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Modelling lactation curves of dairy goats by fitting random
regression models using Legendre polynomials or B-splines

L.F. Brito, F.G. Silva, H.R. Oliveira, N.O. Souza, G.C. Caetano, E.V. Costa, G.R.O. Menezes,
A.L.P. Melo, M.T. Rodrigues, and R.A. Torres

Abstract: A total of 17 356 test-day milk yield (TDMY) records from 642 first lactations of Alpine goats were used to
model variations in lactation curve using random regression models (RRM). Orthogonal Legendre polynomials and
B-splines were evaluated to obtain adequate and parsimonious models for the estimation of genetic parameters.
The analysis was performed using a single-trait RRM, including the additive genetic, permanent environmental,
and residual effects. We estimated the mean trend of milk yield, and the additive genetic and permanent environ-
mental covariance functions through random regression using different orders of orthogonal Legendre poly-
nomial (three to six) and B-spline functions (linear, quadratic, and cubic, with three to six knots). This study further
evaluated different number of classes of residual variances. The covariance components and the genetic para-
meters were estimated using the restricted maximum likelihood method. Heritability estimates presented similar
trends for both functions. The RRM with a higher number of parameters better described the genetic variation of
TDMY throughout the lactation. The most suitable RRM for genetic evaluation of TDMY of Alpine goats is a quad-
ratic B-spline function with six knots, for the mean trend, curves of additive genetic and permanent environ-
mental effects, and five classes of residual variance.

Key words: genetic evaluation, Alpine, milk yield, test day, segmented polynomials.

Résumé : Un total de 17 356 données de production de lait au jour de test (TDMY — «test-day milk yield »)
provenant de 642 premiéres lactations de moutons alpins ont été utilisé pour modéliser les variations de la courbe
de lactation au moyen de modéles a régression aléatoire (RRM — «random regression models »). Les polynémes
orthogonaux Legendre et les courbes B-splines ont été évaluées pour obtenir des modeles adéquats et parcimo-
nieux pour l'estimation des parameétres génétiques. Les analyses ont été effectuées au moyen d’un RRM a
caractéristique unique, incluant les effets génétiques additifs, environnementaux permanents et résiduels. Nous
avons estimé la tendance moyenne de production de lait, et les fonctions additives de covariance génétique et envi-
ronnementale permanente par régression aléatoire utilisant différents ordres de polynéme orthogonal Legendre
(trois a six) et fonctions de courbe B-spline (linéaire, quadratique, et cubique, avec trois a six noeuds). Cette étude
a évalué plus en détail différents nombres de classes de variance résiduelle. Les composantes de covariance et les
parameétres génétiques ont été estimés au moyen de la méthode de maximum de vraisemblance restreint. Les esti-
mations d’héritabilité montraient des tendances similaires pour les deux fonctions. Les RRM ayant un plus grand
nombre de parametres décrivaient mieux la variation génétique des TDMY tout au long de la lactation. Le RRM qui
convient le mieux pour I'évaluation génétique des TDMY des moutons alpins est une fonction quadratique a
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courbe B-spline avec six noeuds, pour la tendance moyenne, les courbes d’effets additifs génétiques en environne-
mentaux permanents et cinq classes de variance résiduelle. [Traduit par la Rédaction]|

Mots-clés : évaluation génétique, alpin, production de lait, jour de test, polyndmes segmentés.

Introduction

The world goat population is around 1.1 billion
animals (FAOSTAT, http:/[www.fao.org/faostat/) and
the dairy goat industry in particular is under great
expansion (Liang and Devendra 2014). To continue
expanding and remain competitive with other dairy
industries, goat producers need to improve the produc-
tion efficiency of their herds. Genetic improvement is
the most attractive approach to promote permanent
gains in livestock species. Milk production is among
traits with highest economic relevance for the industry
and is a great example of longitudinal traits, character-
ized by repeated measures in the same individual over
time. For the analysis of longitudinal data, random
regression models (RRM) have been widely used in vari-
ous livestock species to analyse a variety of traits
(Pereira et al. 2013; Flores and Werf 2015; Sasaki et al.
2015; Englishby et al. 2016; Kheirabadi and Rashidi 2016;
Oliveira et al. 2016; Rovadoscki et al. 2016). In RRM, a
fixed curve for the population is calculated and individ-
ual curves are fitted as deviation from the population
curve. The RRM require the use of a function to model
the fixed and random curves. Orthogonal Legendre poly-
nomials (LEG) are among the most popular ones (Meyer
2005; Sarmento et al. 2008; Bignardi et al. 2011;
Kheirabadi et al. 2014). However, these models may
require higher polynomial degrees and uneven adjust-
ment throughout the lactation curve when compared
with other polynomials (Meyer 2005). In addition, LEG
may provide implausible parameter estimates for the
beginning and the end of the trajectory by overempha-
sizing observations at the extremes (Meyer 2005).
Considering that, B-spline (segmented polynomials)
functions have been suggested as an alternative to high
degree LEG (Huisman et al. 2002; Silvestre et al. 2006;
DeGroot et al. 2007; Bohmanova et al. 2008; Sdnchez
et al. 2008; Bignardi et al. 2011). However, studies investi-
gating the use of B-splines are still scarce for dairy goats,
and therefore, there is a need to investigate these mod-
els for modelling lactation curves of dairy goats.

