observed when the mater-
nal genetic effect was added to the model, which was
largest when genetic and/or environmental covariance
were added to the prediction model.

With the third method, Halfsibs cor(y., EBV qucedtis)
accuracies of prediction ranged from 0.203 to 0.211. The
Coramepe model resulted in the highest accuracy and
the Moda model in the lowest accuracy (Table 6). A gain
in accuracy of 0.67% (se=0.46) compared to the Moda
model, which did not include a maternal genetic effect,
was observed when the maternal genetic effect was added
to the model. This gain increased up to 3.35% (se=0.79)
when both genetic and environmental direct-maternal
covariances were added to the prediction model.

With the last method, cor(EBVy,, EBV,.q,ceq)> the accu-
racies of prediction ranged from 0.596 to 0.628. Here again,
the Coramepe model resulted in the highest accuracy and
the standard model in the lowest accuracy (Table 6). A gain
in accuracy of 1.93% (se=0.49) compared to the Moda
model, which did not include a maternal genetic effect, was
observed when the maternal genetic effect was added to
the model. This gain increased up to 5.42% (se=0.79) when
both direct-maternal covariances were added to the predic-
tion model.

Overall, the ranking of the models using cor(TBV,
EBV,.quceq)» Which is the most accurate test, Halfsibs cor(y,,
EBV quceanis) and cor(EBVyy, EBV . queq) Were identical.
However using the cor(y,, EBV 4 ceq) 25 is commonly done
in animal breeding leads to a biased ranking of models in
terms of prediction accuracy.

Inflation of the breeding values, for the simulated data-
set, using three different estimates is shown in Table 7.
When considering the TBV as a response, the inflation
of the breeding values ranged from 0.844 to 1.025. When
the corrected phenotype is considered as the response, the
inflation of the breeding values ranged from 0.967 to 0.998.
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Table 7 Inflation of the estimated breeding values per model on the simulated dataset using three tests

Moda Modam Coram Corepe Coramepe se
TBV ~EBV equced 0.844 0913 0.865 1.025 1.003 0.017-0.027
Ve~ BBV, guced 0967 0980 0983 0.993 0.998 0.018-0.027
EBV;,i~EBV educed 0.956 0973 0.909 1.063 1.015 0.010-0.017

The inflations were estimated for each model. The first one is the slope of the regression of the true breeding values (TBV) on the predicted breeding values

(EBV eguceq)- The second one is the slope of the regression of the phenotype corrected for fixed effects (y.) on the predicted breeding values (EBV, 4,.q)- The last one
is the slope of the regression of predicted breeding values using the full dataset (EBVy,) on the predicted breeding values using the reduced dataset (EBV,¢q,ceq)- The
ranges of the standard errors (se) are presented in the last column. Moda is the model for which no maternal genetic effects are included and for which the direct-
maternal environmental covariance is null. Modam is the model for which both the direct-maternal genetic and the direct-maternal environmental covariance are
null. Coram is the model for which the direct-maternal genetic effect is considered as non-null while the direct-maternal environmental covariance is null. Corepe is
the model for which the direct-maternal environmental effect is considered as non-null while the direct-maternal genetic covariance is null. Coramepe is the model
for which both the direct-maternal genetic and the direct-maternal environmental covariance are non-null

Finally, when the breeding value estimated using the full
dataset is considered as the response, the inflation of the
breeding values ranged from 0.956 to 1.015.

To summarize, the breeding values showed no infla-
tion when they were estimated with the Coramepe model.
Depending on the response used, the other models ranked
differently based on the inflation of breeding values. A
slight inflation of the breeding values was observed when
the direct-maternal environmental covariance was ignored.
Considering only the direct-maternal genetic covariance
led to great inflation of the breeding values. Dropping fur-
ther components from the model led to severe inflation of
the predicted breeding values.

