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ABSTRACT

As part of the From’MIR project, traits related to
the composition and cheese-making properties (CMP)
of milk were predicted from 6.6 million mid-infrared
spectra taken from 410,622 Montbéliarde cows (19,862
with genotypes). Genome-wide association studies
of imputed whole-genome sequences highlighted can-
didate SNPs that were then added to the EuroG10K
BeadChip, which is routinely used in genomic selection.
In the present study, we (1) assessed the reliability of
single-step genomic BLUP breeding values (ssEBVs)
for cheese yields, coagulation traits, and casein and
calcium content generated from test-day records of the
first 3 lactations, (2) estimated realized genetic trends
for these traits over the last decade, and (3) simulated
different cheese-making breeding objectives and es-
timated the responses for CMP as well as for other
traits currently selected in the Montbéliarde breed. To
estimate the reliability of ssEBVs, the available data
were split into 2 independent training and validation
sets that respectively contained cows with the oldest
and the most recent lactation data. The training set
included 155,961 cows (12,850 with genotypes) and was
used to predict ssEBVs of 2,125 genotyped cows in the
validation set. We first tested 4 models that included
either lactation (LACT) or test-day (TD) records from
the first (1) or the first 3 (3) lactations, giving equal
weight to all 50K SNP effects. Mean reliabilities were
61%, 62%, 63%, and 64% for the LACT1, LACT3, TD1,
and TD3 models, respectively. Using the most accurate
model (TD3), we then compared the reliabilities of 3
scenarios with: SNPs from the [llumina BovineSNP50
BeadChip only, equally weighted (50K); 50K SNPs plus
additional candidate SNPs, equally weighted (50K+);
and 50K and candidate SNPs with additional weight
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given to 7 to 14 candidate SNPs, depending on the trait
(CAND). The 50K+ and CAND scenarios led to similar
mean reliabilities (67%) and both outperformed the 50K
scenario (64%), whereas the CAND scenario generated
the less biased ssEBVs. To assess genetic trends, SNP
effects were estimated with a single-step GBLUP based
on the TD3 model and the 50K scenario applied to
the whole population (2.6 million performance records
from 190,261 cows and 423,348 animals in the pedigree,
of which 21,874 were genotyped) and then applied to
50K genotypes of 21,171 males and 311,761 females. We
detected a positive genetic trend for all CMP during
the last decade, probably due to selection for an in-
crease in milk protein and fat content in Montbéliarde
cows. Finally, we compared the selection responses to 3
different breeding objectives: the current Montbéliarde
total merit index (TMI) and 2 alternative scenarios
that gave a weight of 70% to TMI and the remaining
30% to either milk casein content (TMI-COMP) or a
combination of 3 CMP (TMI-Cheese). The TMI-Cheese
scenario yielded the best responses for all the CMP
analyzed, whereas values in the TMI-COMP scenario
were intermediate, with a slight effect on other traits
currently included in TMI. Based on these results, a
program of genomic evaluation for CMP predicted from
mid-infrared spectra was designed and implemented for
the Montbéliarde breed.

Key words: genomic selection, cheese-making traits,
Montbéliarde

INTRODUCTION

More than 36% of total cow milk is processed into
cheese products worldwide (International Dairy Federa-
tion, 2016) and this proportion has increased by 23%
during the last decade. The milk processing industry
thus stands to gain a great deal economically from the
improvement of milk cheese-making properties (CMP).
To assess CMP, various laboratory methods have been
developed (reviewed in Bittante et al., 2012), but they
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are costly and time consuming, and thus difficult to
implement on a large scale. Mid-infrared (MIR) spec-
trometry has been proposed as an alternative method
for the prediction of various milk characteristics,
including cheese yield or coagulation properties (De
Marchi et al., 2014). Mid-infrared technology is cheap
and routinely used. With this approach, CMP can be
indirectly measured on a large scale and could therefore
be incorporated into the breeding objective for dairy
cattle.

The From’MIR project, initiated in 2015, aims to an-
alyze CMP and milk composition traits predicted from
MIR. spectra in Montbéliarde cows from the Franche-
Comté region; the milk from these cows is mainly used
to produce a variety of high-quality cheeses. As part
of the work of From’MIR, MIR prediction equations
were developed (El Jabri et al., 2019) and a set of 8
CMP traits (3 laboratory cheese yields and 5 coagula-
tion traits) was predicted with relatively high accuracy
from 6.6 million MIR spectra taken from 410,622 Mont-
béliarde cows (19,862 with genotypes). In prior studies,
we estimated genetic parameters and conducted GWAS
on whole-genome sequences for CMP and milk compo-
sition traits (proteins, fatty acids, and minerals). These
studies revealed medium-to-high heritabilities for CMP
traits and high genetic correlations among CMP traits
and between CMP and some milk composition traits
(Sanchez et al., 2018a), as well as several genomic re-
gions (QTL) with large effects on these traits (Sanchez
et al., 2019). Candidate causative variants were selected
from the sequence-based GWAS and incorporated into
the EuroG10K BeadChip, which was developed by the
EuroGenomics consortium (https://www.eurogenomics
.com/actualites/the-eurog-md:-a-unique-genotyping
-microarray-for-cattle--html) and is routinely used in
genomic selection.

