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ABSTRACT

Bias in dairy genetic evaluations, when it exists, has 
to be understood and properly addressed. The origin of 
biases is not always clear. We analyzed 40 yr of records 
from the Lacaune dairy sheep breeding program to 
evaluate the extent of bias, assess possible corrections, 
and emit hypotheses on its origin. The data set included 
7 traits (milk yield, fat and protein contents, somatic 
cell score, teat angle, udder cleft, and udder depth) 
with records from 600,000 to 5 million depending on 
the trait, ~1,900,000 animals, and ~5,900 genotyped 
elite artificial insemination rams. For the ~8% animals 
with missing sire, we fit 25 unknown parent groups. We 
used the linear regression method to compare “partial” 
and “whole” predictions of young rams before and after 
progeny testing, with 7 cut-off points, and we obtained 
estimates of their bias, (over)dispersion, and accuracy 
in early proofs. We tried (1) several scenarios as follows: 
multiple or single trait, the “official” (routine) evalua-
tion, which is a mixture of both single and multiple 
trait, and “deletion” of data before 1990; and (2) sev-
eral models as follows: BLUP and single-step genomic 
(SSG)BLUP with fixed unknown parent groups or 
metafounders, where, for metafounders, their relation-
ship matrix gamma was estimated using either a model 
for inbreeding trend, or base allele frequencies esti-
mated by peeling. The estimate of gamma obtained by 
modeling the inbreeding trend resulted in an estimated 
increase of inbreeding, based on markers, faster than 
the pedigree-based one. The estimated genetic trends 
were similar for most models and scenarios across all 
traits, but were shrunken when gamma was estimated 
by peeling. This was due to shrinking of the estimates 
of metafounders in the latter case. Across scenarios, 
all traits showed bias, generally as an overestimate of 

genetic trend for milk yield and an underestimate for 
the other traits. As for the slope, it showed overdisper-
sion of estimated breeding values for all traits. Using 
multiple-trait models slightly reduced the overestimate 
of genetic trend and the overdispersion, as did including 
genomic information (i.e., SSGBLUP) when the gam-
ma matrix was estimated by the model for inbreeding 
trend. However, only deletion of historical data before 
1990 resulted in elimination of both kind of biases. The 
SSGBLUP resulted in more accurate early proofs than 
BLUP for all traits. We considered that a snowball ef-
fect of small errors in each genetic evaluation, combined 
with selection, may have resulted in biased evaluations. 
Improving statistical methods reduced some bias but 
not all, and a simple solution for this data set was to 
remove historical records.
Key words: genomic prediction, bias, accuracy, 
historical data, multiple trait

INTRODUCTION

Among producers of sheep milk, France has better-
established breeding programs. Lacaune is the most 
important breed in the French dairy sheep industry and 
has had a breeding program operating since the 1960s. 
Flocks involved in the Lacaune breeding program com-
prise ~170,000 females, and the selection scheme tested 
~450 rams per year until 2014 (Barillet, 2007). Since 
2015 and the implementation of genomic selection, 
rams are genomically preselected at birth, resulting in 
the use of 250 new genomically selected rams per year 
(Jean-Michel Astruc, Institut de l’Elevage, Toulouse; 
personal communication). Today, the genetic evalua-
tion includes the following 10 traits: milk yield (MY), 
fat and protein contents (FC and PC), fat and protein 
yields, SCS, and udder morphological traits including 
teat angle (TA), udder cleft (UC), udder depth (UD), 
and teat position.

Due to the relevance of the breed for the dairy sheep 
industry and its pioneering use of genomic selection, 

Removing data and using metafounders alleviates biases 
for all traits in Lacaune dairy sheep predictions
F. L. Macedo,1,2,3  J. M. Astruc,4 T. H. E. Meuwissen,5 and A. Legarra1*  
1INRA, GenPhySE, Castanet-Tolosan 31320, France
2Facultad de Veterinaria, Universidad de la República, 11600 Montevideo, Uruguay
3Deptartment of Animal Breeding and Genetics SLU, S-75007 Uppsala, Sweden
4Institut de l’Elevage, Castanet-Tolosan 31321, France
5Department of Animal and Aquacultural Sciences, Norwegian University of Life Sciences, 1432 Ås, Norway

 

J. Dairy Sci. 105:2439–2452
https://doi.org/10.3168/jds.2021-20860
© 2022, The Authors. Published by Elsevier Inc. and Fass Inc. on behalf of the American Dairy Science Association®. 
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Received June 11, 2021.
Accepted November 23, 2021.
*Corresponding author: andres.legarra@ inrae .fr. 

https://orcid.org/0000-0002-1949-9214
https://orcid.org/0000-0001-8893-7620
mailto:andres.legarra@inrae.fr


2440

Journal of Dairy Science Vol. 105 No. 3, 2022

the genetic and genomic evaluations of Lacaune have 
been studied repeatedly. As it happened in dairy cattle 
(Spelman et al., 2010; Sargolzaei et al., 2012; Tyrisevä 
et al., 2018), there are concerns of biases in the genetic 
evaluations (Duchemin et al., 2012; Astruc et al., 2014; 
Baloche et al., 2014), with overdispersion of young 
rams’ EBV. This would imply selecting too many young 
animals and hamper the genetic trend.

However, these studies have all been done on a single 
truncation point, whose single result (e.g., the existence 
of bias) may be the outcome of chance (Macedo et al., 
2020) and should not be used alone for decision mak-
ing. Also, the set of scenarios and models used in previ-
ous works was limited. Particular scenarios that should 
be addressed include consideration of missing pedigrees 
(Quaas, 1988; Misztal et al., 2013; Legarra et al., 
2015), use of single-trait or multiple-trait evaluations 
(Ducrocq, 1994), and deletion of old data (Lourenco et 
al., 2014).