Discussion

Feasibility of estimating the direct-maternal
environmental correlation

Early attempts to account for the direct-maternal envi-
ronmental correlation included regression of the off-
spring phenotype on the dam phenotype [7, 8], but this
method results in a biased estimate of the correlation [7].
In 2006, Bijma showed [9] that it was, in theory, possi-
ble to implement a direct-maternal environmental corre-
lation into the software that is used to predict breeding
values. In 1997, Koerhuis and Thompson [1] estimated
the direct-maternal environmental correlation using a
method that is similar to that used here, although they
used derivative-free REML methods, which generally
tend to be numerically unstable for complex models. In
2015, Munilla and Cantet [11] proposed an approach to
estimate the direct-maternal environmental correlation
using a Bayesian inferential procedure. However, this
method is computationally demanding, and may be dif-
ficult to apply to large datasets.

Here, we demonstrate a simple approach that can
be easily implemented into standard software such as
the DMU software [18] given that some of the pseudo-
parameters in the model can be constrained to prede-
termined values. With our approach, it is possible to

estimate the direct-maternal environmental correlation
in models including all parameters. To fit this model
using standard software, it is only necessary to add a
dummy residual variance that is restricted to a constant
as described in the "Methods" section. Compared with
the Modam model, which includes both genetic and
environmental maternal effects, but assuming them to be
uncorrelated, adding both a direct-maternal genetic and
an environmental covariance did not lead to an increase
in computation time. As shown in our simulation, with
this method we can accurately estimate the direct-mater-
nal environmental covariance. Our simulation showed
that adding the dummy residual to the model led to
accurate estimates of the variance components. In addi-
tion to the possibility of estimating the direct-maternal
environmental covariance, adding the dummy residual
in the model can also facilitate their implementation, for
example, to estimate the correlation between the envi-
ronmental effect of production traits and litter traits in
other species or to model the heterogeneous residual
variance using standard software that did not necessarily
offer such options.

Relation between the direct-maternal genetic covariance
and the direct-maternal environmental covariance

A negative correlation between the direct additive
genetic effect and the maternal genetic effect has often
been reported in the literature for different species [1,
2, 6, 7]. It has been proposed that such a negative direct-
maternal genetic covariance was due to a highly nega-
tive environmental covariance [7, 8]. However, apart
from specific cases, there is no reason to assume that the
direct-maternal genetic covariance should be positive [5,
9]. Here, we found a positive correlation between envi-
ronmental effects whereas the genetic correlation was
negative, which is similar to results reported by Koerhuis
and Thompson [1]. However, in their study, they did not
observe differences in BW between males and females
and considered them as a single trait, which is most likely
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due to the individuals in their study being older than
ours. Indeed, it is well known that the maternal effects
decrease with increasing age of the chicks [13, 17]. Koer-
huis and Thompson [1] also reported a negative direct-
maternal genetic correlation, which suggests that this is a
general relation in chicken.

The negative Cor(a, m) observed here is not due to a
negative direct-maternal environmental covariance that
was ignored in some of the models. The main conse-
quence of this negative Cor(a, m) would be that although
the dams were selected for their higher genetic potential
which is transmitted to offspring, it will have a nega-
tive impact on the maternal component of the genetic
potential of their offspring. This negative direct-mater-
nal genetic covariance may be explained by the fact that
broilers are selected mainly on production traits, includ-
ing their growth potential. It is well known that a high-
level of production can have a negative effect on fitness
and therefore on reproduction ability [21, 22]. Based on
resource allocation theory [21], it is reasonable to assume
that the heaviest dams will allocate more of the absorbed
energy to growth traits than to reproduction traits, and
thus the eggs, from such dams, may contain fewer nutri-
ents for the developing embryos, which will negatively
affect the early growth of the chicks. However, because
these dams are larger they will produce larger eggs cre-
ating a favorable environment for the development of
bigger chicks [23, 24]. This could partially explain the
positive correlation between the dam’s temporal envi-
ronmental effect and the permanent effect of the dam
on her offspring, denoted as cor(e, pe). Nevertheless, it is
uncertain whether the advantage conferred from hatch-
ing from a larger egg is maintained at a later age [23, 24].
However, it is also known that the permanent environ-
mental maternal effect decreases as the chick grows [13],
and thus it would be interesting to study how the cor(e,
pe) changes as the chick grows. However, this could not
be done with our data because BW was measured at a
fixed age. The positive Cor(e, pe) could also be explained
by effects that are not included in our model, such as
non-additive genetic effects [9]. Most likely this correla-
tion is the consequence of different factors rather than
having one simple explanation. Developing a more com-
plex model, which would allow the dissection of this so-
called environmental covariance, by adding non-additive
genetic effects, and external information such as micro-
biota (egg and dams), might help better understand this
relationship.