According to Bohmanova et al. (2008), different func-
tions can be used to fit random and fixed regression
curves. The first applications used parametric functions
and functions of lactation shape such as Ali and
Schaeffer (1987) and Wilmink (1987). However, these
functions have been replaced with LEG and more
recently with B-spline functions. According to Meyer
(2005), the use of splines is interesting when a low poly-
nomial degree does not fit well the data. The choice of
an appropriate statistical model will allow the applica-
tion of RRM to genetic evaluations of dairy goats aiming

to improve milk yield over the whole lactation.
Therefore, the objective of this study was to investigate
the variation in test-day milk production in dairy goats
fitting RRM using either orthogonal Legendre poly-
nomials or B-spline functions.

Materials and Methods

Animal care

Animal welfare and use committee approval was not
needed for this study as datasets were obtained from
pre-existing databases.

Data

A total of 17 356 test-day milk yield (TDMY) records
from 642 first lactations of Alpine goats, from a single
herd owned by the Universidade Federal de Vicosa
(Vicosa, MG, Brazil) were used for this study. Animals
were kept in collective stalls under a free stall system
and were fed diets based on corn silage and hay, as
roughage, and concentrate mixture, available according
to the nutritional needs of the animals. Milk control
was performed weekly and milking was carried out
twice daily. TDMY is the sum of the milk collected in
these two periods.

The data editing and consistency analysis were per-
formed using SAS version 9.4 software (SAS Institute
Inc. 2014). Only the following records were kept for
further analysis: first lactation of does that had their
first kidding between 10 and 30 mo of age, lactation
length longer than 100 d, type of kidding (one to
three kids), days in milk >5, and control intervals
shorter than 28 d. Lactations were truncated at
270 d. Pedigree was recorded and the numerator
relationship matrix coefficients contained 4767
animals.

Statistical analysis

After data editing, the influence of the following
fixed effects on TDMY was investigated: year and
season of kidding (years = 2000-2011; season 1,
from March to September, and season 2 from October
to February), genetic grouping (breed composition),
type of kidding (one to three kids), and age of goat at
kidding as a covariate, considering linear and quadratic
effects. Only animals with the genetic composition
of Alpine breed >50% were kept for further analysis.
They were grouped in classes as follows: 1 = 50% of
Alpine breed; 2 = >50% and <75%; 3 = >75% and
<93%; and 4 = >93%.

To check the influence of environmental effects,
analyses of variance for unbalanced data were per-
formed through the generalized least square method
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using the procedure GLM of SAS version 9.4 software
(SAS Institute Inc. 2014). The model used to explain varia-
tion of the traits due to known environmental effects
was

Yiga =t + Ti + G; + YSy + by (Pygg — P) + by (Pyga — P)* + e

where y;; is the observation of the random animal I,
with type of kidding i, genetic grouping j, and year—
season k; u is the overall mean; T; is the fixed effect
of type of kidding i; G; is the fixed effect of genetic
grouping j; YS; is the fixed effect of year-season k; b;
and b, are the linear and quadratic coefficients of
regression of the analyzed trait in terms of age of
dam at kidding (ADK, included as covariate), respec-
tively; Py is the age of the dam I at kidding; P is the
overall mean of ADK; and ey is the residual term
associated to each observation y;j.

Orthogonal Legendre polynomials
The single-trait animal model for random regression
with LEG is described in a generalized manner as

ky—1 k,—1 k,~
yl]k _FEk + Z bmgm 11 Z atmgm 1] Z 1m®m 1] + Eij

m=0 m=0

where y; is the milk production on the j control of
the ith goat within fixed effects k; FE, are the fixed
effects, which consisted of genetic grouping (breed
composition), year-season of kidding (contemporary
group), and type of kidding. ADK was included as a
covariable with linear and quadratic effects; b, is
the mth regression coefficient of the TDMY on the
LEG for modelling the average curve of the
population; «;, and y;, are the mth regression coeffi-
cient of the additive genetic and permanent environ-
ment effects, respectively, for the ith goat; k,, k,,
and k, are the degree of LEG; t; is the control vari-
able, lactation week of the ith goat standardized for
the —1 to 1 interval, as described by Kirkpatrick
et al. (1990); @,,(t;) is the LEG function for parameter
m evaluated for age t;; and ¢; is the specific effect for
each observation that was not explained by the
correction factors or the regression of the model.
The tested models had combinations of distinct
adjustment orders for polynomials of fixed, random
genetic, and permanent environmental curves,
besides a number of classes for residual variance.
The first models evaluated ranged from third to sixth
order for curves: fixed, additive genetic, and perma-
nent environment, considering homogeneity of varian-
ces. Only functions of the same order of adjustment
were considered to allow possibilities of equal variations
of both components, as recommended by Lopez-Romero
et al. (2004).