Concerning missing pedigrees, the use of metafound-
ers implies the use of the so-called Γ matrix (Legarra 
et al., 2015; Garcia-Baccino et al., 2017), typically esti-
mated using estimates of allele frequencies by general-
ized least squares of base populations (Garcia-Baccino 
et al., 2017; Macedo et al., 2020). However, for data 
sets such as the current one, where founders in genetic 
groups may be several generations removed from geno-
types, estimation of allele frequencies by linear models 
is difficult; in our case, it resulted in estimates out 
of the parametric space. The difficulty in estimating 
the Γ matrix is a common problem for introduction 
of metafounders in genetic evaluation (Kudinov et al., 
2020). In this work, we proposed 2 original approaches 
to estimate Γ.

The objective of this work was to measure the ex-
tent of bias in BLUP and single-step genomic BLUP  
(SSGBLUP) evaluations for Lacaune dairy sheep 
across many traits, scenarios, models, and truncation 
points. In addition, we tested 2 methods to estimate 
relationships across metafounders.

MATERIALS AND METHODS

Data

Records and Pedigree. We used all data available 
until 2019 for the following 7 traits: MY, FC, PC, SCS, 
TA, UC, and UD. Although official evaluations also 
include fat and protein yields, we did not include them 
in our analyses as they are highly correlated with MY, 
FC, and PC (Barillet, 2007). Also, as the recording for 
teat position started in 2013, we did not consider this 
trait because there are were only a few years of records. 

In Table 1, we summarize the number of records per 
trait and the first record’s year.

There are 1,868,975 animals in the pedigree. There is 
~8% missing pedigree, mostly sire of females, because 
natural mating in groups is used after AI. Hence, we 
used genetic groups to consider the missing parents. 
The first genetic group was assigned to the individuals 
born before 1966; then, the groups were assigned every 
5 yr until 1976, and then every 2 yr until 2020, totaling 
25 genetic groups. The first few groups are confounded 
because the earliest data starts in 1978, but their joint 
effect (which is all that counts for the first years of 
records) is well estimated. Treatment of genetic groups 
will be detailed later.

Genomic Information. We included genomic 
information of 5,851 AI males, all with both parents 
known and genotyped with the 50K Illumina chip 
OvineSNP50. The early reference population (2000–
2011) was based on stored DNA samples (Baloche et 
al., 2014), and all new AI rams have been routinely 
genotyped since then. Young rams that were discarded 
(did not enter AI) after genomic preselection were not 
present in the 5,851 males. Only autosomal SNPs were 
considered. Quality control of genotypes included in-
dividual and marker call rate, minor allele frequency 
higher than 0.05, removal of Mendelian conflicts, and 
removal of loci deviating from Hardy-Weinberg equi-
librium (number of heterozygotes deviating more than 
15% from the expectation based on allele frequencies). 
After quality control, 37,389 SNPs were retained.

Scenarios

We considered different scenarios, and different mod-
els for each scenario, to consider missing pedigrees. The 
scenarios were as follows: (1) official genetic evaluation 
(Off); (2) deletion of historical data (Del); (3) single-
trait evaluations (ST); and (4) multiple-trait evalua-
tions (MT).

Herein, we detail the scenarios and then the models. 
To check bias, we used linear regression (LR; Legarra 
and Reverter, 2018) that we describe in detail later.

Macedo et al.: BIAS IN DAIRY SHEEP GENETIC EVALUATIONS

Table 1. Number of records per trait1

Trait
Number of  

records
Number of  
animals

Year of  
first records

MY 5,696,348 1,693,772 1978
FC, PC 2,024,233 1,249,897 1987
SCS 1,640,409 908,073 1999
TA, UC, UD 638,342 638,342 2000
1MY = milk yield; FC = fat content; PC = protein content; TA = teat 
angle; UC = udder cleft; UD = udder depth. 
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The Official Genetic Evaluation. The Off sce-
nario mimics official (routine) genetic evaluations. 
Traits MY, FC, and PC are evaluated in single-trait 
evaluations considering heterogeneity of variances 
across flocks (Meuwissen et al., 1996), whereas SCS is 
evaluated in a regular single-trait model. Morphology 
traits (TA, UC, UD) are evaluated together in a mul-
tiple-trait evaluation. In this study, the models for the 
MY, FC, and PC did not account for the heterogeneity 
of variance, to speed up computations. In preliminary 
tests, including or removing heterogeneity of variances 
led to negligible differences between the solutions for 
rams (either young or progeny-tested). We used “rou-
tine” variance components; most often, these have been 
estimated some years ago using subsets of data (e.g., 
Barillet, 2007). These are detailed in Supplemental 
Tables S1 and S2 (https: / / doi .org/ 10 .6084/ m9 .figshare 
.17702828). These genetic parameters were used in all 
scenarios unless otherwise stated.

Deletion of Historical Data. There is some evi-
dence that by deleting historical data, the bias or over-
dispersion of young predictions decreases (Lourenco et 
al., 2014). Previous works in Lacaune showed overdis-
persion of EBV, so we considered that elimination of 
historical data could reduce this bias. The reasons for 
this are unclear, but a possible reason is some discor-
dance between the actual reality and the model being 
fitted, such that bias for selected traits may accumu-
late with time. Removing old data would alleviate this 
snowball effect.