The objectives of the present study were to (1) es-
timate the reliability of single-step GBLUP breeding
values for cheese yields, coagulation traits, and casein
and calcium content in milk using different data sets
and models, (2) estimate realized genetic trends for
these traits in recent years, and (3) simulate different
breeding objectives to estimate responses for CMP
traits as well as for other traits currently selected in
the Montbéliarde breed.

MATERIALS AND METHODS

Reference Population: Animals,
Genotypes, and Phenotypes

The original data set is described in detail in prior
studies (Sanchez et al., 2018a, 2019). It consisted of
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4,877,908 MIR spectra of milk samples from 311,613
Montbéliarde cows originating from 3,229 herds of the
Franche-Comté region. To ensure that the data set was
homogeneous in the present study, we retained cows
whose age at first calving ranged between 22 and 44
mo and who had a complete first lactation and at least
3 test-day records. After filtering, the data set included
2,869,353 test-day records from 191,532 cows.

For this study, we did not perform any experiment on
animals; thus, no ethical approval was required.

Of these cows, 19,564 were genotyped for the
purpose of genomic selection using either the Bo-
vineSNP50 (50K, 6,498 cows) or the EuroG10K
BeadChip (Illumina Inc., 13,066 cows). The latter chip
contains generic SNPs as well as a research add-on
for causal or predictive SNPs for traits of interest in
cattle, including candidate causative SNPs identified
for milk composition (Boichard et al., 2014; Sanchez
et al., 2017) whose effects were later confirmed (San-
chez et al., 2018b). Missing genotypes were imputed
using FImpute software (Sargolzaei et al., 2014) for
the 47,794 autosomal SNPs [41,492 (50K) and 6,852
custom SNPs (50K+)] that passed all quality control
filters (individual call rate >95%; SNP call rate >90%;
minor allele frequency >1%; genotype frequencies in
Hardy-Weinberg equilibrium with P > 1074).

The following traits were investigated in this study:

e 3 laboratory cheese yields: fresh curd yield
(CYeresu) = 100 x (g of curd/g of milk), curd
yield in dry matter (CYpy) = 100 x (1 — g of
DM whey/g of DM milk), and curd yield in pro-
tein and fat (CYpar.pror) = (PC + FC) x (g of
milk/g of curd), where PC = protein content and
FC = fat content;

e 5 coagulation traits for pressed cooked cheese
(PCCQC) and soft cheese (SC): curd organization
index (K10/RCTpcc and K10/RCTgc), where
RCT is rennet coagulation time to 0.5 firm index
(FI) and K10 is time to obtain 10 FI, curd firm-
ness at RCT (apcc and agg), and at 2 times RCT
(a2g¢); and

e total casein (XCN) and Ca contents in milk.

The MIR prediction accuracy, as estimated by the value
of R? in a validation population, varied between 0.54
(CYparpror) and 0.98 (XCN) depending on the trait
(Table 1). All CMP and milk composition traits were
predicted from MIR spectra using equations developed
in 3 different projects: From’MIR for CMP traits (El
Jabri et al., 2019), PhénoFinLait for caseins (Ferrand
et al., 2012), and Optimir for Ca (Soyeurt et al., 2009;
Gengler et al., 2016).
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Training and Validation Data Sets

- = Z
vlaaaNomooHe . . —_
6 [Said~S—a3SSa To estimate the accuracy of genomic predictions, the

data set was split into 2, so that training and valida-
tion sets were as independent as possible (Figure 1).
Primiparous cows with genotypes were included in the
training population (Training) if they had calved before
""""" May 2016 and if they had at least 3 TD records (13,272
cows). The validation population (VAL) was composed
of genotyped primiparous cows who had calved after
August 2016 and had at least 5 TD records (4,032 cows).
All performance data of the Training cows that had
been recorded after August 2016 were removed (Figure
la). Out of the 642 bulls with genotyped daughters in
the whole data set, 180 had daughters in both popu-
lations. Including these families in the analysis would
result in increased accuracy but also increased bias.
Therefore, we considered different bull families in each
data set: we kept cows (genotyped or not) in the train-
ing set if at least 40% of the daughters of a bull were
Training cows, and we removed all half-sisters of these
cows in the VAL set. For all other bulls (with less than
40% of daughters in Training), we kept the genotyped
daughters in the VAL set and removed all half-sisters
(genotyped or not) of these cows from the Training set.
We selected 155,961 cows (12,850 with genotypes and
143,111 without genotypes) from 3,278 bulls (including
496 bulls with genotyped daughters) for use in Training
and 2,125 genotyped cows from 146 other bulls for use
in the VAL set (Figure 1b).

h? LACT model®
0
0
0
0
0
0
0
0
0
0

h? TD model?
0
0
0
0
0
0
0
0
0
0

R \al2
0
0
0
0
0
0
0
0
0
0

Mean
37
66

187

Single-Step Genomic Evaluation

Single-step estimated breeding values (ssEBVs)
were calculated using the hybrid single-step model
proposed by Fernando et al. (2016) and implemented
in HSSGBLUP software (Tribout et al., 2020). Briefly,
this method combines information on phenotypes, pedi-
grees, and genotypes to predict genomic breeding values
for all the animals of the pedigree (genotyped or not)
and directly provides marker effect estimates. Coher-
ence between pedigree and genotypes was obtained by
fitting a J vector (Hsu et al., 2017) for each unknown
parent group.

