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ABSTRACT

Genetic parameters for milk, fat, and protein yield
and persistency in the first 3 lactations of Polish Black
and White cattle were estimated. A multiple-lactation
model was applied with random herd-test-day effect,
fixed regressions for herd-year and age-season of calv-
ing, and random regressions for the additive genetic
and permanent environmental effects. Three data sets
with slightly different edits on minimal number of days
in milk and the size of herd-year class were used. Each
subset included more than 0.5 million test-day records
and more than 58,000 cows. Estimates of covariance
components and genetic parameters for each trait were
obtained by Bayesian methods using the Gibbs sampler.
Due to the large size and a good structure of the data,
no differences in estimates were found when additional
criteria for record selection were applied. More than
95% of the genetic variance for all traits and lactations
was explained by the first 2 principal components,
which were associated with the mean yield and lacta-
tion persistency. Heritabilities of 305-d milk yield in
the first 3 lactations (0.18, 0.16, 0.17) were lower than
those for fat (0.12, 0.11, 0.12) and protein (0.13, 0.14,
0.15). Estimates of daily heritabilities increased in gen-
eral with days in milk for all traits and lactations, with
no apparent abnormalities at the beginning or end of
lactation. Genetic correlations between yields in differ-
ent lactations ranged from 0.74 (fat yield in lactations
1 and 3) to 0.89 (milk yield in lactations 2 and 3). Persis-
tency of lactation was defined as the linear regression
coefficient of the lactation curve. Heritability of persis-
tency increased with lactation number for all traits and
genetic correlations between persistency in different
lactations were smaller than those for 305d yield. Per-
sistency was not genetically correlated with the total
yield in lactation.
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INTRODUCTION

Estimation of genetic parameters, or equivalently co-
variance components, for random regression models
(RRM) of dairy production traits may cause several
problems. Models are computationally very demanding
due to large numbers of parameters and, therefore, rela-
tively small data sets have usually been used for multi-
ple lactations or multiple traits (Jamrozik et al., 1998;
Zavadilova et al., 2005). Research results indicated that
the use of large amounts of data is essential for ob-
taining reliable estimates. Insufficiently large data sets
(as demonstrated with subsets taken from the same
population) yield estimates of genetic parameters that
can sometimes be inconsistent (Druet et al., 2005; Stra-
bel et al., 2005).

A number of studies have shown that estimates of
daily variances and heritabilities at the beginning and
the end of lactation could be unreasonably high and
genetic correlations between yields at the opposite ends
of lactation could be negative when small datasets are
used (Misztal et al., 2000). Several authors explained
such abnormalities as consequences of a lack of infor-
mation to properly describe variability, especially at
the end of lactation (Strabel and Misztal, 1999; Pool et
al., 2000). Anomalous estimates have been presented
as artifacts of functions (e.g., high-order orthogonal
polynomials) used in RRM (Kettunen et al., 1998; Pool
et al., 2000). Problems were reported, however, when
simplified methods were applied to model environmen-
tal variation, such as assuming constant permanent
environmental (PE) effects across DIM (Jamrozik and
Schaeffer, 1997) or using a low-order polynomial for
this effect (Lopez-Romero et al., 2003).

The use of random herd-test-date effects in the mod-
els was recommended for Polish Black and White popu-
lations with small average herd size (Strabel et al.,
2005). Additional regressions for herd-year of calving
classes allowed for better modeling of daily yield vari-
ability. Modeling herd (or herd-year) lactation curves
has been shown to have a positive impact on the shape
of daily variance and heritability curves (Jamrozik et
al., 2001; de Roos et al., 2004).
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Persistency of lactation is a trait of interest for both
genetic improvement and management purposes and
many measures of this trait have been proposed in the
past (Swalve and Gengler, 1999). Random regressions
and the properties of orthogonal polynomials allow for
a simple and effective differentiation between yield and
persistency: the first parameter of genetic regression
describes the total yield in lactation, and the second
parameter is related to persistency (Druet et al., 2005).

The objective of this research was to estimate genetic
parameters for milk, fat, and protein yield in the first
3 lactations of Polish Black and White cattle by using
RRM and large data sets.