The Del scenario was similar to Off, but we deleted 
all records and pedigree before 1991, pretending that 
pedigree and performance recording had started from 
scratch that year. However, in official evaluations, the 
earliest performances (MY) started in 1978, and all 
pedigrees since the 1960s were taken into account. This 
resulted in a lack of relationships in the first 4 to 5 yr 
until a minimal pedigree structure was built up (gen-
eration interval is ~4 yr). As individuals born before 
1991 were eliminated, the number of genetic groups 
reduced from 25 to 13. We expected a large effect on 
MY under this scenario, as the deleted data volume was 
very large (~30%). The other traits started recording 
more recently and should, in principle, be less affected. 
Because we focused on rams with well-known pedigrees, 
we expected the effect to be smaller than in females, 
but we also expected an effect on genetic trend due to 
confounding of unknown parent groups and contempo-
rary groups, as every flock had ~8% missing pedigrees.

Single-Trait Evaluations. Another approach was 
to evaluate all traits as single traits using “routine” vari-
ance components. Under the ST scenario, the changes 
only affect udder morphology traits, as the other traits 
are already evaluated in single-trait models.

Multiple-Trait Evaluations. A multiple-trait 
genetic evaluation considers relationship between all 
traits. This should increase all accuracies and bias due 
to selection on correlated traits (Ducrocq, 1994). In 
Lacaune, there are estimations of (co)variances in the 
first lactation (Barillet, 2007), but not at the level of 
permanent animal effect. Therefore, we estimated the 
(co)variances for all traits by Gibbs sampling (12,000 
iterations discarding initial 1,200 as burn-in) using 
all available data and pedigree relationships (without 
marker information).

Models

All genetic evaluations were performed using the 
basic model as follows:

 y = Xb + Wuu + Wpp + e,  

where y is the vector of records for the trait, b is a vec-
tor of the fixed effect, u is a vector of breeding values, 
p is a vector of permanent animal effects, e is a vector 
of residuals, and X, Wu, and Wp are the incidence 
matrices for fixed effects, breeding values, and perma-
nent animal effects, respectively. The main fixed effect 
is contemporary group based on flock, year, and parity 
number. In particular, interaction effects of age × year, 
and parity × year, are included. This should remove 
biases due to incorrect modelization of age-parity, and 
possible confounding with fixed effects (Powell and 
Wiggans, 1994). The effects are detailed in several pa-
pers (Barillet et al., 1992, 2001; Marie-Etancelin et al., 
2005). For the udder morphology traits, each animal is 
scored only once, and thus no permanent animal effect 
was fitted.

Based on this basic animal model, different genetic 
evaluations were performed according to scenarios 
above. We also considered BLUP and SSGBLUP evalu-
ations. The BLUP evaluations used “fixed effect” ge-
netic groups in a traditional manner by expanding A−1 
through the QP transformation (Quaas, 1988).

For SSGBLUP, we used (fixed) unknown parent 
groups using the QP transformation (Misztal et al., 
2013). Note that another, more recent, option uses the 
QP transformation only for the A−1 relationship ma-
trix but not for the G−1, which seems to avoid double 
counting and results in better predictions (Cesarani et 
al., 2021); we have not considered it. Alternatively, to 
using unknown parent groups, we used the theory of 
metafounders, which explicitly includes relationships 
across genetic groups (Legarra et al., 2015). The re-
latedness of metafounders is described in the so-called 
Γ matrix (Legarra et al., 2015; Garcia-Baccino et al., 
2017), typically estimated using estimates of allele 

Macedo et al.: BIAS IN DAIRY SHEEP GENETIC EVALUATIONS

https://doi.org/10.6084/m9.figshare.17702828
https://doi.org/10.6084/m9.figshare.17702828


2442

Journal of Dairy Science Vol. 105 No. 3, 2022

frequencies by generalized least squares of base popula-
tion (Garcia-Baccino et al., 2017; Macedo et al., 2020). 
However, for data sets such as the current one, where 
founders in genetic groups may be several generations 
removed from genotypes, estimation of allele frequen-
cies by linear models is difficult and resulted (in our 
case) in estimates out of the parametric space. The 
difficulty in estimating the Γ matrix is a common prob-
lem for the introduction of metafounders in genetic 
evaluation (Kudinov et al., 2020). Thus, we considered 
here 2 (“trend” and “peeling”) manners of estimating 
Γ without using linear models for allele frequencies of 
base populations. We present them below.

Thus, we have 4 models for each of the scenarios, as 
follows:

• BLUP-UPGA with fixed unknown parent groups.
• SSGBLUP-MF-trend, which uses a smooth trend 

to estimate Γ.
• SSGBLUP-MF-peeling, which uses peeling to es-

timate Γ.
• SSGBLUP-UPGH with fixed unknown parent 

groups.

The 2 MF options are detailed below.
Gamma Estimated by “Trend.” Lacaune is a 

closed breed; therefore, we expect overall relationship 
and inbreeding to increase in a steady manner. Sorensen 
and Kennedy (1983) showed under certain assumptions 
that the structure of average relationships A across 
generations is as follows:
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Thus, only 2 values are needed to build the whole Γ: Γ0 
and ∆F γ( ). Note that ∆F γ( ) is not the same as ∆F  [e.g., 
with a single metafounder, ∆ ∆F Fγ γ( ) = −( )1 2/ ]. We 

found, by grid search, the values of Γ0 and ∆F γ( ) that 
maximized (assuming, as an approximation, normality 
of gene content) the likelihood of observed marker 
genotypes given Γ (Legarra et al., 2015).

Gamma Estimated by “Peeling.” Matrix Γ con-
tains covariances of allele frequencies at base popula-
tions. Use of linear models to estimate allele frequencies 
yields only approximates results because genotypes fol-
low Mendelian transmission. Thus, the optimal way to 
estimate allele frequencies is to maximize a Mendelian 
likelihood including all pedigree and marker informa-
tion. To estimate base population allele frequencies, 
we used single-locus iterative peeling (Fernando et 
al., 1993; Kerr and Kinghorn, 1996) as programmed 
in linkage disequilibrium multilocus iterative peeling 
(LDMIP; Meuwissen and Goddard, 2010). Due to time 
constraints, we considered a random subset of 4,000 
markers.