Models and Scenarios

Curd firmness at rennet coagulation time (RCT), firm index (FI)

Time to obtain 10 FI from RCT (K10)/RCT, min/min

(g of milk fat + g of milk protein)/kg of curd, g/kg
Curd firmness at RCT, FI

Time to obtain 10 FI from RCT (K10)/RCT, min/min

Total caseins, g/100 g of protein
Calcium, mg/kg of milk

100 x (g DM of curd/g DM of milk), %
"For pressed cooked cheese (PCC) and soft cheese (SC).

100 x (g of curd/g of milk), %
Curd firmness at 2 times RCT, FI

Description and unit

The ssEBVs were estimated using 2 categories of
models that respectively considered the mean perfor-
mance over the course of a lactation (LACT) or the

*Heritability (h%) and genetic standard deviation (o¢) estimates for the test-day (TD; Sanchez et al., 2018a) and lactation (LACT) models.

Table 1. Features of cheese-making properties and milk composition traits

*Accuracy of mid-infrared prediction equations (R? val).

. 8 9 individual test-day records (TD) of each cow. Both

= g g LACT and TD models were applied to the first lac-

e R Ug ng tation (L1) as well as to the first 3 lactations (L3).
& BB 52 25888 In total, 4 different models were tested: LACT1 (1
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Number of From’MIR primiparous cows with genotypes by year x month of calving

/Validation
a) Training data set: 13,272 cows with genotypes % 4((1)2?;(\2;5
Z
%
bl 1
gt e | AR TCCTEALLEARAE  JAAEE
b) 642 bulls: sires of cows with genotypes and phenotypes

12850 2125

Independent families
Training set = 12,850 cows from 496 bulls
Validation set = 2125 cows from 146 other bulls

Figure 1. Selection of cows for training and validation sets.
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observation per cow in L1), LACT3 (up to 3 observa- .
tions per cow, 1.8 on average in L1-L3), TD1 (with an g o
average of 7.1 observations per cow in L1), and TD3 § +
(with an average of 13.3 observations per cow in L1- = S
L3). The effects and number of observations included in 27t 2
each model are described in Table 2. The contemporary 51T S ; .
group was the herd x year combination for LACT and g +a g% 'é
the herd x test-day for TD. The other fixed effects §m§ xé %; %
were the year x month of calving and the age of the ‘§8 I g'é =
cow at first calving. In the TD models, the lactation B »mE =<
curve was fitted by the effect of DIM (one class every
10 d, within parity). In the LACT models, the effect of - i
the number of TD records was included as a proxy of % o w
average DIM. Variances of the random effects of each |8 j_ g &
model were estimated using Wombat software (Meyer, alE 5 € £
2007) with a pedigree relationship matrix. More details 2 iD §§
can be found in Sanchez et al. (2018a). PG =
In addition to the polygenic models without genotyp- 3 % = _é 28 _
ing information (LACT1-BLUP and TD1-BLUP), Ry
the LACT1, LACT3, TD1, and TD3 models were first .
tested using the 50K scenario (LACT1-50K, 8
LACT3-50K, TD1-50K, and TD3-50K, respec- z b z
tively), and included all polymorphic SNPs of the Bo- f o o &
vineSNP50 chip (i.e., 41,942 SNPs). From these, we 2lE N x
selected the model that generated the most accurate 2z j; E: K
ssEBVs (TD3) and tested 2 additional scenarios in =g N 5 R
which we added SNPs from the custom part of the g :3; ng
EuroG10K chip (i.e., considering a total of 47,794 o
SNPs). In the TD3-50K+ scenario, we used constant EEAEEY
effect variances for all 47,794 SNPs, whereas in the S mEsms
TD3-CAND scenario, we established specific vari- )
ances for 7 to 14 candidate SNPs, depending on the 2
trait (Table 3). These SNPs had been identified in pre- £
vious studies as the best candidates for QTL with large - f 0
effects on milk composition and CMP traits (Sanchez 5% i _§ L
et al., 2017, 2018b, 2019). In the TD3-CAND scenario, |3 é @ S é E
we calculated the proportion of genetic variance for % g T_; gfj e
each SNP and each  trait as follows: P B RS - =
2p(17p)a2 é ?5“2%5‘5
%o? =100 —— |, with o2 being the additive ge- < gj LE é EDQ
o, 2 =
netic variance, p and (1 — p) being the allelic frequen- i
cies, and « being the allelic substitution effect esti- :g
mated in GWAS. The cumulative effects of the candi- g
date SNPs explained from 17.5% to 58.4% of the total E
additive genetic variance of the traits, with the remain- 2
ing part (41.6% to 82.5%) being equally distributed $
among all other SNPs (47,780 to 47,787 depending on g
the trait). 2
-
Reliability and Bias £ . £
N S <
The reliability and bias of each model and scenario | g E %%
were then estimated using the validation population. S é S
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155,961
21,874

2,070,000
423,348

155,961
1,115,000
21,747

414,919
estimated with Wombat software (Meyer, 2007), respectively; X and Z

2

155,919
21,874
. 012,, and o

287,800
422,857

2

155,479
155,479
413,787

21,764

No. of cows with phenotypes®
No. of animals in pedigree with genotypes

No. of TD records
No. of animals in pedigree

>The number of cows with phenotypes differed slightly among models due to the filters applied to the corresponding data set.