Assessing the predictive ability of models in the presence
of maternal effects

In the presence of maternal effects, it is necessary to
adopt a specific strategy of cross-validation [1, 12, 13].
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Different approaches have been suggested such as esti-
mating the breeding values using whole and partial
datasets [12] or using half-sib correlations [13]. In our
simulation study, we were not able to rank correctly the
different models based simply on the correlation between
the phenotypes corrected for the fixed effect and the
predicted breeding value. As indicated by Legarra and
Reverter [12], this might be because the different fixed
effects are not estimated correctly, which results in inac-
curate corrected phenotypes. However, in the simulation,
we could use the true value of each of the fixed effects and
thus obtain the true phenotype corrected for the fixed
effects, but still we were not able to rank the models cor-
rectly. The main issue is that for all the models, except the
Coramepe model, both predicted breeding values and y,
might be biased in the same direction by maternal effects,
making validation of the model difficult. Based on the
variance components, we can see that when the model
changes, the definition of the predicted additive genetic
effects will change. When the maternal genetic effect is
ignored then the direct additive genetic effects capture
part of these missing effects. Thus, the EBV obtained
from the Moda model is different from that obtained
with the Coramepe model. Indeed, with this model, the
direct additive genetic effect did not capture some parts
of maternal effects and of the direct-maternal covari-
ance. Thus, because we compared models that change the
definition of the additive genetic effects, the models are
not compared on the same scale. For example, with the
Moda model, which did not include any maternal genetic
effect, the additive genetic variance was affected by the
maternal genetic variance, when estimated from simu-
lated data with a non-null maternal genetic effect. Thus,
the EBV used to compute the accuracy is heavily biased
by the maternal effects and the maternal effects are also
included in y. making the CV based on cor(y,, EBV .quced)
problematic. In contrast, with the Coramepe model, it is
possible to disentangle quite accurately the different ele-
ments. Thus, in this case, the EBV is not biased by the
maternal additive genetic effect. Using the half-sib corre-
lation, we were able to rank the models correctly in the
simulation study although the differences were small.
Thus, the power of this test for model comparisons is
limited. The same is true for the correlation between the
EBVyy and EBV g4 cq- The difference in predictive abil-
ity between the models was small. Nevertheless, when
comparing models that might change the interpreta-
tion of the additive genetic or other random effects in
the model, our simulation study highlighted the need to
design the CV strategy carefully to be able to compare
those models on the same base. Dividing the correlations
by an adjusted heritability estimate based on the trait def-
inition might provide different results; however, this can
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make their interpretation more complex because herit-
ability estimates from mis-specified models might also be
biased.

Impact of the direct-maternal genetic and environmental
covariances on predictive ability

In the simulation, accounting for direct-maternal genetic
and/or environmental covariance led to breeding values
with no significant inflation and was associated with a
gain in accuracy compared with Moda. The main advan-
tage of the models that include a direct-maternal genetic
and/or a environmental covariance is, as expected, that
they control the inflation of breeding values. It seems that
environmental covariance has the biggest impact on the
reduction of inflation of breeding values because add-
ing the genetic covariance does not lead to further gain.
In fact, adding the genetic covariance to the prediction
model led to a slightly greater inflation of the breeding
values, but it was not significant. This is because the per-
manent environmental effect is associated with the resid-
ual, that is, the components with the largest variance in
all models.