MATERIALS AND METHODS

Over 16 million test-day (TD) records of milk, fat,
and protein yields from the first 3 lactations of Polish
Black and White cows calving from 1995 to 2001 were
available for this study. Cows in their second or third
lactations had to have their preceding lactations in the
data set. Moreover, the calving date of primiparous
cows was restricted in such a way that all the cows
had the chance to complete second and third lactations.
Edits included restrictions on daily milk yield between
0.1 and 90 kg, and on the range of age at calving be-
tween 18 and 49 mo, 29 and 67 mo, and 39 and 83 for the
first, the second, and the third lactations, respectively.
Three final data sets (A, B, and C) were created by
applying additional sequential edits. All data sets were
required to contain records from herds with a minimum
of 50 first lactations and with TD records in herd-year
classes covering at least 80 DIM. Additionally, for data
sets B and C, the minimum size of herd-year classes
was 5 TD records. To improve the distribution of records
from different DIM, only lactations of at least 150 d
were included in data sets A and B, whereas for data set
C, this condition was extended to 250 d. After applying
these criteria, no random selection of herds was neces-
sary; all the remaining records were used for the esti-
mation process. A detailed description of the data sets is
in Table 1. The application of selection criteria slightly
decreased the number of records and lactations in con-
secutive data sets and also increased the average daily
milk yield from 14.5 kg for data sets A and B to 15.1
kg in data set C. Distribution of records across DIM in
the first 3 lactations for data set A is presented in Figure
1. Even at the very end of the third lactation, at least
400 records were available at every single DIM.

Cows were assigned to subclasses for age-season of
calving. Two seasons (April-September and October—
March), and 5 classes for age at calving for primiparous
cows (below 25 mo, 25 to 26, 27 to 28, 29 to 30, and over
30 mo) were defined, 4 classes for the second lactation

Table 1. Characteristics of 3 subsets of data (A, B, C)!
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Lactations with test-day records after 250 DIM (%)

No. of animals with records per lactation 1/2/3
No. of herds

No. of records per lactation 1/2/3
No. of animals without records

No. of daughters per bull 1/2/3

18.0/13.9/9.8 16.3/11.1/7.2

17.2/13.0/9.2

17.1/13.2/9.3
17.4/13.1/9.3

17.7/11.4/71
8.8/8.8/8.7
15.1/17.6/19.5
5.39/6.91/17.50
0.62/0.73/0.81
0.23/0.30/0.34
0.48/0.58/0.63
0.17/0.21/0.23

8.4/83/8.1
14.5/16.8/18.5
5.46/6.90 / 7.46
0.59/0.70/ 0.77
0.23/0.30/0.34
0.46 / 0.55/ 0.60
0.17/0.21/0.23

84/83/81
14.5/16.8/18.5
5.48/6.93/7.48
0.59/0.70/0.77
0.23/0.30/0.34
0.46 / 0.55/ 0.60
0.17/0.21/0.23

Average no. of test-day records per herd test day per lactation 1/2/3

Average no. of test days per cow per lactation 1/2/3

Mean daily yield (kg) per lactation 1/2/3
Standard deviation of protein yield per lactation 1/2/3

Standard deviation of milk yield per lactation 1/2/3

Fat yield (kg) per lactation 1/2/3
Standard deviation of fat yield per lactation 1/2/3

Protein yield (kg) per lactation 1/2/3

minimum 5 records in herd-year classes.

minimum 150 DIM; C = minimum 250 DIM; B and C =

A and B
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Figure 1. Distribution of records across DIM in the first (------ ), second (——), and third (wss=m) lactations for data set A. A = minimum

150 DIM, no requirements for number of records in herd-year classes.

(below 39 mo, 39 to 41, 42 to 44, and over 44 mo), and
3 for the third lactation (below 52 mo, 52 to 55 and
over 55).

The model used in this study was the multiple-lacta-
tion generalization of the model presented by Strabel
et al. (2005). The model equation was:

6 4
Yijklmo = htdio + zbjnozmnlo + chnozmnlo

n=1 n=1
4 4

+ Zamnozmnlo + zpmnozmnlo + €ijkimo

n=1 n=1

where yijm is milk, fat, or protein yield / of cow m from
lactation o within herd-test-day effect i, belonging to
the herd-year of calving £ and jth class of age-season
of calving; HTD; is a random herd-test-day effect; bj,,
are fixed regression coefficients specific to age-season
subclass j; ¢, are fixed regression coefficients specific
to the herd-year k; a,,,, are genetic random regression
coefficients specific to animal (AG) m; py,, are random
regression coefficients for the PE effect; ejjm, is the
residual effect for each observation; and z,,,, are covari-
ates. Fixed lactation curves for age-seasons were mod-
eled using Legendre polynomials of order 5 (6 covari-
ates). The same function with 4 parameters was used
for all remaining regressions.
In matrix notation the model can be presented as:

y=Xb + Uq + Wp + Za + e,
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where y is a vector of observations, b is a vector of fixed
regression coefficients for age-season of calving classes
and herd-years, q is a vector of random herd-test-date
effects, p is a vector of PE regression coefficients, a is
a vector of AG regression coefficients, e is a vector of
residuals, and X, U, W, and Z are incidence matrices
relating observations to effects.
The covariance structure of the model was:

q| [ I®H;0 0 0
al |0 A®Gy0 0
p|— |0 0 I®P,0 ’
e| [0 0 0 I®R,

where A is the additive genetic relationship matrix; Hy
and Ry are diagonal matrices of order 3 x 3, with herd-
test-date and residual variances for 3 lactations, respec-
tively; and Py and Gy are covariance matrices for PE
and AG random regression coefficients, respectively,
each of order 12 x 12.