Model Checking

We used method LR (Legarra and Reverter, 2018) to 
compare the models. The method LR is based on the 
comparison between genomic (G)EBV with partial 
data (earlier) breeding values ˆ ,up( )  estimated at the 
time of selection, versus whole data (later) breeding 
values ûw( ) of a group of individuals, called focal indi-
viduals. The focal individuals in this work were the 
cohorts of AI rams that, every year, were selected 
(based on parent average up to 2015) and put to prog-
eny testing. In the following years, these rams have 
progeny (females with records), although the number of 
progeny varies across traits. Therefore, we worked with 
9 focal groups composed of AI rams. The number of 
rams and number of daughters per ram per year of 
birth of the 9 focal groups is detailed in Table 2.

We performed genetic evaluations with truncation 
dates given by years of birth in Table 2 (e.g., for the 
focal group born in 2000, the “partial” evaluation is 
obtained deleting all records after 2000). The last 
evaluation had all available data until 2019. For the Del 
scenario, the first evaluation was in 1995; otherwise, 
everything was identical. We obtained EBV with 
BLUP-UPGA for every evaluation, whereas SSGBLUP 
models were used only in genetic evaluations after 2000. 
For each focal group, there were several comparisons. 
For instance, consider the focal individuals for MY 
born in 1985. For them, we obtained 9 sets of bias, 
slope, and accuracy estimates (ûp from 1985 vs. ûw from 
1990, ûp from 1985 vs. ûw from 1995 … ûp from 1985 
vs. ûw from 2019).

We used the estimators described by Legarra and 
Reverter (2018) and refined by Macedo et al. (2020). 

Macedo et al.: BIAS IN DAIRY SHEEP GENETIC EVALUATIONS
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We described them briefly. An estimation of the bias 
was obtained, for each cohort of focal animals, by the 
simple difference between the averages of old and recent 
EBV as ˆ ˆ ˆ∆p p w= ( )−( )u u  with expected value of 0. In 
other words, for a group of contemporary animals se-
lected equally, their average expected and observed ge-
netic value (i.e., estimated genetic) gain should be 
identical (and identical to the true value); this is a 
property of BLUP. Dispersion (regression of true on 
estimated breeding value) is estimated from the slope 

of the regression of ûw on ˆ ˆ
ˆ ˆ

ˆ
:

,
,u b

Cov

Varp p
p w

p

=
( )
( )

u u

u
 with an 

expectation of 1.
Finally, an estimator of the ratio of accuracies (acc) 

is the correlation between EBV, where 

ˆ
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. The relative gain in accuracy from a partial data 

set to a whole one can be obtained by 
1

1
ˆ ,ρp w

w p

p

acc acc
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− =
−

 (Bermann et al., 2021). Also, as-

suming that acc BLUP acc SSGBLUPw w( ) ≈ ( ), which is 
a reasonable assumption for progeny-tested rams as is 
the case in this work (but not generally), then 
ˆ ˆ, ,ρ ρp w p wSSGBLUP BLUP( )− ( ) indicates the increase in 
relative accuracies from BLUP to SSGBLUP.

For each year of partial data sets, we obtained a set 
of estimators. However, this set varies for each focal 
group. For instance, for the focal group born in 1985, 
for the MY and BLUP-UPGA model, we made 9 com-
parisons, whereas for the focal group born in 2016, we 
made a single one. Therefore, to summarize all com-
parisons, the use of raw averages is not correct. The 
final results of the estimators were obtained following 
the linear model sij = pi + wj + eij, where sij is the 
observed statistic for year of “partial” i and year of 

“whole” j, and pi and wj are the respective effects. The 
final estimate was obtained as the estimable function 
“average sij if the design was balanced” (Macedo et al., 
2020).

RESULTS

Genetic Parameter Estimates

In Table 3 and Supplemental Tables S3 and S4 (https: 
/ / doi .org/ 10 .6084/ m9 .figshare .17702828), we present 
the estimated genetic, residual, and permanent ratios 
of variances including correlations, as well as total 
phenotypic variances. These results are very similar to 
reported estimates (Barillet, 2007); the most relevant 
results, but already known, are the opposition of MY 
with contents, SCC, and UD, and the moderate genetic 
correlations across udder traits and SCC. These cor-
relations may influence the bias for some trait when 
selection on other correlated traits is ignored in single-
trait evaluations.

Estimates of Metafounders Relationships

Gamma Estimated by “Trend.” The values of Γ0 
and ∆F γ( ) that maximize the likelihood of marker geno-
types, given Γ (assuming normality), were 0.3 and 
0.025, respectively. Note that these values yield an in-
crease in “regular” inbreeding of 
∆ ΓF F≈ −( ) =( )∆ γ 1 2 0 030 /   . , from one genetic group 
to the next, every 2 yr, resulting in an increase of in-
breeding of 0.015 per year. Rodríguez-Ramilo et al. 
(2019) reported that ∆F per generation (generation in-
terval ~3 yr) is 0.022, resulting in an increase of in-
breeding of 0.007 per year. Thus, our method overesti-
mated the increase of inbreeding and should be refined. 
Our estimates of Γ0 and ∆F γ( ) lead to the Γ matrix 
presented below that we used for further analyses:

Macedo et al.: BIAS IN DAIRY SHEEP GENETIC EVALUATIONS

Table 2. Number of rams per focal group per year of birth1

Year

Milk yield

 

SCS

 

Udder depth

Rams Med; IQ Rams Med; IQ Rams Med; IQ

1995 392 45; 31     
2000 383 41; 27 377 44; 30   
2005 407 47; 31 398 38; 26 332 35; 31
2010 417 44; 27 406 45; 26 327 38; 23
2012 368 47; 28 366 43; 25 316 39; 17
2014 338 47; 33 338 45; 24 318 40; 28
2016 241 39; 39 240 46; 31 236 38; 20
1Med = median number of daughters with records in the following years; IQ = interquartile range.
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This matrix resulted in correlations across metafound-
ers of ~0.95.