After choosing the most suitable model considering
homogeneity of residual variance, a total of five
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different models considering heterogeneity of residual
variance were investigated in this second step: two
(from 6 to 160 and 161 to 270 days in milk), three (from
6 to 60, 61 to 150, and 151 to 270 days in milk), four
(from 6 to 50, 51 to 100, 101 to 200, and 201 to 270 days
in milk), five (from 6 to 30, 31 to 90, 91 to 140, 141 to
200, and 201 to 270 days in milk), and six (from 6 to
30, 31 to 90, 91 to 120, 121 to 160, 161 to 210, and 211
to 270 days in milk) classes. The classes of residual var-
iances were formed based on a graphical inspection of
TDMY records.

The notation of the models fitted using LEG follows
the pattern: LEGkHx, with k referring to the order of the
polynomial curve to model the population mean, the
additive genetic and permanent environmental effects,
and x is the number of classes of residual variances. For
instance, a model with regression of mean curve, addi-
tive genetic and permanent environment of order 3,
and that had four classes of heterogeneous residual vari-
ance was coded as LEG3H4.

B-splines (segmented polynomials)

Analysis was performed using single-trait RRM. For all
models, the random effects, additive genetic, and perma-
nent environmental, were included in the analysis. The
fixed effects included in the analysis were year-season
of kidding (contemporary group), genetic grouping
(breed composition), type of kidding, and the linear and
quadratic effects of the covariate ADK. The matrix form
of the single-trait animal model using random regres-
sion was given by

y=Xb+Za+Wc+e

where y is the vector of observations; b is the vector of
fixed effects and coefficients of fixed regression; a is
the vector of coefficients of additive genetic regression;
c is the vector of coefficients of random permanent envi-
ronment regression; e is the vector of random residual
effect; and X, Z, and W are the incidence matrices of
fixed, additive genetic, and permanent environmental
effects, respectively.

The assumptions regarding to the components of the
model are

Xb

E

y
‘C’ V(@) =K, ® A; V(c) = K¢ ® Inp;
e

0
0
0

and V(e) =R

where K, and K¢ are the matrices of (co)variance
between the regression coefficients random additive
genetic and permanent environmental effects, respec-
tively; A is the numerator relationship matrix; Inp is an
identity matrix; and R represents a matrix containing
residual variances.
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Additive genetic, permanent environmental, and
average lactation curves were modeled by B-spline
functions (linear, quadratic, and cubic), with equi-
distant knots. As suggested by Meyer (2005), the
B-spline of degree p = 0 have values equal to unity
for all points (t) at a given interval, and zero other-
wise. For the kth segment given for knots T, and Ty, ¢
with Tk < Tk+1:

1,ika <t< Tk+l

Bro(t)=
0, otherwise

Functions with degree By, for p > 0, can be repre-
sented by

t—T,

_ =T Tepn =t
Tk+p - Ty

Bk,p (t) Bk,p—l (t) + Bk+l,p—l (t)

Tk+p+l - Tk+1

The individual segments have been considered as
linear (L), quadratic (Q), or cubic (C) order polynomials,
with base function of degree p =1, 2, and 3, joined at
knots, which allows the function to become continuous.
Polynomials of same degree were considered in the
model for the fixed curve, and for additive genetic and
permanent environment effects.

First, we evaluated the B-spline functions for all curves
considering the homogeneity of residual variances.
In possession of the most suitable model under homo-
geneity of residual variances, two forms of residual
variance structures were evaluated: residual variance
constant throughout lactation or residual variance
constant within lactation, but varying among classes of
days in milk. If heterogeneous, we considered the same
classes as specified for LEG. The m knots were chosen to
divide weeks of lactation in m — 1 equidistant intervals
and external knots were located on the 6th and 270th
days in milk for all models. The same number of knots
was adjusted for all effects. The number of random
regression coefficients for modelling the trajectory of
linear, quadratic, and cubic base functions was given
by m, m+1, and m + 2, respectively. The extremity
knots do not interfere in the number of parameters of
the model.