The Bayesian method with Gibbs sampling was used
to generate 120,000 samples for each trait and data set
(Jamrozik et al., 1998). Flat priors and normal distribu-
tions were assumed for all fixed and random effects,
respectively, and inverted Wishart distributions with
minimal numbers of degrees of belief were the prior
distributions for all covariance components. The re-
sulting conditional distributions were either multivari-
ate normal (location parameters) or inverted Wishart
(dispersion parameters). Convergence of Gibbs chains
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Figure 2. Sample values of additive genetic variance for the first regression parameter of milk yield in the first lactation (data set B);

B = minimum 150 DIM, minimum 5 records in herd-year classes.

was monitored by inspecting plots of samples for se-
lected parameters. Effective sample size (ESS) for co-
variance components was estimated for all traits and
data sets using the method of initial monotone sequence
estimator (Geyer, 1992). Posterior means of covariance
components, heritabilities, and correlations were calcu-
lated using 100,000 samples after discarding the first
20,000 iterations as a burn-in period. Estimates of co-
variance components from different data sets were com-
pared using a matrix norm technique. Principal compo-
nents analysis was performed on AG and PE covari-
ances within each lactation. Daily and lactation
heritability estimates were calculated according to for-
mulas presented by Jamrozik and Schaeffer (1997).

RESULTS AND DISCUSSION

The sample plot of variance for the AG intercept for
milk yield in the first lactation estimated on data set
B is shown in Figure 2. Similar behavior of the chain
was observed for data sets A and C. Plots of realizations
for several other covariance components (results not
shown) indicated that 20,000 iterations were sufficient
as a burn-in for all traits and data sets.

The ESS for the estimated covariance components
varied across effects and traits. Table 2 shows simple
statistics of the ESS for covariance components for milk
yield. The effective chain length was much smaller for

AG and PE effects than for HTD and residual variances.
The ESS for AG components averaged slightly more
than 50 samples (all traits and data sets) and they
were approximately 2 times larger for PE components.
Relatively high variation in the average ESS for HTD
and residual variance across traits was observed. The
ESS for milk yield and data set B were 11,493 and
11,460 for HTD and residual variance, respectively. The
pattern of differences in ESS for covariance components
did not indicate any particular association between
data structure and the ESS. Discrepancies between
standard deviation of ESS for these effects between
data sets could also be observed. For example, SD of
ESS for fat yield and data set A were 1,278 and 5,784
for HTD and residual effects, respectively, and the cor-
responding values for data set B were 4,361 and 945.
Differences in ESS for AG and PE components were
negligible for most combinations of traits and data sets.

Table 3 presents Euclidean norms for AG, PE, HTD,
and residual covariance matrices for all 3 data sets.
In general, all data sets gave very similar norms of
respective covariance matrices. The most extreme norm
of a difference between data sets did not exceed 10% of
norms obtained with data set A. The range of norms of
differences and their ratios to norms for data set A
indicated a large degree of similarity between covari-
ance components from all 3 data sets.

Journal of Dairy Science Vol. 89 No. 8, 2006
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Table 2. Effective sample size for the additive genetic (AG), permanent environmental (PE), herd-test-day
(HTD), and residual (E) effects for milk yield from different data sets®

Effective sample size

Data No. of

set Effect parameters Mean Minimum Maximum SD

A AG 78 58 29 127 20
PE 78 129 49 266 53
HTD 3 11,527 10,964 12,311 699
E 3 12,418 6,602 18,929 6,192

B AG 78 60 17 125 22
PE 78 130 24 272 49
HTD 3 11,492 10,483 12,112 881
E 3 11,459 8,504 15,929 3,937

C AG 78 62 23 129 21
PE 78 131 42 267 47
HTD 3 11,916 9,857 13,040 1,785
E 3 11,450 5,485 17,451 5,983

'A and B = minimum 150 DIM; C = minimum 250 DIM; B and C = minimum 5 records in herd-year

classes.