1 . . . . .
a, p, and e are animal, permanent environment, and residual random effects with variances o

are incidence matrices for fixed and random effects, respectively.

Training population
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The ssEBVs were estimated by applying the Training
genomic prediction equations to the genotypes of the
2,125 validation cows. Using GENEKIT software (Du-
crocq, 1998), we adjusted the phenotypes of primipa-
rous VAL cows for nongenetic effects estimated with
the TD1 model (described in Table 2) applied to the
complete Training + VAL data set, but ignoring marker
information. To compare the accuracies of the different
models, we calculated, for each trait, the correlation
coefficients (r) between means of individual perfor-
mances (corrected for nongenetic effects using the TD1
model) and ssEBVs estimated with the LACT1-50K
(r Lacrisox), LACT3-50K (r pacrs sox), TD1-50K (r
D1 50K), OF TD3-50K (r 1p3 s0x) model. Similarly, for
the TD3 model, the 3 scenarios were compared by cal-
culating correlations between mean individual perfor-
mances (corrected for nongenetic effects using the TD1
BLUP model) and ssEBVs estimated with the 50K (r
tp3-50k); D0K+ (r rp3sok4), or CAND (r rps.canp)
scenario. Reliabilities were calculated by dividing the
squared correlations (T2 LACT1-50K> r’ LACT3-50K> r’ TD1-50K>
r” Tpg 5o, T TD3-50K+, OF I° Tpgcanp) by the heritabil-
ity of the corresponding trait estimated using Wombat
software (Meyer, 2007) with the LACT1 model; these
are reported in Table 1. Bias was estimated as the de-
viation from 1 of the slope of the regression of corrected
performances on ssEBVs.

Estimation of Genetic Trends

To estimate genetic trends in CMP and milk com-
position traits in Montbéliarde cattle, we applied the
TD3-50K model to the whole From’MIR data set. This
was equivalent to the data set used when the TD3-50K
model was applied to the training population (423,348
animals in the pedigree, of which 21,874 with genotypes
for 41,942 SNPs), except that all phenotypes were kept
(i.e., 2.6 million TD records from 190,261 cows).

We then applied the genomic prediction equations
obtained from the whole data set to all genotyped
Montbéliarde animals belonging to the Umotest breed-
ing company, including 17,859 males born between 2005
and 2018 and 256,861 females born between 2008 and
2018. Genetic trends were assessed separately for males
and females by averaging ssEBVs per year of birth.

Breeding Simulation with Different Breeding Goals

Finally, we conducted a breeding simulation to inves-
tigate the effect of incorporating cheese-making traits
into the breeding goal of the population. We compared
3 different breeding goals: the total merit index (TMI),
which is the current breeding goal in French Montbé-
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liarde cattle, and 2 alternative indexes (TMI-COMP
and TMI-Cheese), defined as follows:

1) TMI = 0.45 Milk + 0.145 Udder-Health + 0.18
REPROD + 0.05 LONG + 0.05 Speed + 0.125
MORPH, with weights expressed in genetic stan-
dard deviations. This is a combination of
O the production index Milk = 14 PY + 2 FY

+ 4.2 PC 4 1.3 FC, which combines breeding
values for milk protein yield (PY), fat yield
(FY), protein content (PC), and fat content
(FC);

O the udder health index Udder-Health = 0.6
Cell + 0.4 MAST, which combines breeding
values for somatic cell score (Cell) and clini-
cal mastitis (MAST);

O the fertility index REPROD = 0.5 FERC +
0.25 FERH + 0.25 CALV-AI, which com-
bines breeding values for conception rate of
cows (FERC) and heifers (FERH) and the
interval between calving and first artificial
insemination (CALV-AI);
functional longevity (LONG);
speed of milking (Speed);
the overall morphology index MORPH = 0.4
Udder + 0.3 Body + 0.15 Legs + 0.10 Rump
+ 0.05 Muscularity, with Udder, Body, Legs,
Rump, and Muscularity being the aggregate
index for udder conformation, body capacity,
feet and legs, rump morphology, and muscu-
larity, respectively;

2) TMI-COMP = 0.7 TMI + 0.3 XCN;

3) TMI-Cheese = 0.7 TMI + 0.1 (CYpy + apcc —
K10/RCTpcq).

© OO0

We simulated selection by truncation on bulls based
on the breeding strategy applied by the Umotest
breeding company. For the traits investigated in the
present study, we considered the ssEBVs of bulls esti-
mated with the TD3-50K model with the whole data
set, whereas for all other traits routinely included in
genomic evaluations, we considered official genomic
indexes. To ensure a sufficient number of bulls per year
of birth, only the 14,389 bulls born between 2009 and
2017 were considered (1,022 to 2,210 bulls per year of
birth). Within each year of birth, we sorted bulls by
decreasing TMI, TMI-COMP, or TMI-Cheese value,
calculated using the formulas described above. In a
given year, we selected the 80 bulls with the highest
TMI, TMI-COMP, or TMI-Cheese indexes among all
the candidates (1,600 candidates on average). We then
calculated the responses to selection for the ssEBVs
estimated in the present study (10 milk CMP and
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composition traits) as well as for the 8 official indexes
described earlier: TMI, Udder-Health, REPROD, PY,
FY, PC, FC, and milk yield (MY).