The B-spline RRM were coded as follows: “BSXkHy”,
where X =L, Q, or C, are the degrees of the linear,
quadratic, or cubic polynomial segments, respec-
tively; k is the number of knots of the fixed curve,
additive genetic and permanent environmental
effects; and y is the number of classes of residual var-
iances. Therefore, as illustration, a model with the
following representation BSL3H2 is a linear B-spline
function, considering two classes of residual varian-
ces, three knots for all effects, and two segments
(k—1).

Can. J. Anim. Sci. Vol. 98, 2018

Fig. 1. Test-day milk yield (TDMY) per week for Alpine goats.
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Variance components, model comparison, and genetic
parameter estimates

Variance components were estimated via restricted
maximum likelihood (REML) approach, using
WOMBAT software (Meyer 2007). The results obtained
when fitting RRM using B-spline functions were also
compared with the best model obtained using LEG.
Criteria for choosing models in this study were
Logarithm of the REML function (LogL), Akaike’s infor-
mation criterion (AIC) (Akaike 1998) and Bayesian
information criterion (BIC) (Schwarz 1978). The infor-
mation criteria AIC and BIC can be described as
AIC = -2logL +2p and BIC = —2logL + plog (N —r),
where p is the number of parameters in the model; N
is the total number of observations; and r is the rank
of the incidence matrix of fixed effects in the model.
Lower values for AIC and BIC and greater values for
LogLl indicate better model fit. For comparison
between full and reduced models, we also used the
likelihood ratio test (LRT; Wolfinger 1993), at 1% of
probability.

The components of (co)variance and genetic para-
meters estimated over the lactation curve obtained by
the models that provided better adjustments were also
investigated. In addition, monitoring was done to verify
the occurrence of convergence problems or estimates
that were not consistent with the biology of the trait.

Results and Discussion

Analysis of fixed effects

All fixed effects (genetic grouping, year-season of
kidding, ADK with linear and quadratic effect, and type
of kidding) were significant at 1% level of significance
and therefore were included in the final model for the
study of TDMY. The average number of observations per
test day was 456 + 91. Figure 1 shows the TDMY as a func-
tion of the lactation week. Milk production varied
accordingly to a standard lactation curve for specialized
dairy goat breeds, starting with 2.16 kg in the first milk
control, increasing to 2.66 kg in the 10th week after
kidding and gradually reducing in subsequent milk
recordings until 1.67 in the 39th week of lactation.
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Table 1. Models, number of parameters (p), logarithm of the
restricted maximum likelihood function (LogL), Akaike’s
information criterion (AIC), Bayesian information criterion
(BIC), and likelihood ratio test (LRT) for orthogonal Legendre
polynomials (LEG).

Model® p Logl  AIC BIC LRT

LEG3H1 13 2374138 —4722.276 -4621.400 **
LEG4H1 21 2714.039 -5386.076 —5223122 **
LEG5H1 31 2941077 -5820.154 -5579.608 **
LEG6H1 43 3050.944 -6015.888 —5682.228 Full
model

LEG6H2 44 3142.035 -6196.070 —5854.652 **
LEG6H3 45 3155.987 -6221974 -5872.796 **
LEG6H4 46 3153.432 -6214.864 —5857.928 **
LEG6H5" 47 3179.123 —-6264.246 —5899.548 NS
LEG6H6 48 3182.000 -6268.000 -5895.544 Full
model

Note: ™, P < 0.01; NS, no significant difference; Full model,
model containing all the highest level of the effects.

“LEGxHy, where x is the polynomial order for the fixed
curve and for the additive genetic and permanent
environmental effects, and y is the number of residual
variance classes.

PValues in boldface type indicate the best model based on
LogL, AIC, BIC, and LRT criterions.

Fit and model comparison
Orthogonal Legendre polynomials

Table 1 shows the RRM fitted by LEG considering
homogeneity of residual variances and model compari-
son. It was observed that values of LogL, AIC, and BIC
improved with higher polynomial orders (Table 1). In
accordance with LRT, there were significant differences
(P < 0.01) between the full and reduced models. In gen-
eral, higher values for the LogL criteria will always be
expected for the more parameterized models because
they are more flexible. However, it is important to use
other comparison criteria that provide a choice of more
parsimonious models, such as the AIC and BIC criteria.
The LEG6H1 model was the one that best fitted the data
according to all criteria. Nevertheless, it is important to
evaluate the need to consider heterogeneity of residual
variances throughout lactation, as there may be
improvements in the partition of the total variation
and consequently, generate better estimates of genetic
parameters (Olori et al. 1999).