Eigenvalues for the within-lactation AG and PE co-
variance matrices for all the analyzed traits from data
set A and relative differences of corresponding values
with the remaining data sets are shown in Table 4. The
first principal component of the AG effect explained
from 81.0 to 88.5% of variation in milk yield in all
lactations. This proportion was similar for fat and pro-
tein yields. The first principal component of the PE
effect explained relatively less variation and the third
component for this effect described from 6.6 to 8.9% of
variation. Relative differences of eigenvalues from data
sets B and C with corresponding values from data set
A were small. Differences for the first 2 eigenvalues for
all traits did not exceed 6 and 11% for data set B and
C, respectively. Small relative differences for most of
the remaining eigenvalues confirmed almost identical

Table 3. Euclidean norms for additive genetic (AG),

and residual (R) covariance matrices for 3 data sets

nature of variability for all 3 data sets. The pattern
of these differences did not show a clear relationship
between variance partition and the data structure.
The majority of variance explained by the first 2 prin-
cipal components confirmed that the first 2 parameters,
associated with the level of production and its persis-
tency, play a key role in explaining variation of yield
traits throughout lactations (Jamrozik et al., 2002;
Druet et al., 2005). This was also in agreement with
the study of Pool et al. (2000) who found that for the
genetic part, the first 3 components explained over 98%
of the variation, but for the PE part, 4 components
were needed to reach this level. Similarly to our results,
Druet et al. (2005) found that the first 2 components
explained more than 95% of variation. Results of Jam-
rozik et al. (2002) showed that differences between pop-

permanent environmental (PE), herd-test day (HTD),
(A, B, O

Data Data Data (B-A) (C-A)
set A set B set C B-A C-A A (%) A (%)
Milk yield AG 5.99 5.97 6.00 -0.02 0.01 -0.3 0.1
PE 11.98 11.89 10.88 -0.09 -1.10 -0.7 -9.1
R 7.71 7.73 8.02 0.03 0.31 0.3 4.0
HTD 3.64 3.68 3.51 0.04 -0.13 1.0 -3.6
Fat yield? AG 0.99 1.03 1.00 0.03 0.01 3.5 1.2
PE 2.39 2.36 2.31 -0.03 -0.07 -1.0 -3.0
R 2.80 2.80 3.04 0.00 0.24 -0.1 8.4
HTD 0.72 0.73 0.71 0.01 —-0.02 0.9 -2.3
Protein yield? AG 0.52 0.52 0.52 0.00 -0.01 -0.4 -1.2
PE 1.16 1.16 1.08 0.00 -0.09 -0.3 -7.4
R 0.97 0.97 1.04 0.00 0.07 -0.1 7.1
HTD 0.49 0.49 0.45 0.00 -0.04 0.6 -8.6

A and B = minimum 150 DIM; C = minimum 250 DIM; B and C = minimum 5 records in herd-year

classes.
2Values multiplied by 100.
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Table 4. Eigenvalues and their relative differences for additive genetic (AG) and permanent environmental (PE) covariance matrices for
milk, fat, and protein yield in the first 3 lactations for data sets A, B, and C!

Relative difference, (B — A)/A,

Relative difference, (C — A)/A,

Trait and Eigenvalues of eigenvalues (%) of eigenvalues (%)
variance
component Lactation 1 2 3 4 1 2 3 4 1 2 3 4
Milk yield
AG 1 1.65 0.13 0.04 002 -1.1 4.6 7.5 11.5 1.2 8.9 16.7 12.5
2 2.17 029 0.06 0.04 14 -3.7 3.6 5.9 -0.9 -4.8 11.5 3.0
3 2.72 0.41 0.13 0.09 -0.3 -0.3 4.4 -7.2 4.9 -0.7 23.9 8.1
PE 1 3.92 1.01 038 0.19 0.4 -0.5 0.4 -0.3 -10.8 -4.9 0.1 —6.6
2 6.26 163 057 026 -12 0.2 -1.2 -0.6 -84 -2.9 1.7 -3.2
3 7.16 1.84 071 028 -0.7 0.7 0.6 3.0 -8.3 -2.2 1.7 -7.4
Fat yield?
AG 1 0.23 0.02 0.01 0.01 1.9 1.5 9.9 7.6 2.4 -3.1 19.8 9.9
2 0.35 006 0.01 0.01 5.8 —4.1 4.9 -0.1 -2.9 -10.1 16.2 -5.2
3 0.51 0.11 0.03 0.02 2.5 -4.3 4.8 -34 8.9 -4.1 43.6 -0.1
PE 1 0.72 0.20 0.08 0.03 -0.5 -0.3 -0.3 -0.1 -8.3 -3.3 -3.7 -5.6
2 1.19 034 013 003 -15 0.9 -0.3 1.7 —4.2 2.3 2.3 -13.7
3 147 042 0.17 002 -0.7 1.7 0.1 0.3 0.2 0.4 2.8 -8.2
Protein yield?
AG 1 0.12 0.01 001 0.01 -06 7.2 6.5 194 2.7 9.6 9.6 11.1
2 0.19 0.02 0.01 0.01 1.5 -3.7 -2.7 15 24 -34 11.5 -3.5
3 0.25 003 002 001 -14 0.2 1.0 -3.6 1.8 4.3 16.9 9.8
PE 1 0.38 0.10 0.04 0.02 0.2 -0.5 -0.5 2.0 -10.1 -1.9 2.3 —6.6
2 0.58 017 0.06 0.03 -1.0 1.2 -0.7 -1.6 -8.1 0.7 2.2 -9.2
3 0.67 019 0.08 0.03 -0.1 0.4 0.4 3.5 -5.8 1.6 3.6 -0.7

