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ABSTRACT

Animal selection in dairy cattle can vary depending on the objectives of the breeding programs. The
objective of this study was to explore the genetic curve pattern of EBVs for test day milk yields (TDMY) in
Holstein cows using cluster analyses to identify the most suitable animals for selection based on their
genetic curve for milk yield. A data set with 29,477 monthly TDMY records from 3543 first lactations of
Brazilian Holstein cows were used to predict the breeding values for TDMY with random regression
model. Hierarchical and non-hierarchical cluster analyses were performed based on the EBVs for 30, 60,
90, 120, 150, 180, 210, 240, 270, and 305 days in milk (DIM) to explore the genetic curve patterns of milk
production of animals within the population. At first moment, the population was divided into three
groups based on animals' genetic curve pattern for milk yield using hierarchical cluster analysis. Ac-
cording to non-hierarchical cluster analysis, one of those groups had EBVs along the lactation curve
above the population average. Further cluster analysis done only with those animals with genetic curve
pattern above the population mean showed specific subgroups of animals with different genetic curves
for milk yield despite of all of those animals had EBVs above the population average, along the lactation
curve. It indicated that specific subgroup of animals with a specific genetic curve pattern for milk yield
can be chosen depending on the objectives of the breeding program. It was concluded that the cluster
analyzes could be used to select animals based on the shapes of the genetic curve for milk production
together with the EBV for milk yield at 305 days in milk. Thus, it can be possible to select at the same
time more productive animals with genetic curves that met the goals of breeding programs that take into
account the milk production in other parts along the milk production curve.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

time, as milk production (Kettunen et al., 2000). The Holstein's
milk production in Brazil is influenced by many environmental

Random regression models have been used for genetic eva-
luation of cows for test day milk yield (TDMY) (Schaeffer, 2004;
Druet et al. 2005; Strabel and Jamrozik, 2006). This model is sui-
table for fitting the additive genetic, non-additive genetic and re-
siduals covariance structures of quantitative traits measured along
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variations, once it is a tropical country, and for many kinds of
production systems due to the particularities of local economy.
Thus, the selection goals based on the genetic curve of milk pro-
duction could vary depending on the region of the country in or-
der to attend the local needs.

In general, it is desirable to select animals with higher pre-
dicted breeding values (EBVs) over the lactation curve to improve
the milk yield. However, animals with different genetic curve
pattern could have almost the same EBV for milk yield at 305 days
in milk (EBVpmys30s), €.g. a cow with high EBVs on the beginning and
subsequent decrease of them until the end of the lactation curve
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can have, in average, the same EBVpy3gs as a cow with low EBVs
on the beginning and high EBVs on the end of the lactation curve.
A third cow could have almost the same EBV)y30s5 as the previous
examples by having constant breeding values along the lactation
curve in an intermediate genetic level between the EBVs of the
beginning of the curve of the first cow and the EBVs of the end of
the curve of the second cow.

Cluster analyses could be used to group animals based on their
EBVs along the lactation to explore the genetic curve pattern for
milk yield. This analysis groups similar individuals based on a set
of traits, minimizing the heterogeneity of the animals within the
groups and maximizing heterogeneity between groups (Hair et al.,
2009). Thus, cluster analysis could help to access group of animals
with similar genetic curve pattern for milk yield within the po-
pulation that may be suitable for selection. The objective of this
study was to explore the genetic curve pattern of EBVs for TDMY
in Holstein cows using cluster analyses to identify the most sui-
table animals for selection based on their genetic curve for milk
yield.

2. Materials and methods
2.1. Description of the data and random regression model

A data set with 29,477 monthly TDMY records from 3543 first
lactations of Brazilian Holstein cows were used on the analyses.
The TDMY were measured between 5 and 305 DIM divided into
ten classes. The first class included the milk yield between the
5 and 30 DIM, the second included milk yield between 31 and 60
DIM, and so on until the last class, which were from 270 and 305
DIM. The pedigree contained 4288 animals, with 443 sires with
8 progenies on average.

Analyses were performed using a single-trait RR model. The
model included the fixed effects of contemporary group (herd-
month-year of TDMY), the covariate calving age (linear and
quadratic effect), and the additive genetic and non-genetic animal
random effects. A fourth-order regression on Legendre orthogonal
polynomials of DIM was used to model the population-based
mean curve. The fixed effects and the covariates were significant
(P<0.01) on the monthly TDMY using the least-squares method
by the GLM procedure of the SAS software (SAS 9.2, 2008). The
additive genetic and non-genetic animal random effects were es-
timated using RR on Legendre polynomials of DIM.