For greater number of classes there are more para-
meters to be estimated in the maximization of the like-
lihood function. More parameterized models may have
bigger problems of convergence and estimation. It can
hamper the use of RRM for genetic evaluations using
large datasets. Therefore, it is important to use more
parsimonious models without losing quality of fit of the
random effects included in the model. The results
of the models considering heterogeneity of residual vari-
ances are shown in Table 1. The model that considered
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homogeneity of residual variance attained the worst fit,
which is in agreement with other studies (Assis et al.
2006; Breda et al. 2006; Menezes et al. 2011; Silva et al.
2013). The residual variance is influenced by many
factors which may vary throughout lactation. For
instance, the effect of scale of production that is greater
in the early stage of lactation than in the lactation end.
This can be verified by the result of the division into only
two classes of residual variances, which has provided a
large reduction in the values of AIC and BIC, indicating
better fit. In addition, the increase in number of classes
considerably improved the modelling of random effects
included in the analysis. These results are in agreement
with those presented by Breda et al. (2006) and Silva
et al. (2013) for Alpine goats, where a similar trend of fit
improvement with increased number of residual vari-
ance classes was reported. The LEG6H6 model best fit
based on AIC and LogL. However, it presented a slightly
smaller BIC value compared with LEG6H5. This can be
explained by the fact that BIC criterion applies a greater
penalty to more parameterized models (Vrieze 2012), and
LEG6H6 has one more parameter than the previous
model. Furthermore, no significant differences based
on the LRT were observed between these two models.
As a greater number of parameters generate greater
computational demand, more issues with convergence
of algorithms can be expected for higher parameterized
models. Therefore, the model that considered five
classes of residual variances (LEG6H5) seemed to be the
most suitable model.

Sarmento et al. (2006), also working with data from
Alpine goats, indicated the model of fifth order for the
additive genetic effect and seventh order for the perma-
nent environmental effect as the best option. However,
they suggested that the use of a lower parameterized
model of fourth order for the additive genetic effect
and sixth order for the permanent environmental effects
would give similar results. Silva et al. (2013) investigating
orthogonal Legendre polynomials reported that the
most suitable model for genetic evaluation of TDMY in
dairy goats was the one that considered the fixed curve
of order 4, the curve of additive genetic effects of order
2, the curve of permanent environmental effects of order
7, and at least five classes of residual variances.

After choosing the best model using LEG, the variance
components and heritability for all points of lactation
and genetic correlations among milk yield on days
6, 39, 71,104, 137,170, 203, 236, and 270 were investigated.
The highest values of additive genetic and residual vari-
ance were observed in the stage of production peak,
which occurred around 40 d after kidding (Figs. 2a, 2b).
A possible explanation could be the effect of production
scale, since at that stage it was observed the largest milk
yields of the lactation. These results differ from those
found by Silva et al. (2013), that observed increasing
genetic variance along the lactation curve.
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Fig. 2. (a) Estimates of variances obtained for the LEG6H5 (Legendre polynomial of order 6 and 5 classes of residual variance)
model. (b) Variance estimates for the BSQ6HS5 (quadratic B-spline model of polynomial order 6 and 5 classes of residual

variance) model.
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Fig. 3. Heritability estimates for test-day milk yield over the lactation for the models LEG6HS5 (Legendre polynomial of order 6 and
5 classes of residual variance) and BSQ6HS5 (quadratic B-spline model of polynomial order 6 and 5 classes of residual variance).
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The phenotypic and permanent environmental vari-
ances were lower in early lactation and increased at the
end of lactation compared with the other lactation
stages. This may be due to the smaller number of records
at the beginning and end of lactation, which does not re-
present major problems for the prediction of breeding
values as RRM were used. However, missing data
in the beginning or end of lactation will require
extrapolations to predict values associated to permanent
environmental effects of animals in those lactation

stages. As shown in Figs. 2a and 2b, the estimates of vari-
ances in the final period seemed worse than the esti-
mates of the onset of lactation, which was expected as
there was a greater reduction in the number of records
at the end of the lactation. Menezes et al. (2011) also
found higher estimates of permanent environmental
effects at the end of lactation. Heritability estimates
ranged from 0.15 to 0.40 throughout the lactation
(Fig. 3). It was observed that the heritability estimates
were lower in early and late lactation. This was possibly
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Table 2. Estimates of genetic correlations for test-day milk yield (TDMY) obtained

for the model LEG6H5" (above diagonal) and for BSQ6HS" (below diagonal).