1A and B = minimum 150 DIM; C = minimum 250 DIM; B and C
2Values multiplied by 100.

ulations were small with respect to principal component
analyses of the genetic covariance matrices. Corres-
ponding values for the PE effect were in general lower
than for the AG effect and they were similar to other
studies (from 72 to 85%; Pool et al., 2000; Jamrozik et
al., 2002; Druet et al., 2005). Druet et al. (2005) used
only 2 eigenvectors, associated with the first 2 eigenval-
ues, as covariates to estimate covariance components
of daily milk traits. Decisions concerning the rank re-
duction of the model should take into account the pro-
portion of variance explained by the omitted parame-
ters. For the PE effect in the second lactation, the third
principal component explained between 9 and 13% of
the total variation, which can be regarded as a substan-
tial amount of variation and is possibly important at
the beginning and end of the lactation.

Convergence behavior, effective sample size, norms,
and principal component analysis of covariance matri-
ces indicated very similar patterns of variability for all
3 data sets. Therefore, the remaining part of the paper
will concentrate mainly on results obtained from the
largest and the least edited data set (A).

Heritability

Table 5 gives heritabilities and correlations for the
first 2 random regression coefficients for different parit-
ies. The first coefficient of orthogonal Legendre polyno-
mials describes the total yield in lactation; therefore,

= minimum 5 records in herd-year classes.

heritability of this coefficient is equivalent to heritabil-
ity of 305-d lactation yield. Estimates of heritability for
milk were higher than for the other traits and they
were equal to 0.18, 0.16, and 0.17 for the first, second,
and third lactation, respectively. The second regression
coefficient can be viewed as the persistency measure.
Heritabilities of persistency were lower than corres-
ponding estimates for the total yield. In general, they
increased steadily with lactation number, eventually
reaching the magnitude of heritability of 305-d yield.
This tendency was consistent for all traits and data
sets (results for data set B and C not shown). Fat persis-
tency had heritabilities equal to 0.12, 0.17, and 0.20;
and protein persistency estimates were 0.11, 0.15, and
0.18 for lactations 1, 2, and 3, respectively. Although
variance of both the first and the second parameter
in general increased with lactation number, relative
proportions of variance increased substantially for later
lactations. Production in the second and third lactations
is usually higher; and lactation curves therefore must
be steeper, which leaves space for higher variability and
offers a chance for improvement of genetic persistency.
Jamrozik et al. (2002) reported various genetic relation-
ships between the first 2 parameters of the AG effect for
different populations, which can be caused by varying
levels of production and the location of the peak yield.
In such a case, the average level of persistency may, to
alarge extent, depend on the average level of production
in the population.

Journal of Dairy Science Vol. 89 No. 8, 2006
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Table 5. Posterior means (SD in parentheses) of heritabilities of the first 2 regression parameters of additive genetic effects and the ratio
of variance of the first 2 regression parameters of permanent environmental variance for milk, fat, and protein yield in the first 3 lactations

for data set A!

Milk yield Fat yield Protein yield
Parameter? Lactation 1 Lactation 2 Lactation 3 Lactation 1 Lactation 2 Lactation 3 Lactation 1 Lactation 2 Lactation 3
ay 0.18 (0.01) 0.16 (0.01) 0.17 (0.01) 0.12 (0.00) 0.11(0.01) 0.12(0.01) 0.13 (0.01) 0.14(0.01) 0.15(0.01)
a; 0.11(0.01) 0.16 (0.01) 0.18 (0.01) 0.12(0.01) 0.17(0.01) 0.20(0.01) 0.10 (0.01) 0.16 (0.01) 0.18 (0.01)
Po 0.44 (0.01) 0.48 (0.01) 0.46 (0.01) 0.37 (0.01) 0.37(0.01) 0.35(0.01) 0.41(0.01) 0.43(0.01) 0.42(0.01)
P1 0.88 (0.01) 0.83 (0.01) 0.81(0.01) 0.87(0.01) 0.83(0.01) 0.79(0.01) 0.89(0.01) 0.83(0.01) 0.81(0.01)

'A = minimum 150 DIM, no requirements for number of records in herd-year classes.
2Parameters: a0 and al and p0 and p1 are the first and second parameters, respectively, of Legendre polynomials of additive genetic and

permanent environmental effects.