For each breeding goal scenario, we estimated the an-
nual responses to selection by calculating the selection
differential of each ssEBV or index (i.e., the difference
between the mean of the 80 best bulls and the mean
of all candidates). The yearly responses, expressed in
genetic standard deviations, were then averaged over
the whole period (2009-2017).

RESULTS
Reliability of Single-Step Genomic Evaluation

Estimates of heritability coefficients and genetic
standard deviations are in Table 1. The heritability co-
efficients for the lactation traits were used to estimate
the reliability of the evaluations.

To estimate the reliability of single-step genomic
evaluation for milk cheese-making traits, we removed
these phenotypes from the validation population and
calculated breeding values (ssEBVs). We then assessed
the reliabilities of each model X trait combination in
the validation population.

As described in the Materials and Methods, we
first compared 6 models, without genotyping data
(LACT1-BLUP and TD1-BLUP) or applied to the 50k
genotypes (LACT1-50K, LACT3-50K, TD1-50K, and
TD3-50K). The correlations, calculated between ssEB-

Vs and adjusted performance, are presented in Supple-
mental Table S1 (https://doi.org/10.6084/m9.figshare
.19477925). All genomic models largely outperformed
the polygenic model. Mean correlation values of all
traits for LACT1 and TD1 models were, respectively,
0.37 and 0.38 for polygenic models and 0.66 and 0.67
for genomic models. In the following part, only genomic
models will be compared.

Regardless of the model tested and the trait analyzed,
all reliabilities were higher than 59% (Figure 2). We
found slightly higher reliabilities for milk coagulation
and composition traits, but overall, reliabilities were
similar for all traits. For a given category of model,
based on performance data averaged over the course of
lactation (LACT) or individual test-day records (TD),
reliabilities were slightly higher for models that included
data from the second and third lactations together with
those from the first (4+1 point on average). In all cases,
the TD models (TD1-50K and TD3-50K) gave more
reliable ssEBVs than the LACT models (LACT1-50K
and LACT3-50K) by about 2 points on average. Across
all traits, average reliabilities were 61%, 62%, 63%, and
64% for the LACT1-50K, LACT3-50K, TD1-50K, and
TD3-50K models, respectively.

Because the TD3 model gave the most reliable re-
sults for all traits, we applied this model to the train-
ing population to test 3 scenarios that differed in the
density or weighting (or both) of SNPs (TD3-50K,
TD3-50K+, and TD3-CAND). We then compared the
reliabilities and biases of ssEBVS calculated with the
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Figure 2. Reliabilities estimated in the validation population (n = 2,150) with the 4 tested models. LACT = lactation; TD = test-day.
CYpgresu = fresh curd yield; CYpy = curd yield in dry matter; CYpyrpror = curd yield in protein and fat; K10/RCTpcc curd organization index
for pressed cooked cheese, where RCT is rennet coagulation time to 0.5 firm index (FI) and K10 is time to obtain 10 FI; aPCC = curd firmness
at RCT for pressed cooked cheese; K10/RCTge = curd organization index for soft cheese; agc = curd firmness at RCT for soft cheese; a2qc =

curd firmness at 2 times RCT; XCN = total casein; Ca = Ca content.
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Figure 3. Reliabilities estimated in the validation population (n = 2,150) with the 3 tested scenarios. TD = test day; CAND = weighted

candidate SNPs.

3 scenarios in the validation population. The inclusion
of SNPs from the custom part of the EuroG10K chip
(the TD3-50K+ scenario: 5,852 additional SNPs com-
pared with the TD3-50K scenario) further improved
the reliability of ssEBVs (Figure 3). Across all traits,
the average gain was about 2 points: from +2.7 to +3.4
points for cheese yields and from +1.1 to +1.9 points
for coagulation parameters and casein and calcium
content. The TD3-CAND scenario, which assigned
higher weights to candidate causal SNPs, provided only
a marginal gain of 0.25 points on average, with differ-
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RCTgc and K10/RCTpcc, respectively). Instead, when
we evaluated bias in the scenarios, based on the slope of
the regression line of corrected performance on ssEBVs,
we found different results (Figure 4). For all traits and
all 3 scenarios, slopes were less than 1, indicating bias
in the estimation of ssEBVs. The TD3-CAND scenario
generated the least biased ssEBVs, whereas the other
2 scenarios gave equivalent results, with the TD3-50K
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Figure 4. Biases estimated in the validation population (n = 2,150) with the 3 tested scenarios. TD = test day; CAND = weighted candidate

SNPs.

Journal of Dairy Science Vol. 105 No. 6, 2022



Sanchez et al..: GENOMIC EVALUATION OF CHEESE-MAKING PROPERTIES

scenario slightly outperforming the TD3-50K+ sce-
nario.