TDMY 6 39 71 104 137 170 203 236 270
6 — 0.97 0.95 0.88 0.84 0.76 0.71 0.43 0.25
39 0.98 — 0.97 0.90 0.88 0.80 0.74 0.45 0.29
71 0.96 0.97 — 0.95 0.94 0.84 0.75 0.51 0.21
104 0.90 0.92 0.96 — 0.95 0.87 0.84 0.49 0.33
137 0.86 0.89 0.94 0.96 — 0.92 0.88 0.54 0.40
170 0.77 0.79 0.84 0.91 0.93 — 0.91 0.63 0.51
203 0.68 0.72 0.74 0.83 0.87 0.89 — 0.84 0.78
236 0.43 0.45 0.47 0.56 0.61 0.71 0.76 — 0.83
270 0.19 0.21 0.18 0.33 0.35 0.70 0.75 0.83 —
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“Legendre polynomial of order 6 and 5 classes of residual variance.
Quadratic B-spline model of polynomial order 6 and 5 classes of residual variance.

due to the greater influence of environmental effects on
these stages and (or) proportionally lower additive
genetic variance on this stages. For instance, in early lac-
tation, first parity goats are usually not well adapted to
the milking process and they have a deep postpartum
stress due to negative energy balance. On the other
hand, in late lactation many of them are in advanced
stage of pregnancy, which can justify the decrease at this
stage. Furthermore, as already mentioned, in these two
extremes there was a greater amount of missing records,
which can also cause errors in the estimation of variance
components. Similar results were reported by Sarmento
et al. (2008). However, Silva et al. (2013) found higher esti-
mates in the final third of lactation and Menezes et al.
(2011) found higher values at the beginning of the
lactation.

Table 2 presents the estimates of genetic correlations
obtained by LEG6H5 model among milk production on
days 6, 39, 71, 104, 137, 170, 203, 236, and 270. Genetic
correlations in this study, obtained by LEG6H5 model,
ranged from 0.21 to 0.95. Silva et al. (2013) found esti-
mates of genetic correlations ranging from 0.98 to
1.00. Genetic correlations were smaller as the intervals
among TDMYs increased. This result was consistent
with Oliveira et al. (2016), who also found higher esti-
mates of genetic correlations for shorter TDMY inter-
vals in Alpine and Saanen goats. One possible
explanation is that gene groups and the expression of
genes related to milk production varies throughout
lactation, and this expression is more similar to adja-
cent TDMY. However, other studies in this field are still
needed (Strucken et al. 2015). Despite the smaller
genetic correlations among more distant TDMYs, all
estimates were positive, indicating that the selection
of animals for milk production on any given day of lac-
tation will bring positive responses to all other points
on the curve. However, for the points where the
genetic correlations were small (even if favorable), it
is important to include additional curve points in the
selection index to make progress in the whole pattern
of the lactation curve.

B-splines

The models that were tested considering homogeneity
of residual variances are shown in Table 3. The WOMBAT
software (Meyer 2007) does not allow evaluation of
models BSC3 (three knots and cubic order), as it is
expected to have at least one parameter influencing the
dependent variable in all three segments. Therefore, at
least four knots are needed to be evaluated for cubic
order B-splines. Regardless of the B-spline functions used
(linear, quadratic, or cubic), when we increased the
number of knots, AIC and the BIC showed higher abso-
lute values indicating better fit (Table 3). Considering
only the number of knots, the values of AIC and BIC
were always higher in models for second-degree poly-
nomial (quadratic), indicating that these polynomials
fitted better to the data. Among B-spline functions con-
sidering homogeneity of residual variances, the model
that best fit the data was BSQ6HS5 (quadratic B-spline
model of polynomial order 6 and 5 classes of residual
variance). However, the criteria LRT does not allow com-
parisons between the BSQ6H1 and the other B-spline
models with one class of residual variance (BSL6H1 and
BSC6H1). This happened because there is no sufficient
degrees of freedom for this comparison, since the num-
ber of parameters in the three models was the same
(i.e., 43). Thus, different numbers of classes for the
residual variances of B-splines of degrees 1, 2, and 3
(BSL6, BSQ6, and BSC6) were also investigated. Among
the models with the same number of parameters, but
with different degrees of the B-spline function (linear,
quadratic, and cubic), those using a quadratic B-spline fit-
ted better in accordance with the adopted comparison cri-
teria (Table 4). Moreover, for all polynomial orders
evaluated, the most parsimonious B-spline model that bet-
ter fitted the data had five residual variance classes, simi-
larly to the best model adjusted for orthogonal Legendre
polynomials (i.e., LEG6HS5). These findings indicate that
five is actually the most suitable number of residual vari-
ance classes to be used in analyzes of TDMY for Alpine
goats. The most appropriate division of classes of residual
variance also influence the number of classes to be used.
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Table 3. Models, number of parameters (p), logarithm of the
restricted maximum likelihood function (LogL), Akaike’s
information criterion (AIC), Bayesian information criterion
(BIC), and likelihood ratio test (LRT) for B-splines considering
homogeneity of residual variances.