Although heritabilities for genetic persistency were
found to be relatively low, the genetic correlation be-
tween the first and the second regression parameters
for the AG effect was almost zero. Moderate heritabilit-
ies and a lack of relation to the total 305-d production
will allow for an efficient selection for the shape of the
lactation curve in Polish Black and White cattle.

The ratio of variance (PE over sum of AG and PE)
for the first 2 parameters of the PE effect and the corre-
lation between them are presented in Table 5 for all
traits and lactations. The estimates of variance ratio
were much higher than corresponding heritabilities.
They were equal to 0.44, 0.48, and 0.46 for the first PE
coefficient of milk yield, for the first, second, and third
lactations, respectively. For the second PE parameter,
these ratios were doubled on average when compared
with the intercept. Only 2 variance components (AG
and PE) were included in the calculation of heritability
and the PE variance ratio for regression coefficients.
This corresponded to the partition of variance in the
second stage of linear hierarchical model for TD yields
as in Jamrozik et al. (2001).

Curves of AG and PE variances of daily milk yields
for the first 3 lactations (Figure 3) were characterized
by patterns analogous to those presented by Strabel et
al. (2005) for the same population analyzed with the
same model for first-lactation data. Increased estimates
for AG, and especially for PE, effects at the peripheries

of the trajectory were found. A tendency toward an
increase of genetic variance with DIM, noticed for all
the traits and data sets, was in agreement with results
of Druet et al. (2005). However, this propensity was not
observed in the first lactation, possibly due to the low
total variance. Differences among shapes for different
data sets were negligible. Heritability estimates for
daily yields were low and ranged in general between
0.1 and 0.2 for all lactations and data sets (Figure 4).
Estimates were generally higher for milk than for fat
and protein yields. Lower heritabilities of daily milk
yields than those for fat and protein yields were re-
ported in the previous study of Polish Black and White
population (Strabel and Misztal, 1999) and for other
populations (Liu et al., 2000; Jakobsen et al., 2002;
Druet et al., 2005). Lidauer et al. (2003) also obtained
higher daily estimates for milk (0.30) than for fat (0.22)
and protein (0.23) for the Finnish population, similar
to the results of Jakobsen et al. (2002) for the Danish
population (0.42, 0.37, and 0.36 for milk, fat, and pro-
tein, respectively). The highest heritabilities were ob-
tained for milk yield and the lowest for fat yield in
the study of Zavadilova et al. (2005) and Rekaya et
al. (1999).

Relatively flat shapes of heritability curves were
found in this study. Several different patterns, how-
ever, can be distinguished. For example, first-lactation
milk and protein yield heritabilities were higher in the

Table 6. Posterior means (SD in parentheses) of correlations between lactations for the first 2 regression parameters of additive genetic
and permanent environmental effects for milk, fat, and protein yield in the first 3 lactations for data set Al

Milk yield Fat yield Protein yield
Parameter 1-2 2-3 1-3 1-2 2-3 1-3 1-2 2-3 1-3
a 0.84 (0.01) 0.89(0.01) 0.80(0.02) 0.82(0.01) 0.85(0.01) 0.73(0.02) 0.83(0.01) 0.87(0.01) 0.78 (0.02)
a; 0.59 (0.04) 0.65(0.03) 0.50(0.04) 0.55(0.04) 0.65(0.03) 0.43(0.04) 0.52(0.04) 0.62(0.03) 0.44 (0.04)
Po 0.40 (0.01) 0.40 (0.01) 0.31(0.01) 0.42(0.01) 0.43(0.01) 0.32(0.01) 0.44 (0.01) 0.44 (0.01) 0.31(0.01)
P1 0.13(0.01) 0.24 (0.01) 0.11(0.01) 0.10(0.01) 0.23(0.01) 0.10(0.01) 0.13(0.01) 0.22(0.01) 0.10 (0.01)

A = minimum 150 DIM, no requirements for number of records in herd-year classes.
ZParameters: a0 and al and p0 and pl are the first and second parameters of Legendre polynomials of additive genetic and permanent

environmental effects, respectively.
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Figure 3. Additive genetic (black curves) and permanent environmental (gray curves) variances for milk yield estimated for analyzed

data sets (A, B, and C) and the first (------ ), second (.
DIM; B and C = minimum 5 records in herd-year classes.

middle part of lactation than at the beginning or end,
which was in contrast to fat yield. Heritabilities for
second and third lactations showed an increasing trend
with DIM. No undesired extreme estimates at the pe-
ripheries of lactations were found for any of the ana-
lyzed traits and lactations. Daily heritabilities for later
lactations based on data set C showed a tendency to-
ward slightly lower values at the very end of lactation.