Genetic Trends in Cheese-Making Traits

Genetic trends in CMP traits were estimated by cal-
culating the mean genetic values (ssEBVs) of males
and females per year of birth, and are shown in Figure
5. Over the period 2005-2018, we observed regular
improvement in ssEBVs for all of the cheese-making
criteria and milk composition traits analyzed in this
study (i.e., an increase in ssEBVs for all traits except
for 2 traits for which reduction is desirable: CYpat.proT)
which is inversely proportional to curd weight, and
K10/RCT, which is inversely proportional to the curd
organization speed). In the Comté PDO region, the av-
erage genetic level of Montbéliarde bulls and cows with
respect to cheese yields and coagulation parameters is
therefore higher today than in 2005. When expressed
as genetic standard deviations (o,), the traits with the
most marked genetic improvement over this period
were coagulation parameters and total caseins in milk
(between 0.5 and 0.6 0,). The genetic trend was instead
more moderate for cheese yields (between 0.2 and 0.4
o,) and calcium content in milk (0.1 o).

Effect of Different Breeding Strategies on Cheese-
Making Traits and Other Traits

Annual responses to selection, averaged over the
2009-2017 period, were calculated with the current
breeding objective (TMI) and 2 alternative scenarios
that gave a weight of 70% to TMI and 30% to either
casein content in milk (TMI-COMP) or to a combina-
tion of 3 cheese-making traits (TMI-Cheese). As ex-
pected, the addition of new criteria to the breeding goal
had an effect on the breeding values of all investigated
traits (Figure 6). For almost all traits, the TMI-COMP
scenario yielded values that were intermediate between
those of the TMI and TMI-Cheese scenarios. When we
examined the traits incorporated in the current breed-
ing goal (i.e., noncheese-making traits), we found that
both alternative scenarios resulted in lower responses
than TMI for PY, FY, MY, and Udder-Health, a
similar response for REPROD, and higher responses
for PC and FC. However, the reductions in gain per
year were relatively limited (0.1 o, for PY, FY, and
Udder-Health and 0.2 o, for Milk) considering the
high weight given to casein content or cheese-making
traits in the alternative scenarios. Instead, the addi-
tional emphasis on selection on cheese-making traits in
bulls in TMI-COMP, and a fortiori in TMI-Cheese, led
to much higher response levels for all cheese-making
traits included in this study (i.e., all cheese yields and

Journal of Dairy Science Vol. 105 No. 6, 2022

coagulation parameters measured on pressed cooked
and SC). For CYpy, for example, the annual gain was
almost doubled with the TMI-COMP scenario (+0.68
o,) and almost tripled with the TMI-Cheese scenario
(+0.95 0,) compared with the TMI scenario (+0.38 o,).
Gains for other cheese-making traits were similar. Milk
composition traits were also significantly improved, to
a similar extent, in both alternative scenarios. Total
casein content increased annually by 0.52, 0.86, and
0.85 o,, whereas calcium content increased by 0.38,
0.50, and 0.52 o, with the TMI, TMI-COMP, and TMI-
Cheese scenarios, respectively.

DISCUSSION

The results presented in this study are very encour-
aging for the implementation of single-step genomic
evaluation of CMP in the Montbéliarde breed. Breed-
ing values with high reliability were obtained and favor-
able genetic trends in CMP traits were identified over
the last 13 yr. However, we showed that amending the
current breeding goal to include a combination of 3
CMPs could result in more rapid improvement to all
CMP traits, with only a limited effect on other traits
currently selected in the Montbéliarde breed.

By testing different models and scenarios, we showed
that all genomic models strongly outperformed the
polygenic model (with a reliability over 0.59 vs. less
than 0.25) and we were able to identify which genomic
model gave the best results. The model that gener-
ated the most reliable breeding values was the test-day
model that considered all the observations recorded
once a month during the first 3 lactations of the cows.
Compared with the other models tested (lactation
models with performance data averaged over the lacta-
tion period or the test-day model for the first lactation
only), the best-performing model integrated the largest
amount of information and was more accurate in mod-
eling phenotypes. Furthermore, by incorporating SNPs
from the custom part of the EuroG10K BeadChip, we
included those that were particularly concentrated in the
genomic regions affecting many important traits (QTL)
in cattle, which probably explained the gain in reliabil-
ity obtained with these scenarios (50K+ and CAND
scenarios) compared with the scenario based only on
50K SNPs. Indeed, in addition to having the candidate
variants identified by the PhenoFinlait and FromMIR
projects, the custom part of the EuroG10K chip is also
particularly enriched in SNPs from QTL regions as-
sociated with milk production traits (Boichard et al.,
2018). Among these QTL regions are, for example, the
regions of the casein or PAEP genes, which have been
widely investigated in recent decades for their strong
effects on milk composition and cheese-making traits



ARTICLE IN PRESS

Sanchez et al.. GENOMIC EVALUATION OF CHEESE-MAKING PROPERTIES

——Males ——Females
a) CYepesy b) CYpm
0.6
0.4 0.4
0.2 — 0.2
© %\% ® M\%
© 0.0 na o 0.0 ~— ==
02 | | 0.2 a,__f/ —
0.4 0.4 |
0.6 0.6
2005 2007 2009 2011 2013 2015 2017 2005 2007 2009 2011 2013 2015 2017
¢) CYrar-pror 0.60 d) K10/RCTpcc