The random regression model used for test-day milk yield was:

yijk = HMY] + Zi=] bPX[ + Zﬁ—l=]/}m(/)m(wt) + Z?n=1aim¢m(wt)

+ X Pim®m W) + (€ijir

where yjj is the kth recorded on test day ¢ of animal i in HYM j;
HYWV; is the effect of the jth contemporary group (herd-month-year
of TDMY); X is the calving age of animal i as linear and quadratic
covariate (p=1, 2); B is the set of m fixed regression coefficients to
model the average trajectory of the population; ¢,,(w;) is the mth
Legendre polynomials of standardized day in milk t (w;), which DIM
at t were standardized in the range -1 to +1 representing 5 to 305
DIM; @im, pim are sets of m additive genetic and permanent en-
vironmental random regression coefficients for each animal i; (&), is
the residual random effect of the model associated with each test day
record, where r is the number of residual classes (r=4; from 5 to 30
DIM; from 31 to 60 DIM; from 61 to 210 DIM; and 211 to 305 DIM).

The DIM were standardized between —1 and 1 using wy;= —1+2
[(t— tmin)/(tmax — tmin)] (Kirkpatrick et al., 1990, 1994), in which w is
the standardized DIM at time t; t=tmin, - -, tmax- 1he residual variance
was considered heterogeneous, and four classes were used: 5-30

DIM, 31-60 DIM, 61-210 DIM, and 211-305 DIM. Restricted max-
imum likelihood (REML) method was used to estimate the covar-
iance components for the monthly milk production using the
WOMBAT software (Meyer, 2007), by the AIREML algorithm, which
enabled error calculations for the estimates of variance and herit-
ability components (Fischer et al., 2004). Convergence was met when
the change of value of the logarithm of the likelihood function in two
consecutive iterations was lower than 10~

Fourteen different RR models were compared to identify the
best order for Legendre polynomials for additive genetic and non-
genetic animal effects. The order of Legendre polynomials ranged
from second to fourth-order for the additive genetic effect (k,= 3-5
coefficients) and from second to sixth-order for the non-genetic
animal effects (k.=3-7 coefficients). Bayesian information criterion
(BIC) (Schwarz, 1978) was used for model selection. The model with
the lowest BIC value was k,=3 (second-order Legendre poly-
nomial), k.=6 (fifth-order Legendre polynomial) and four classes of
residual variance (from 5 to 30 DIM; from 31 to 60 DIM; from 61 to
210 DIM; and 211 to 305 DIM). So, this model was chosen to esti-
mate the genetic parameters of TDMY. More details about the data
structure, data edition, and genetic parameters estimates were de-
scribed in Savegnago et al. (2013).

The EBV of the ith animal on the tth DIM were calculated as:

EBVt = @, (W) a

In which ¢,,(w;)’ is the transposed vector of the standardized
DIM (w;) with mth Legendre polynomials order at the tth DIM, and
a; is the column vector of the additive effects of coefficients from
the random regression model of the ith animal.

2.2. Cluster analyses

The cluster analyses were used to group individuals based on
the EBVs for the milk yield along the lactation to explore the ge-
netic curve pattern of this trait in each cluster. Two cluster ana-
lyses were performed to describe the additive genetic pattern of
the population: hierarchical and non-hierarchical cluster analyses.

Hierarchical cluster analysis was used to choose the number of
clusters into which the population could be separated. The Eu-
clidian distance was used as distance measurement between the
cows, and the Ward (1963) cluster algorithm was used to form the
groups. After defining the number of groups using the previous
analysis, non-hierarchical analysis using the k-means method was
conducted to explore the genetic curve patterns based on the
EBVs. In both analyses, the EBVs of 30, 60, 90, 120, 150, 180, 210,
240, 270, and 305 DIM were used to cluster the animals. The
STATISTICA 8.0 software (Statsoft Inc., 2008) was used to carry out
the cluster analyses.

3. Results and discussion

Three groups were found in the population using the hier-
archical cluster analysis based on the EBVs (Fig. 1). There is no rule
to choose the ideal number of clusters in this analysis. However,
choosing few groups could lead no conclusion about them.
Otherwise, choosing too many groups could be extremely con-
fusing to interpret the results. Each of those groups presented
different genetic curve patterns, obtained by the non-hierarchical
cluster analysis (Fig. 2). There were 2084 cows in group one, 1113
into group two, and 1091 into group three, totaling 4288 cows. It
was shown in Fig. 2 that the animals presented different genetic
levels of milk yield within the population. The three curve patterns
were almost constant along time, i.e. persistency of the EBVs, due
to the selection process that the animals have been suffer along
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Fig. 1. Dendrogram based on the predicted breeding values (EBVs) of 30, 60, 90, 120, 150, 180, 210, 240, 270, and 305 days in milk using hierarchical cluster analysis with

Ward's method.

years.