Table 7. Posterior means (SD in parentheses) of correlations between
first 2 regression parameters of additive genetic effect for milk, fat,
and protein yield obtained for data set Al

Lactation Milk yield Fat yield Protein yield
1 0.06 (0.051) -0.12 (0.053) 0.19 (0.055)
2 0.26 (0.050) 0.21 (0.054) 0.41 (0.048)
3 0.21 (0.050) 0.07 (0.054) 0.33 (0.048)

A = minimum 150 DIM, no requirements for number of records
in herd-year classes.

), and third (wssss) lactations; A and B = minimum 150 DIM; C = minimum 250

Heritability curves of various shapes have been pre-
sented in literature (Misztal et al., 2000). Daily herita-
bility graphs with high values at the beginning and at
the end of lactations (border or wave effect) were the
features of early applications of RRM, in which the
PE effect was constant during lactation (Jamrozik and
Schaeffer, 1997) or relatively small data sets were ana-
lyzed with single-trait models (Strabel and Misztal,
1999; Ptak et al., 2004). Heritability curves with oscilla-
tory patterns lack clear biological explanations and
were assumed to be artifacts of using functions of high
order to explain random effects in the model. The insuf-
ficient amount of data to model complex variability was
raised as a possible reason of biased estimation of vari-
ances at the end of lactation. Results of this study could
support this hypothesis when compared with estimates
of Strabel and Misztal (1999) based on much smaller
data sets. A tendency toward an increase of genetic
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3160

STRABEL AND JAMROZIK

Milk yield
0.3
L
0.2 gt e
P — o
- / .‘/-
0.1
) +rrrrnrmmrrrrmrrrrrreefrererereeeEO AT
5 55 105 155 205 255 305 55 105 155 205 255 305 55 105 155 205 255 305
Fat yield
0.3
2 d
= 02 e
=
2 =
3 0.1
= O

5 55 105 155 205 255 305

55 105 155 205 255 305

55 105 155 205 255 305

Protein yield
0.3
0.2 7 .//
e o ———— " [ — -—
0.1
) +rrrrrmmrrrrrrrereeedO0O0OOOeEOEAAOT AT LTI

5 55 105 155 205 255 305

55 105 155 205 255 305

55 105 155 205 255 305
DIM

Figure 4. Milk, fat, and protein yield heritabilities for different DIM of the first 3 lactations obtained for data sets A (----), B (———), and
C (——); A and B = minimum 150 DIM; C = minimum 250 DIM; B and C = minimum 5 records in herd-year classes.

variance with DIM, noticed for all the traits and data
sets, is in agreement with results of Druet et al. (2005).
However, this tendency was not observed in the first
lactation, possibly due to the low total variance in the
first lactation.

A limited number of records used for parameter esti-
mation may also lead to accidental results, which are
not confirmed by repeated estimations based on differ-
ent random sample of data (Druet et al., 2003; Strabel
et al., 2005). Similarly, Pool et al. (2000) stated that
their preliminary results from 8,000 lactations were
inconsistent and indicated that more lactations should
have been used for the estimation. Additional editing
criteria (e.g., excluding shorter lactations from the data
set C) did not change the shape of heritability curves
or the magnitude of estimates.
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Correlations

Correlations of the first AG regression coefficient
(305-d yield) between consecutive lactations for data
sets A and B ranged between 0.8 and 0.9 for all the
traits (Table 6). They were lower between the first and
the third lactation (slightly below 0.8) with a similar
trend of lower values for data set C (results not shown).
Genetic correlations for persistency (second regression
coefficient) were much lower and more variable than
for the first parameter. Estimates were as low as 0.32
between the first- and the third-lactation milk and fat
yield and 0.66 for the fat yield in the second and the
third lactations. Patterns of persistency correlations
were similar to those for total production in lactation:
the lowest correlations were observed between the first
and the third and the highest between the second and
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Figure 5. Genetic correlations between the first three lactations for milk, fat, and protein yields for different DIM obtained for data sets

A (---), B(—=—-), and C (

). From the left, curves represent the following pairs of lactations: 1 and 2, 2 and 3 and 1 and 3; A and B =

minimum 150 DIM; C = minimum 250 DIM; B and C = minimum 5 records in herd-year classes.

the third lactations. Correlations among PE regression
coefficients were lower than those for the AG effect and
they ranged between 0.32 and 0.45 and between 0.10
and 0.25, for the intercept and the linear term, respec-
tively.