0.4 \/ 0.40 }

0.2 0.20

£0.0 ¥ SN ¢ 0.00 |
1

0.2 -0.20 —
0.4 -0.40 ﬁ%\
—

0.6 -0.60
2005 2007 2009 2011 2013 2015 2017 2005 2007 2009 2011 2013 2015 2017
e) apcce f) K10/RCT¢
o } ﬁ‘\ﬁ&/ 04
0.2 — S 0.2
0.0 | c 00
A2 ‘ ‘ -0.2
-0.4 -0.4 —
\ \ —
0.6 06 —
2005 2007 2009 2011 2013 2015 2017 2005 2007 2009 2011 2013 2015 2017
g) asc h) a2
6 0.6 |
0.4 Lo 04 | = ==
0.2 — 0.2 . v
- ~ - —
& 0.0 > . §00 e
0.2 02 |
0.4 0.4
0.6 0.6
2005 2007 2009 2011 2013 2015 2017 2005 2007 2009 2011 2013 2015 2017
i) ZCN j) Ca
0.60 0.6
0.40 — 0.4
0.20 f‘ e 0.2
buo-oo |~ N | bﬂ 0.0
-0.20 -0.2 oy =
-0.40 | 0.4 /\ V\ E
-0.60 0.6
2005 2007 2009 2011 2013 2015 2017 2005 2007 2009 2011 2013 2015 2017

Figure 5. Genetic trends in genetic standard deviation (o,) estimated for bulls born between 2005 and 2018 and cows born between 2008 and
2018 for milk cheese-making and composition traits. CYpgpsy = fresh curd yield; CYpy = curd yield in dry matter; CYpyr.pror = curd yield in
protein and fat; K10/RCTpcc curd organization index for pressed cooked cheese, where RCT is rennet coagulation time to 0.5 firm index (FI)
and K10 is time to obtain 10 FI; aPCC = curd firmness at RCT for pressed cooked cheese; K10/RCTg¢ = curd organization index for soft cheese;
age = curd firmness at RCT for soft cheese; a2g¢ = curd firmness at 2 times RCT; ¥CN = total casein; Ca = Ca content.
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COMP), and 70% TMI + 30% cheese-making properties (TMI-Cheese) on milk cheese-making and composition traits and other traits (in genetic
standard deviations). CYrgrpsy = fresh curd yield; CYpy = curd yield in dry matter; CYpsp.pror = curd yield in protein and fat; K10/RCTpcc
curd organization index for pressed cooked cheese, where RCT is rennet coagulation time to 0.5 firm index (FI) and K10 is time to obtain 10
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RCT for soft cheese; a25c = curd firmness at 2 times RCT. PC = protein content; FC = fat content; FY = fat yield; PY = protein yield; MY
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in many dairy cattle breeds (Martin et al., 2002; Ganai
et al., 2009). Scenarios with custom SNPs are mostly
beneficial to cheese yields, which are highly genetically
correlated with milk fat content (Sanchez et al., 2018a)
and thus particularly affected by the DGATI gene re-
gion (Sanchez et al., 2019). This region contains numer-
ous SNPs that are featured in the research add-on of
the EuroG10K chip (153 SNPs in the 50K+ scenario
versus 25 SNPs in the 50K scenario). As a consequence,
the average absolute values of SNP effects estimated in
this region were higher in the 50K scenario than in the
50K+ or CAND scenarios (e.g., 0.052, 0.021, and 0.019
points for cheese yield in DM, respectively); this was
due to the fact that, in the 50K+ and CAND scenarios,
the effect of the chromosomal region was distributed
over a larger number of SNPs, each with smaller indi-
vidual effects. As expected, in the CAND scenario, the
candidate variant with 16% of the genetic variance of
the trait had the largest estimated effect (0.75 points),
whereas the other 152 SNPs in the region had a very
small estimated effect. Regardless of the weights at-
tributed to the SNPs, the relative SNP enrichment of
this region in the 50K+ and CAND scenarios, and the
consequent increase in LD with causal mutations, prob-
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ably helped to better capture the effects of the causal
mutations and thus increase the reliabilities of breeding
values. The inclusion of weighted candidate mutations
(CAND scenario) resulted in a somewhat similar result
in terms of reliability, but with a different distribution
of effects: the strong effect of the candidate causal mu-
tation led to reductions in the effects of nearby SNPs.
However, the slight increase in reliability in the CAND
scenario was also accompanied by a reduction in bias
of genetic values. This was likely a reflection of the fact
that the estimated effect of a causal variant is expected
to be more stable over generations than the estimated
effects of neutral markers, which depend on recombina-
tions and distance to the reference population and are
thus more prone to inflation.

The reliabilities of the breeding values we obtained
(66% on average for all traits with the best model)
were high in spite of a medium-size reference popu-
lation (3,278 sires with a total of 155,961 daughters
having MIR information, including 12,850 cows with
genotypes in the training population). This result is
explained by both the heritability of the traits and the
number of repeated records per cow, resulting in highly
informative phenotypes per cow, explain these reliabili-
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ties. They are consistent with the theoretical accuracy
expected given the heritability estimates of these traits
and the size of the reference population included in
the present study (Goddard and Hayes, 2009). With
this level of reliability, comparable to that obtained for
other currently selected traits (e.g., milk production
traits), it becomes possible to implement a program of
genomic evaluation of cheese-making traits predicted
from MIR spectra. It is important to note here that our
division of the reference population into 2 independent
subpopulations, although necessary to give rigorous
reliability estimates, had the effect of greatly reducing
the size of the population used to estimate SNP effects
(12,850 cows out of the 19,564 cows in the reference
population). The inclusion of all cows with phenotypes
and genotypes, including the new ones generated since
the time of the study (around +40,000/yr), will further
improve the prediction accuracy of genomic values.