Model® p Logl AIC BIC LRT

BSL3H1 13 2201.291 -—-4376.582 —4275.706 **
BSL4H1 21 2631513 -—-5221.026 -5058.074 **
BSL5H1 31 2876156 —5690.312 —5449.766 **
BSL6H1® 43 3066.300 —6046.600 —5712.942 Full
model

BSQ3H1 13 2339.923 -4653.846 —4552.978 **
BSQ4H1 21 2711716 -5381.432 —-5218.480 **
BSQ5H1 31 2952.442 -5842.884 -5610.338 **
BSQGHlb 43 3092.906 —-6099.812 -5766.154 Full
model

BSC4H1 21 2717.819 -5393.638 -5230.686 **

BSC5H1 31 2958138 -5852.276 -5611.728 **

BSC6H1® 43 3079.741 -6073.482 -5739.824 Full
model

Note: *, P < 0.01. Full model, model containing all the
highest level of the effects.

“BSXkHy, where X = L, Q, and C represents the degree of
linear, quadratic, and cubic polynomials, respectively; k is
the polynomial order for the fixed curve and for the
additive genetic and permanent environmental effects;
and y is the number of residual variance classes.

®Values in boldface type indicate the best model based on
LoglL, AIC, BIC, and LRT criterions.

Among all the models evaluated using B-splines,
BSQ6HS5 was the one that better fitted the data according
to the comparison criteria used. The fact that the model
BSQ6HS5 has fitted the data better than the BSL6H5 and
BSC6HS5 models may be due to how each of them con-
siders the points that influence the parameters of each
knot, as shown by Meyer (2005). Models using linear
B-splines ignore the estimation of the influence of a
curve point in more distant points, while the cubic
B-spline functions take into consideration the influence
of more distant points. The linear B-spline functions
require a smaller number of points (records) to estimate
the coefficients, and therefore, have less multicolli-
nearity issues. In the case of cubic B-spline functions, more
points are used to estimate the coefficients (Meyer 2005).
However, besides the higher multicollinearity, late lacta-
tion records may influence the early lactation records
and vice-versa. This is not desirable, as genes that influ-
ence peak production, lactation length, and lactation
persistence may not be the same (Strucken et al. 2015). In
this study, quadratic B-spline functions seem to have
better balanced the advantages and disadvantages of
each order.

The results of Tables 1 and 4 show that the models that
considered homogeneous residual variances presented
the worst adjustments to the data according to the
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Table 4. Models, number of parameters (p), logarithm of the
restricted maximum likelihood function (LogL), Akaike’s
information criterion (AIC), Bayesian information criterion
(BIC), and likelihood ratio test (LRT) B-splines considering
heterogeneity of residual variances.

Model® p Logl AIC BIC LRT

BSL6H1 43 3066.300 —-6046.600 -5712.942 **
BSL6H2 44 3155.888 —6223.776 —5882.358 **
BSL6H3 45 3192.276 —6294.552 -—5945.374 **
BSL6H4 46 3184.473 -6276.946 -5920.010 **
BSL6H5 47 3209.369 -6324.738 -5960.042 NS
BSL6H6 48 3208.161 —6320.322 -5947.866 Full
model

BSQ6H1 43 3092.906 —-6099.812 -5766.154 **
BSQ6H2 44 3185.676 —6283.352 —5941.934 **
BSQ6H3 45 3202.330 -6314.660 —5965.482 **
BSQ6H4 46 3197.208 -6302.416 -—5945.478 **
BSQ,6H5b 47 3223.592 -6353.184 —-5988.488 NS
BSQ6H6 48 3224.676 —6353.352 —5980.896 Full
model

BSC6H1 43 3079.741 -6073.482 -—-5739.824 **
BSC6H2 44 3171470 —-6254.940 -5913.522 **
BSC6H3 45 3185.888 —6281.776 —5932.598 **
BSC6H4 46 3182.311 —-6272.622 -5915.684 **
BSC6H5 47 3208.625 -6323.250 -5958.554 NS
BSC6H6 48 3210.447 —-6324.894 -5952.438 Full
model

Note: **, P < 0.01; NS, no significant difference; Full model,
model containing all the highest level of the effects.

“BSXkHy, where X = L, Q, and C represents the degree of
linear, quadratic, and cubic polynomials, respectively; k is
the polynomial order for the fixed curve and for the
additive genetic and permanent environmental effects;
and y is the number of residual variance classes.

"Values in boldface type indicate the best model based on
LogL, AIC, BIC, and LRT criterions.

comparison criteria used. This highlights the need to
consider a heterogeneous structure of residual vari-
ances, because the variances tend to differ along the
lactation. Similar results were obtained by Bignardi
et al. (2011), when evaluating models for adjustments of
lactation curves of Holstein cows and the authors
concluded, according to the AIC and BIC criteria, that
models containing homogeneous residual variances
provided worst fits, regardless of the function used to
model the random effects.