Correlations between the first and the second random
regression parameter for the AG effect for all the traits
were small and they were practically equal to zero for
first-lactation milk yield (Table 7). The lowest, negative

estimate (—0.12) was obtained for the first-lactation fat
yield and the highest for the second-lactation traits.
Genetic correlations among milk yields at the same
DIM in various lactations were all positive and greater
between consecutive lactations than between the first
and the third lactation (Figure 5). The pattern for corre-
lations across the trajectory was similar for all the traits
and lactations with the smallest estimates at the pe-
ripheries of lactation. However, lower correlations be-
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tween the first and the third lactation were observed
in the first half of lactation. For all traits between the
first- and the second-parity correlations were below 0.7
at the beginning of the lactation, not exceeding 0.9 in
the middle part, and dropping below 0.7 at the end of
lactation for data sets A and B. Data set C can be
characterized by a similar pattern, but clearly lower
estimates were obtained between the second and the
third lactation. Estimates of genetic correlations
smaller than 0.5 between yields at the peripheries of
the first and other lactations could be regarded as arti-
facts of the model. This hypothesis, however, could not
be supported by results from this study in which a large
number of records was used for parameter estimation.
One of the key points of breeding programs is selection
of young bulls, usually based on their daughters’ perfor-
mance in the first lactation. Because longevity, and
hence performance in later lactations is also of interest
for breeders, the effectiveness of selection schemes will
depend on the genetic correlations between the first
and later lactations. Results from this study showed,
in general, lower heritabilities in the first lactation than
in the second and the third due to a lower genetic vari-
ance in the first lactation. That also reflects a lower
correlation between the first and the second lactations
and even lower between the first and the third than
between second and third lactations estimated in this
study for all the traits. Similar patterns of correlation
estimates were presented in recent studies by Zavadi-
lova et al. (2005) and by Muir et al. (accepted).

General

The problem of selecting records for the data set used
for variance component estimations has been discussed
in several studies. Druet et al. (2003) suggested the use
of the pooling method to decrease data sensitivity. In
a previous study on the same population, Strabel et
al. (2005) suggested using all the available data when
estimating genetic parameters for the routine genetic
evaluation model, due to the relatively large impact
of the data set on variance component estimation. In
comparison with that study, in which estimation was
based on the REML method, employing the Gibbs sam-
pling technique made it possible to use all the available
data. Applied edits improved the structure of the data;
in particular, numbers of records from different lacta-
tions were much better balanced. Pool and Meuwissen
(1999) suggested using complete lactations, which were
regarded as the interval of a maximum 50 d, at least
one test day before 80 and one after 280 DIM. For that
reason, we imposed a constraint on data set C to include
lactations with records covering at least 250 DIM. This
restriction had no clear and consistent impact on the
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obtained curves of variances, and, in consequence, on
estimates of genetic parameters. Shifts between PE and
error variances at the end of the second and the third
lactation were noticed, as well as unexpected changes
in the first part of lactation. Thus, when the data set
is composed of large number of records from all lacta-
tions and when it is relatively well balanced, there is
no need to exclude shorter lactations from the analysis.
Pool et al. (2000) suggested that, although selection for
at least 10 observations per herd-test-day might have
favored lactations from large farms, the data set re-
mained a representative sample of the Dutch cattle
population. For these reasons we used 2 data sets with
different requirements for the number of records per
HY effect. No impact of this restriction was found on
estimates of genetic parameters. The number of records
from successive lactations is connected with the struc-
ture of the data set. A multiple-trait model generally
leads to better results—fewer artifacts are observed
(Strabel and Misztal, 1999; Zavadilova et al., 2005).
Requirements regarding the data set, its size, and its
structure, are higher when more small herds, a more
complicated model (function of higher order for submo-
dels), heterogeneity of variance across regions, and var-
ious levels of production exist. On the other hand, high
restrictions on the data structure, especially the mini-
mum number of records per herd or environmental ef-
fect subclasses, may weaken data representativeness.
For this reason, and considering minor differences be-
tween covariance components for different data sets, we
recommend using estimates for the largest data set (A).

CONCLUSIONS

Results of this study indicated that large data sets
should be used for estimation of covariance components
for the RRM. No restrictions are then necessary with
regard to using only longer lactations and records from
larger subclasses of fixed effect. Assuming that a homo-
geneous error variance does not need to lead to abnor-
mal estimates of heritability at the edges of lactation
if AG and PE effects are modeled with the same submo-
del of sufficiently large order.
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