Another point to consider is that CMP measure-
ments are indirect MIR predictions and all our results
(reliability but also genetic trend; next paragraph) as-
sume that these predictions are robust over the whole
data set (i.e., over herds and years, beyond fat and
protein contents). Even if it is probably the case for
the best-predicted traits, our reliability results may be
optimistic and a periodic validation of the CMP predic-
tion equations will be useful to avoid any potential drift
between real CMP values and predictions.

The favorable genetic trends for cheese yields and
coagulation parameters we observed over the last 13
yr are likely due to strong genetic correlations between
milk protein and fat content and cheese-making traits
(Sanchez et al., 2018a), the latter having probably been
selected indirectly together with the former, which is in-
cluded in the TMI in the Montbéliarde breed. We found
a particularly strong response for total casein content,
which represents about 80% of total proteins in milk.
This result suggests that selection on protein content,
which has a relatively important economic weight in
the Montbéliarde TMI, has led to an improvement of
CMP and, in particular, coagulation parameters, which
present the strongest genetic correlations with protein
content (Sanchez et al., 2018a). These results are con-
sistent with the increase detected in the frequencies of
some milk protein variants that are associated with
better cheese-making abilities in French dairy cattle
breeds (Sanchez et al., 2020).

To enhance this positive trend, we show here that a
more significant genetic gain in cheese-making traits
could be possible with only a limited effect on the other
traits currently considered in the breeding objective
for Montbéliarde cattle. This could be accomplished
by amending the breeding objective to include 3 traits
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(cheese yield in DM and 2 coagulation traits for PCC),
which were identified as the most relevant by a group of
experts, composed of farmers, cheesemakers, and ripen-
ers in the Franche-Comté region.

Despite the potential economic benefit of improving
CMP, to the best of our knowledge, very few countries
currently include CMP in their breeding objective. The
United States calculates a so-called cheese index (Dol-
lars Cheese Merit Index, CM$), but like the current
TMI in Montbéliarde, it simply gives a greater weight
to protein content (VanRaden, 2004). In Belgium, the
ProFARMilk project (2011-2017) investigated the
technological properties of milk, as predicted by MIR
spectrometry, with respect to its ability to be processed
into cheese, yogurt, and butter (Colinet et al., 2013).
This project led to the implementation of a tool for
monitoring milk processing abilities in the framework
of milk recording in Wallonia, with the initial goal of
discarding noncoagulating milk and eventually enabling
the selection of these criteria (AWE, 2018). Italy, which
processes more than 80% of its milk into cheese, has
for many years used indicators of cheese aptitude (e.g.,
casein content or lactodynamic behavior of milk mea-
sured with a Formagraph) in the milk payment scale
in the Parmigiano-Reggiano PDO region (Malacarne
et al., 2004). In addition, some coagulation parameters
predicted by MIR spectrometry have been routinely re-
corded since 2011 (De Marchi et al., 2012; Pretto et al.,
2012). Finally, in the Veneto region, an index (Cheese
Aptitude Index) that combines coagulation speed
(RCT) and firmness (a30), with equivalent weights,
has been published periodically since January 2012 for
Holstein bulls (http://www.intermizoo.com/research/
cheese-aptitude-index).

In France, traits associated with technological prop-
erties for cheese-making are not included in the current
breeding objective of any dairy cattle breed. This study
demonstrates, though, that their inclusion could have
an obvious economic benefit for the dairy sector (e.g.,
by increasing cheese yields). However, it is worth not-
ing that we have attributed a relatively high weight
to cheese-making traits in the scenarios tested in the
present study, to emphasize and illustrate the potential
effect of selection. In practice, lower weight is given to
CMP, ensuring positive gains for both MY and CMP.
Selection on cheese-making traits will require further
study to determine the optimal economic weights for
these traits with respect to all the traits of the breeding
goal. In addition, before selecting for cheese yields and
milk coagulation traits, it will be necessary to assess
the effects of such selection on the sensory quality of
ripened cheeses. For this purpose, we have implemented
a pilot genomic evaluation program in the Montbéliarde
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breed that makes indexes available for these traits,
which will make it possible to control genetic trends
in CMP with respect to the sensory quality of cheeses.

CONCLUSIONS

This study investigated the potential for selecting
milk technological traits, as predicted from MIR spec-
tra, in the Montbéliarde dairy cattle breed. We showed
it was possible to obtain reliable breeding values for
cheese yields and coagulation parameters and identified
the model that produced the most reliable and least
biased results. The application of genomic prediction
equations to all genotyped bulls and cows revealed fa-
vorable genetic trends in cheese-making traits over the
last 13 yr. Finally, we found that incorporating cheese-
making traits into the breeding goal could lead to more
rapid improvement in these traits, with only a limited
effect on other traits currently selected in this breed.
Further investigation is needed to determine how best
to integrate cheese-making traits into the breeding ob-
jective and to study the effect of selecting these traits
on the quality of ripened cheeses. Regardless, all of
these results are very encouraging for the implementa-
tion of single-step genomic evaluation of cheese-making
parameters in the Montbéliarde breed, which could
subsequently be extended to other dairy cattle breeds.
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