The non-hierarchical analysis could be used as a pre-screening
to evaluate only the individuals desirable for selection based on
their genetic curve pattern. In this case, the candidates to selection
would be those classified on group 3 (Fig. 2). Although animals
within groups are homogeneous due to the properties of the
cluster algorithms, they could still have genetic variability. So, if
desired, group 3 can be explored in more detail, looking for spe-
cific subgroups of animals, with specific genetic curve patterns for
milk yield, within this group. In this second evaluation, cluster
analysis was applied only with the animals classified in group 3,
using the same traits in previous analyses to group the animals.
The dendrogram with animals of group 3 showed that this group
could be subdivided into two, four or five subgroups depend on
how deep is desirable to explore the genetic curve patterns inside
the group 3 (Fig. 3).

Non-hierarchical cluster analysis only with the animals of
group 3 revealed subgroups of animals with different genetic
curve patterns for milk yield (Fig. 4). Thus, the subgroup that
would be more desirable to be considered for selection will de-
pend on the objectives of the breeding program. Animals from
subgroup 1 of Fig. 4a, subgroup 4 of Fig. 4b and subgroup 3 of
Fig. 4c would probably be most suitable for selection depending on
how many divisions were made in the group 3. So, the animals in
those groups could be ranked by their EBVs, calculated from ran-
dom regression models, to be selected after the pre-screening of
the previous cluster analyses.

Some breeding programs have cows with very high peak of
lactation and posterior decrease in milk production, i.e., cows with

low persistency. Higher peak yields at the beginning of the lacta-
tion causes negative energy balance leading the cows to mobilize
more body fat reserves to increase the demand of nutrients to
produce milk (Tamminga, 2000). Thus, many problems could oc-
cur at the beginning of the lactation due to the metabolic stress.
Cows with higher persistency need less feed, the health and re-
production costs are lower, and they are more profitable (Dekkers
et al.,, 1998). Cows with flatter curve of lactation are more persis-
tent than cows with the same total milk yield but with a curve that
decreases rapidly after the peak yield (Grossman et al., 1999;
Harder et al.,, 2006). In this case, the animals that are most in-
dicated for selection would be the ones with genetic curve pattern
similar to subgroup 2 of Fig. 4a, subgroup 1 of Fig. 4b, or subgroup
2 of Fig. 4c. After that, animals of those subgroups must be ranked
by their EBVs and selected. Those genetic curve patterns could be
more desirable for breeding programs that suffer with re-
productive problems due to high milk peak yield.

In short, cluster analysis could be help to previous explore the
EBVs of traits within the population and take into account only the
animals with desirable genetic patterns that meet the objectives of
the breeding program. After that, the animals would be selected
based on their EBVs considering only those within the desirable
cluster.

4. Conclusions

It was concluded that the cluster analyzes can be used to
choose animals candidates for selection based on the shapes of the

201
15
A A & A & A 4
g . A & ,
35 A
g
o 05
=
§ 00 o——0 -0 O - O——0- o0—90
5
5 -05
c
g 4.0 o-. S
[E=mmimm=ie s mmmimen] u g --O-s---- R, O------- o-------o"
-1.5
2.0
30 60 90 120 150 180 210 240 270 305
Day in milk
—o—Group 1 --0-Group 2 -4~ Group 3

Fig. 2. Genetic curve patterns obtained by non-hierarchical cluster analysis with the K-means method using the predicted breeding values (EBVs) of 30, 60, 90, 120, 150, 180,

210, 240, 270, and 305 days in milk.
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90, 120, 150, 180, 210, 240, 270, and 305 days in milk. The horizontal lines indicate the division into two (full line), four (dashed line) and five (dotted line) subgroups.
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genetic curve for milk production together with the EBV for milk
yield at 305 days in milk. Thus, it can be possible to select at the
same time more productive animals with genetic curves that met
the goals of breeding programs that take into account the milk
production in other parts along the milk production curve. The
cluster analyzes should be used as an exploratory analysis to
choose the best group that attend the selection goals of the
breeding program and, after that, choose the best animals into the
group of interest, based on their breeding values for milk yield. So,
the cluster analysis should be used as complementary analysis
together with the random regression.
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