Gamma Estimated by “Peeling.” Estimates of 
allelic frequencies were very highly correlated across 
base populations, resulting in Γ with diagonal values 
of ~0.89 and off-diagonal values of ~0.88. This resulted 
in very high a priori covariances across metafounders 
(the correlation was ~0.99), which in turn was expected 
to shrink all their estimates toward 0. The reason for 
these highly correlated estimates of allele frequencies 
was probably lack of information; it would seem that 
peeling split the observed genotypes equally across dif-
ferent origins.

Although the method correctly considered the Men-
delian distribution of the genotypes, it was still not 
optimal for several reasons as follows: (1) iterative 
peeling is approximate, (2) using single-marker likeli-
hoods ignores information from neighboring markers, 
and especially (3) an unbiased estimate of marker allele 
frequencies does not imply an unbiased estimate of Γ. 
However, use of peeling results can clearly be improved. 
For instance, instead of using the square of the estimate 
of allele frequencies to estimate the diagonal of Γ, one 
could use average individual estimated homozygosities. 
We consider that exploring more options is very time 
consuming and out of the scope of this paper.

Genetic Trends and Estimates of Unknown Parent 
Groups and Metafounders

In Figure 1, we present the genetic trend (average 
across females EBV per year of birth) for all analyzed 

traits, obtained from BLUP-UPGA in the Off scenario. 
Note that all traits have desirable trends in the recent 
years (for TA, lower values are better). We expected 
BLUP-UPGA to give unbiased estimates of genetic 
trends, given that genomic selection started only in 
2015. There was a genetic gain for all traits, stronger 
for MY as expected, given its heritability and weight 
in the selection index. The trends showed the changes 
in the selection objectives toward increasing milk 
contents, less mastitis, and a better conformed udder 
(Barillet, 2007). 

For udder traits, genetic trends were almost identical 
across models and scenarios. However, this was not true 
for other traits. We show results for Off and Del for the 
traits MY (Figure 2) and SCS (Figure 3). Milk yield is 
a trait that has been selected since the beginning of the 
scheme in the early 1970s, whereas SCS was effectively 
selected since ~2005. The slope of genetic trend for MY 
was steeper for Off than for Del (Figure 2). This was 
a bit surprising because one would think that delet-
ing data before 1991 should not affect genetic trend 
estimated in 2010. In our opinion, this could mean that 
there was a small systematic bias that cumulated in 
time in genetic evaluations for MY. In addition, the 
genetic trend for MY was lower for MF-peeling; this 
probably reflected the fact that, for this data set, the 
estimated Γ using peeling forced the genetic groups to 
be a priori very similar to each other, which resulted 
in strongly shrunken estimates of the metafounders 
(Figure 4). This, in turn, penalized the genetic trend, 
even if the number of animals with missing pedigree 
was rather small (~8%). The strategy MF-trend did 
not suffer from this drawback.

As for SCS, the genetic trend shown in Figure 3 de-
pended not on the scenario, but on the model. Thus, 
the use of SSGBLUP resulted in faster genetic trend, 
regardless of the scenario. This perhaps indicated that 
the extra accuracy by SSGBLUP, especially given 
that SOCS2, a major gene for SCS segregating in this 
population, explained 12% of the genetic variance and 
that its effect is well captured with genomic predictions 
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Table 3. Genetic correlations (off-diagonal) and heritabilities (diagonal) estimated by Gibbs sampling1

Trait MY FC PC SCS TA UC UD

MY 0.34 −0.35 −0.46 0.05 0.03 0.21 −0.47
FC −0.35 0.48 0.59 0.04 0.13 −0.14 −0.01
PC −0.46 0.59 0.59 0.06 0.04 −0.10 0.07
SCS 0.05 0.04 0.06 0.18 0.18 −0.25 −0.32
TA 0.03 0.13 0.04 0.18 0.42 −0.33 −0.22
UC 0.21 −0.14 −0.10 −0.25 −0.33 0.40 0.04
UD −0.47 −0.01 0.07 −0.32 −0.22 0.04 0.37
1MY = milk yield; FC = fat content; PC = protein content; TA = teat angle; UC = udder cleft; UD = udder 
depth. Posterior SD < 0.01.
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(Oget et al., 2019). For this trait, there was not much 
difference between MF-peeling and MF-trend.

Figure 5 shows, for MY, the variation of the estima-
tors of slope b̂p depending on the pairs of points partial-
whole that we compared for BLUP-UPGA under the 
Del scenario. The slope fluctuated between 0.80 and 1 
and had no clear pattern. These observations of the 
high variability of the estimators across years agreed 
with previous studies done in Manech Tête Rousse 

(Macedo et al., 2020), and they highlighted the need of 
several cut-off tests to assess unbiasedness.

Table 4 presents final estimates of bias across all 
traits, scenarios, and models. The only trait that is con-
sistently overestimated is MY, which was the one with 
faster genetic progress, whereas the other traits tended 
to be underestimated. In the Del scenario, biases were 
mildly reduced for most traits and strongly reduced for 
MY, as the bias dropped from 0.10 to 0.20 genetic stan-
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Figure 1. Genetic trend for all traits expressed in genetic standard deviations. (a) Milk yield; (b) fat content (red solid line) and protein 
content (blue dotted line); (c) SCS; (d) teat angle (red solid line), udder cleft (green dot-dash line), and udder depth (blue dotted line).
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dard deviation to almost 0. On the other hand, fitting 
ST, MT, or Off evaluations resulted in similar biases.