Surprisingly, with real data, the LRT indicated a bet-
ter fit using the Coramepe model, but the prediction of
breeding values with this model led neither to an observ-
able greater accuracy nor to a decrease in the inflation
of breeding values compared with the Modam model.
Because the LRT assesses the fit of a model with the
given dataset, it does not assess the fit of this model to
a new dataset as opposed to the CV strategy. Therefore,
the Coramepe model is the model that fits our training
population best, however, we are not able to confirm its
superiority in the validation population. As discussed in
the previous section, this might be because of the statisti-
cal test we used. However, we did not observe a reduc-
tion in the deflation of the breeding values. This absence
of change in deflation might be due to the heterogeneous
residual variance, which was neither simulated nor mod-
eled, but which might be present, especially in the latest
SR that constituted our validation population. Further
model development, to account for residual heteroge-
neous variance and environmental covariance between
the dam and its offspring is needed. In addition, other
unknown events that might have occurred in the real
data, were not considered. Identification of such effects
could have resulted in a validation population that dif-
fered from the training population because of changes
in diet or age at which BW was measured. Indeed, we
observed that the estimates of some of the fixed effects
presented a trend over SR and such a trend was also not
considered in our simulation. A simpler explanation for
this absence of gain in accuracy and reduction of defla-
tion/inflation of the breeding values when using the
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complete model might be that in our population, envi-
ronmental and direct-maternal genetic covariances are
not important enough to impact the prediction of breed-
ing values. Applying our method to other populations
might help to investigate the impact of adding environ-
mental and direct-maternal genetic covariances in other
populations of broilers but also in different species.

Breeding program

Considering the direct-maternal environmental covari-
ance in prediction models led to a gain in prediction
accuracy and a reduction of the inflation of the breed-
ing values in the simulation. Thus, this may contrib-
ute to increasing genetic gain in the breeding program.
Because of the negative direct-maternal genetic covari-
ance, it might be interesting to select the dams not only
on their direct additive genetic potential but also on their
maternal genetic effect. In fact, with the Moda model,
which does not consider the maternal genetic effect, the
estimated breeding values capture a part of the maternal
genetic effect, so that the individuals are already based
on a composite EBV. Although the breeding values esti-
mated with the different models were highly correlated
(>0.9), re-ranking among the candidates were observed
(data not shown). Thus, depending on the model used to
estimate the breeding values, different individuals will
be selected to produce the next generation. We can also
speculate on the consequences of ignoring the direct-
maternal covariances for the breeding program, if these,
in reality, are not significantly different from zero. To
check the possible consequences of over-specified mod-
els, an extra simulation study was conducted for which
the only difference compared to the simulation described
in the "Methods" section was that both the genetic and
direct-maternal environmental correlations were null.
Therefore, if these are null, then the model becomes simi-
lar to a model that assumes no covariance, which results
in no loss in predictive ability compared with the sim-
plest model (see Additional file 1: Tables S1 and S2). One
limitation to the correct estimation of the genetic param-
eter might be the number of generations in the data used.
Adding both covariances did not lead to an increase in
computation time (see Additional file 2: Table S3), which
may be a critical point for practical breeding applica-
tions. Our analysis focused on BW, but this model could
be easily extended to any traits that are affected by mater-
nal effects.

Conclusions

In this paper, we demonstrate a straightforward way to
estimate the direct-maternal environmental correlation
using standard software and to use it in models for the
prediction of breeding values. This can be implemented
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without significant increases in computing time. The
direct-maternal environmental correlation was positive
while the direct-maternal genetic correlation was nega-
tive. Standard CV methods do not rank models correctly
in the presence of maternal effects that are not included
in models for genetic evaluation. The half-sib correla-
tion and the correlation between EBVy; and EBV  quced
seem to be promising but we were not able to completely
confirm the results obtained with the simulation stud-
ies when applied to real data, which indicates that there
might be other unknown factors that influence BW and
are not included in our analysis. In the simulation, we
showed that when the direct-maternal environmental
covariance is not null its consideration in model predic-
tion will increase the accuracy of prediction and reduce
inflation of breeding values, compared with a model
that ignores it. Over-specifying the model by including
covariances when in reality they did not exist did not
lead to loss of accuracy. Therefore, implementing a model
that includes the direct-maternal genetic and the direct-
maternal environmental effects may lead to improved
genetic gain, without impacting computation time in the
routine genetic evaluations.
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