After choosing the best model using B-splines,
variance components were investigated (i.e., heritability
for all points throughout the lactation and genetic corre-
lations among milk yield on days 6, 39, 71, 104, 137, 170,
203, 236, and 270). The largest variance estimates were
observed for additive genetic and residual for the pro-
duction peak stage, which occurs around 40 d after birth
(Fig. 2b). It could be due to a scale effect since the highest
TDMYs were observed in that lactation stage. The
residual variance was greatest in the lactation peak and
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gradually reduced until the end of the lactation. The
phenotypic and permanent environment variances
seemed to be underestimated in the early stage of lacta-
tion and overestimated at the end. This may be due to
the smaller number of records available at the beginning
and especially at the end of lactation, as a consequence
of the proximity of the goat dry-period and the fact that
several goats are already in advanced pregnancy stage.

The random effect of permanent environment ranged
along the lactation curve. This demonstrates that adjusting
the coefficients for heterogeneity of residual vari-
ances allowed separating more efficiently the nongenetic
term from the genetic variation, reflecting in more accu-
rate heritability estimates. The heritability estimates were
higher in late lactation, which is consistent with the dairy
cattle literature (e.g., Cobuci et al. 2005; Costa et al. 2008).
However, especially for dairy goats this pattern was not
reported in the literature yet, because in late lactation a
decrease in heritability has been observed in other studies
(Assis et al. 2006; Sarmento et al. 2008; Oliveira et al. 2016).
Heritability estimates obtained by BSQ6H5 model were
smaller in the extremities of the lactation curve (Fig. 3).
This can be explained by the lower additive genetic varian-
ces in those stages. Table 2 presents the genetic correla-
tions for TDMY among days 6, 39, 71, 104, 137, 170, 203,
236, and 270, obtained using BSQ6HS5 model. Estimates of
genetic correlations were positive and larger between
adjacent TDMY and reduced to the extent that increased
the interval among milking controls. For points where
the genetic correlations have shown small magnitude, it
is important to include additional curve points in the
selection index to make progress in the whole lactation
curve. These results were very similar to those observed
for LEG6H5 model.

Comparison among models using orthogonal Legendre
polynomials and B-splines

The best models using LEG or B-splines were
compared to make a recommendation of the best model
to be used in genetic evaluations of dairy goats. In
general, more parameterized models tend to be more
penalized, as parsimonious models are desirable (Vrieze
2012). In this study, the two best models have the same
number of parameters. BSQ6HS5 presented greater LogL
value compared with LEG6H5 model, indicating better
fit. This was possibly due to the similar number of param-
eters in both models. However, major multicollinearity
issues are expected when using high degree LEG. It may
happen due to the fact that dependency problems of
parameter estimates from the beginning to the end of
the regression are reduced when using B-splines.

The phenotypic, additive genetic, permanent environ-
mental, and residual obtained by the two models
(LEG6HS5 and BSQ6HS5) were very similar and showed
the same trend throughout lactation (Figs. 2a, 2b). The
number of residual variance classes was the same for
both models (five). Furthermore, both models yielded
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higher estimates of the variance of permanent environ-
mental effects in the end of the lactation curve, possibly
due to the smaller number of records. Meyer (2005)
stated that RRM using B-splines tend to be less suscep-
tible to problems of erratic estimates at the extremes of
the curve, a problem often observed when using LEG.
The heritability estimates obtained by LEG6H5 model
were high throughout almost the entire lactation when
compared with BSQ6H5 model (Fig. 3). However, it
showed the same trend of variation throughout lacta-
tion, indicating that periods with higher heritability
coincided for both models. Heritability estimates
obtained by the two models suggest that there was
enough genetic variability to make genetic progress for
TDMY in dairy goats. According to LogL criteria,
the model that best fitted the data was BSQ6HS5. In addi-
tion, this model contained individual segments of
polynomials of smaller degrees, which allows better con-
trol of the overall influence of individual observations
and tend to provide better genetic parameter estimates.
In agreement with our results, Le6n et al. (2012)
and Thepparat et al. (2015), working with Muricano-
Granadina and Thailand goats, respectively, reported
better fits when using spline functions. The findings
obtained in this study indicate that there is enough
genetic variability to make genetic progress for TDMY
in dairy goats and it will be of great relevance to the
implementation of genetic evaluations in dairy goats.

Conclusions

For the genetic evaluation of dairy goats aiming to
improve TDMY, we recommend to fit a RRM using
B-splines of degree 2 (quadratic) for the curves: fixed of
the population, additive genetic, and permanent envi-
ronment, with five segments (six knots) and five classes
of residual variances.

Heritability estimates obtained for the lactation curve
were moderate to high, indicating that there is enough
genetic variability to make genetic progress for TDMY
in dairy goats.
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