As for the models, there was little difference except 
for MY. There was more bias for BLUP-UPGA and 
SSGBLUP-MF-peeling than for SSGBLUP-MF-trend 
and SSGBLUP-UPGH. This was surprising because 
the 2 biased models (BLUP-UPGA and SSGBLUP-
MF-peeling) did not share features. Again, in the Del 
scenario, these biases disappeared; therefore, they had 
to do with including old data and perhaps the existence 
of small, cumulating, biases.

The values of b̂p are summarized in Table 5. Most 
traits showed overdispersion ˆ ,bp <( )1  which can be quite 
large in some combinations of trait, scenario, and 
method. The highest overdispersions were, again, ob-

served for MY, with values as low as 0.60. This agreed 
with previous results in the same breed (Baloche et al., 
2014). On the scenario MT, the slope did not perform 
better; as the opposite, it presented a slight magnifica-
tion of the overdispersion. However, by deleting histori-
cal data in Del, the overdispersion was almost elimi-
nated in production traits and SCS, and greatly dimin-
ished for udder morphology traits. As for the latter, 
these traits were not recorded before 1990, so that the 
changes were entirely due to removal of pedigree and 
probably of unknown parent groups or metafounders 
that were difficult to estimate.

Inside each scenario, there were important differences 
across models, in particular for MY and PC, which 
are traits with strong genetic trend. The model that 
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Figure 2. Estimated genetic trends for milk yield for different data sets, truncated at 1991 (Deletion) or not (Official) using BLUP or single-
step genomic BLUP (SSGBLUP). Models: BLUP UPGA (with fixed unknown parent groups in A); SSGBLUP-MF-trend, with a smooth trend 
to estimate Γ across metafounders (MF); and SSGBLUP-MF-peeling, which uses peeling to estimate Γ. 
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presented more overdispersion was SSGBLUP-UPGH, 
followed by BLUP-UPGA, probably because UPG were 
fit as fixed effects with no shrinkage in both cases. On 
the other hand, the model that presented less overdis-
persion was SSGBLUP-MF-trend. However, all differ-
ences in biases across models almost disappeared when 
historical data were deleted (Del).

In Table 6, we present ratios of accuracies ˆ ,ρp w for the 
2 least biased models, BLUP-UPGA and SSGBLUP-
MF-trend, for 2 of the scenarios (ST and MT were very 
similar to Off). The high values observed for Del were 
puzzling, and we do not have a clear explanation. Nev-
ertheless, in both cases (Off or Del), the difference 
ˆ ˆ, ,ρ ρp w p wSSGBLUP BLUP( )− ( ) results in values around 

0.03 to 0.20 of extra relative accuracy for SSGBLUP 
compared with BLUP, which agreed with previous re-
sults in the breed. As for the different modeling of UPG 
and MF, generally SSGBLUP_MF_trend was as accu-
rate or more accurate than the other options for Off, 
whereas all 3 models were equally accurate for Del.

DISCUSSION

Most evaluations tended to be biased either for bias 
∆̂p ≠ 0 (sometimes over- and sometimes underestima-
tion) or for slope b̂p (generally ˆ ,bp < 1  implying overesti-
mation of selected candidates). This was a problem, as 
expected genetic gains based on recent trends were not 
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Figure 3. Estimated genetic trends for SCS for different data sets, truncated at 1991 (Deletion) or not (Official), using BLUP or single-step 
genomic BLUP (SSGBLUP). Models: BLUP UPGA (with fixed unknown parent groups in A); SSGBLUP-MF-trend, with a smooth trend to 
estimate Γ across metafounders (MF); SSGBLUP-MF-peeling, which uses peeling to estimate Γ; and SSGBLUP-UPGH with fixed unknown 
parent groups in H.
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accomplished, although an economic quantification of 
the losses was missing.

Some, but not all, bias was reduced using MT mod-
els. The source of these remaining biases was largely 
unknown, as the Lacaune breed has a well-organized 
performance recording and low level of missing pedi-
gree. We hypothesized that bias came from inherently 
imperfect statistical models, and that accumulation of 
small biases during many generations (more than 10 
since the 1970s) led to a snowball effect and observed 

existing bias. For instance, small noises in estimation of 
breeding values may lead the genetic evaluation system 
to infer that the average breeding value of the next 
generation is, say, 11% better instead of the true 10%. 
The 1-percentage-point difference enters into parent 
averages that, in turn, enter into prediction of genetic 
and environmental effects. The same effect would be 
achieved if, for the same trait, the genetic correlation 
across distant generations was not 1 (Tsuruta et al., 
2004), for instance, due to genotype by environment 
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Figure 4. Estimates of unknown parent groups (UPG) and metafounders effect for milk yield for the official genetic evaluation scenario. 
Models: BLUP-UPGA, with fixed unknown parent groups; SSGBLUP-MF-trend, with a smooth trend to estimate Γ across metafounders (MF); 
SSGBLUP-MF-peeling, which uses peeling to estimate Γ; and SSGBLUP-UPGH with fixed unknown parent groups.

Figure 5. Estimated slope b̂p (regression of EBVw on EBVp) as function of year of birth of focal individuals. EBVw = EBV based on whole 
data; EBVp = EBV based on partial data. Genetic evaluation: BLUP-UPGA (with fixed unknown parent groups) in scenario with deletion of 
historical data.
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interactions. Thus, selection differentials at one genera-
tion are not fully reflected in the following generations. 
If we’re correct, this effect would explain the different 
genetic trend in Off and in Del. However, this hypoth-
esis has not been verified through this study and should 
be properly addressed elsewhere.

As for the means of correcting the bias, the most 
obvious (improving the model) is not always easy as 

linear models have their limitations, for instance, if 
important factors are unregistered or unaccounted for. 
Indeed, an outdated correcting factor (age − parity) 
introduced serious bias in US dairy evaluation (Powell 
and Wiggans, 1994). This particular factor (age − par-
ity) is taken into account in the Lacaune evaluation, 
but it still may remain inaccurate due to confounding 
(e.g., with herd-year-parity) as well as other factors. 
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Table 4. Bias ∆̂p( ) expressed in genetic standard deviations

Evaluation1  Model2

Trait3

MY FC PC SCS TA UC UD

Official  BLUP-UPGA 0.17 −0.13 −0.25 −0.10 −0.04 −0.04 −0.07
Official  SSGBLUP-MF-trend 0.11 −0.09 −0.15 −0.08 0.06 −0.10 −0.06
Official  SSGBLUP-MF-peel 0.36 0.00 −0.05 −0.13 0.03 −0.05 −0.06
Official  SSGBLUP-UPGH 0.10 −0.10 −0.16 −0.08 0.06 −0.09 −0.06
Deletion  BLUP-UPGA −0.01 −0.14 −0.21 −0.05 −0.04 −0.03 −0.04
Deletion  SSGBLUP-MF-trend −0.02 −0.09 −0.11 −0.04 −0.05 −0.03 −0.03
Deletion  SSGBLUP-MF-peeling 0.05 −0.06 −0.09 −0.05 −0.05 −0.03 −0.03
Deletion  SSGBLUP-UPGH −0.02 −0.09 −0.11 −0.03 −0.04 −0.03 −0.03
ST  BLUP-UPGA     −0.06 −0.04 −0.07
ST  SSGBLUP-MF-trend     −0.06 −0.04 −0.08
ST  SSGBLUP-MF-peeling     −0.08 −0.05 −0.10
ST  SSGBLUP-UPGH     −0.06 −0.04 −0.08
MT  BLUP-UPGA 0.18 −0.05 −0.14 −0.06 0.07 −0.05 −0.14
MT  SSGBLUP-MF-trend 0.09 −0.03 −0.08 −0.04 0.05 −0.04 −0.12
MT  SSGBLUP-MF-peel 0.29 0.02 −0.02 −0.10 0.03 0.01 −0.13
MT  SSGBLUP-UPGH 0.07 −0.03 −0.09 −0.03 0.06 −0.04 −0.13
1Scenarios: Official = official evaluation; Deletion = deletion of historical data; ST = single-trait evaluation; MT = full multiple-trait evaluation.
2Models: BLUP-UPGA, with fixed unknown parent groups; single-step genomic (SSG)BLUP-MF-trend = uses a smooth trend to estimate Γ; 
SSGBLUP-MF-peeling, which uses peeling to estimate Γ; and SSGBLUP-UPGH with fixed unknown parent groups.
3MY = milk yield; FC = fat content; PC = protein content; TA = teat angle; UC = udder cleft; UD = udder depth. Standard errors between 
0.01 and 0.03.

Table 5. Slope b̂p( ) of the regression of EBVw (whole data set) on EBVp (partial data set)

Evaluation1  Model2

Trait3

MY FC PC SCS TA UC UD

Official  BLUP-UPGA 0.71 0.89 0.85 0.88 0.76 0.92 0.72
Official  SSGBLUP-MF-trend 0.86 0.93 0.91 0.87 0.83 0.79 0.72
Official  SSGBLUP-MF-peeling 0.75 0.89 0.88 0.82 0.78 0.74 0.68
Official  SSGBLUP-UPGH 0.59 0.87 0.78 0.87 0.83 0.79 0.73
Deletion  BLUP-UPGA 0.97 0.99 0.94 0.96 0.90 0.90 0.92
Deletion  SSGBLUP-MF-trend 0.99 0.99 0.98 0.98 0.89 0.89 0.91
Deletion  SSGBLUP-MF-peeling 0.94 0.97 0.95 0.96 0.87 0.87 0.90
Deletion  SSGBLUP-UPGH 0.98 0.99 0.97 0.98 0.89 0.88 0.91
ST  BLUP-UPGA 0.71 0.89 0.85 0.88 0.85 0.94 0.74
ST  SSGBLUP-MF-trend 0.86 0.93 0.92 0.87 1.30 1.44 1.29
ST  SSGBLUP-MF-peeling 0.75 0.89 0.88 0.82 1.17 1.24 1.09
ST  SSGBLUP-UPGH 0.59 0.87 0.78 0.87 1.06 1.12 1.01
MT  BLUP-UPGA 0.69 0.82 0.81 0.80 0.81 0.76 0.59
MT  SSGBLUP-MF-trend 0.83 0.88 0.87 0.81 0.81 0.76 0.65
MT  SSGBLUP-MF-peeling 0.73 0.84 0.83 0.75 0.76 0.70 0.60
MT  SSGBLUP-UPGH 0.60 0.84 0.77 0.81 0.80 0.76 0.65
1Scenarios: Official = official evaluation; Deletion = deletion of historical data; ST = single-trait evaluation; MT = full multiple-trait evaluation.
2Models: BLUP-UPGA, with fixed unknown parent groups; single-step genomic (SSG)BLUP-MF-trend = uses a smooth trend to estimate Γ; 
SSGBLUP-MF-peeling, which uses peeling to estimate Γ; and SSGBLUP-UPGH with fixed unknown parent groups.
3MY = milk yield; FC = fat content; PC = protein content; TA = teat angle; UC = udder cleft; UD = udder depth. Standard errors between 
0.01 and 0.02.
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Thus, it seems hard to fully debug a linear model. How-
ever, from our results, a simple solution was deleting 
old data (scenario Del). This simple procedure reduced 
the bias to almost nothing for all traits and both statis-
tics ˆ ˆ∆p pb and ( ) and is simple to implement. This was 
already suggested by Lourenco et al. (2014). Cesarani 
et al. (2021) showed approximately unbiased evalua-
tions, regardless of data truncation, when the most 
correct model (an SSGBLUP method) was used. How-
ever, for seemingly incorrect models (another SSGB-
LUP method or BLUP), Cesarani et al. (2021) observed 
a positive effect (reduction of overdispersion) when 
truncating old data; the effect was marked in cows and 
rather small in bulls. The reason why we observed a 
more marked effect is probably because AI rams did 
not have as many daughters as AI bulls (hundreds for 
AI rams compared with thousands or more for AI 
bulls). It can be difficult to delete data because only 
really old data can be removed (i.e. no breeding animals 
should be removed), and it removes the possibility of 
observing long-time genetic trends.

Another possible explanation for bias in genomic pre-
dictions is selective or scarce genotyping (although this 
does not explain why in some cases BLUP evaluations 
are biased). This was not the case in this work because 
there was no selective genotyping (all AI rams, pre- or 
postgenomic selection, were genotyped) and these rams 
covered all the genetic diversity of the population, as 
next generations were either offspring (through AI) or 
grand-offspring (through natural mating rams’ sons of 
AI rams) of genotyped AI rams. We do not believe that 
compatibility of pedigree and genomic information was 
an important source of bias in our case (at least for the 
models that we tested), given that we found that BLUP 
was also biased.

Except in the case of Del, udder traits always showed 
some bias as shown by values of ˆ .bp  Strangely, moving 
from ST to MT changed b̂p from b̂p > 1 (underdisper-
sion) to b̂p < 1 (overdispersion). In a way, if for most 
traits there is overdispersion (b̂p < 1) due to selection, 
using a MT model changes udder traits from an anom-
alous situation of underdispersion (b̂p > 1) to a “normal” 
situation of overdispersion (b̂p < 1). Perhaps the reason 
for overdispersion for ST was because udder traits, and 
in particular UD, were genetically correlated with MY 
and SCS, and this results in underdispersion for ST 
models where the effect of such selection was ignored.

The use of metafounders seemed to slightly reduce 
biases, in particular for the slope ˆ ,bp  compared with 
“fixed” UPG as shown in SSGBLUP-MF-trend versus 
either BLUP-UPGA or SSGBLUP-UPGH. We attrib-
uted this to the shrinkage of MF estimates, which re-
sulted in shrinkage of genetic trends. Indeed, in Del, all 
methods were unbiased. Thus, the simplest alternative 
to remove bias in this data set was to remove data 
earlier than 1990. This has the desirable byproduct 
that all models for MF and UPG were, roughly, equally 
accurate. In other words, modeling genetic trend when 
parentships are missing becomes much easier. As for 
the method to estimate Γ, the method using trend of 
inbreeding gave a better answer than using peeling (or 
our particular use of peeling results). This method us-
ing trend of inbreeding was straightforward to use in 
single-breed populations, although it should be modi-
fied for use in multiple populations, possible crosses, 
and more complicated UPG structures than those 
solely based on year of birth.

When we compare bias ∆̂p (Table 4) with the genetic 
trends (Figure 1), it seemed that the stronger the trend, 
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Table 6. Correlation ˆ ,ρp w( ) of the regression of EBVw (whole data set) on EBVp (partial data set)

Evaluation1  Model2

Trait3

MY FC PC SCS TA UC UD

Official  BLUP-UPGA 0.45 0.57 0.59 0.52 0.69 0.75 0.61
Official  SSGBLUP-MF-trend 0.65 0.72 0.73 0.71 0.68 0.66 0.62
Official  SSGBLUP-MF-peeling 0.61 0.71 0.72 0.68 0.65 0.63 0.59
Official  SSGBLUP-UPGH 0.54 0.70 0.68 0.71 0.68 0.67 0.63
Deletion  BLUP-UPGA 0.85 0.84 0.84 0.84 0.79 0.83 0.85
Deletion  SSGBLUP-MF-trend 0.91 0.92 0.92 0.91 0.82 0.85 0.87
Deletion  SSGBLUP-MF-peeling 0.89 0.91 0.91 0.90 0.81 0.84 0.87
Deletion  SSGBLUP-UPGH 0.90 0.92 0.91 0.91 0.81 0.85 0.88
1Scenarios: Official = official evaluation; Deletion = deletion of historical data.
2Models: BLUP-UPGA, with fixed unknown parent groups; single-step genomic (SSG)BLUP-MF-trend = uses a smooth trend to estimate Γ; 
SSGBLUP-MF-peeling, which uses peeling to estimate Γ; and SSGBLUP-UPGH with fixed unknown parent groups.
3MY = milk yield; FC = fat content; PC = protein content; TA = teat angle; UC = udder cleft; UD = udder depth. Standard errors between 
0.01 and 0.02.
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the higher ˆ .∆p  This was as expected as an unselected 
trait would not change the mean, and thus ∆̂p was ex-
pected to be 0. For a selected trait, the realized selec-
tion response (seen in the whole data set) was generally 
lower than the expected response (inferred from partial 
data), resulting in nonzero ∆̂p values.

CONCLUSIONS

Our results have some consequences for the dairy 
sheep industry, and perhaps genetic evaluation meth-
ods in all species. If, as our data seems to suggest, bias 
accumulates due to a snowball effect of small biases 
(due perhaps to incomplete modeling), then deleting 
old data is a simple and efficient option. This could 
eliminate problems of bias in the dairy industry. Use 
of metafounders through the new method “MF-trend” 
to estimate Γ is an interesting refinement but does not 
eliminate all bias. Multiple-trait models can be run in 
large data sets (comparable to most breeds that are 
not Holstein and most countries outside of the United 
States) but it does not eliminate bias.
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