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ABSTRACT

The inclusion of reproductive performance in dairy
cow breeding schemes has resulted in a cumulative
improvement in genetic merit for reproductive per-
formance; this improvement should manifest in longer
productive lives through a reduced requirement for
involuntary culling. Nonetheless, the average length
of dairy cow productive life has not changed in most
populations, suggesting that risk factors for culling,
especially in older cows, are possibly more associated
with lower yield or high somatic cell score (SCS) than
compromised reproductive performance. The objective
of the present study was to understand the dynamics of
lactation yields and SCS in dairy cows across parities
and, in doing so, quantify the potential to alter this
trajectory through breeding. After edits, 3,470,520 305-
d milk, fat, and protein yields, as well as milk fat and
protein percentage and somatic cell count records from
1,162,473 dairy cows were available for analysis. Ran-
dom regression animal models were used to identify the
parity in which individual cows reached their maximum
lactation yields, and highest average milk composition
and SCS; also estimated from these models were the
(co)variance components for yield, composition, and
SCS per parity across parities. Estimated breeding
values for all traits per parity were calculated for cows
reaching >fifth parity. Of the cows included in the
analyses, 91.0%, 92.2%, and 83.4% reached maximum
milk, fat, and protein yield in fifth parity, respectively.
Conversely, 95.9% of cows reached their highest average
fat percentage in first parity and 62.9% of cows reached
their highest average protein percentage in third parity.
In contrast to both milk yield and composition traits,
98.4% of cows reached their highest average SCS in
eighth parity. Individual parity estimates of heritabil-
ity for milk yield traits, milk composition, and SCS
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ranged from 0.28 to 0.44, 0.47 to 0.69, and 0.13 to 0.23,
respectively. The strength of the genetic correlations
per trait among parities was inversely related to the
interval between the parities compared; the weakest
genetic correlation was 0.67 (standard error = 0.02)
between milk yield in parities 1 and 8. Eigenvalues and
eigenfunctions of the additive genetic covariance matri-
ces for all investigated traits revealed potential to alter
the trajectory of parity profiles for milk yield, milk
composition, and SCS. This was further demonstrated
when evaluating the trajectories of animal estimated
breeding values per parity.
Key words: maturity,
trajectory

milk, somatic cell score,

INTRODUCTION

The inclusion of functional traits, like reproductive
performance, in dairy cow breeding programs has con-
tributed to a cumulative improvement in the genetic
merit for reproductive performance in most dairy cow
populations (Berry et al., 2014; Cole and VanRaden,
2018; De Vries, 2020). The improvement achieved in
genetic merit for reproductive performance should have
manifested itself in a longer dairy cow productive life
via reduced involuntary culling for reproductive failure.
Yet, the expected improvements in productive life have
not been realized in many populations with the average
productive lifespan of a dairy cow remaining between
2.5 and 4.5 yr (Adamczyk et al., 2016; Kerslake et al.,
2018; De Vries and Marcondes, 2020). As the improve-
ment in reproductive performance leads to a reduced
need for involuntary culling due to reproductive failure,
risk factors for culling are therefore likely transition-
ing from involuntary to voluntary causes. Poor lacta-
tion yield and high SCC are already 2 of the primary
reasons reported for voluntary culling in dairy cows
(Berry et al., 2005; Kerslake et al., 2018; De Vries and
Marcondes, 2020) and the rate of culling due to high
SCC will likely increase as European dairy producers
are required to implement selective dry cow therapy
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from 2022 (Animal Health Ireland; 2020). Therefore,
age-linked reductions in lactation yield or increases in
SCC could potentially explain why productive life has
not improved in line with the genetic gain in reproduc-
tive performance.

No study has, to date, specifically investigated the
parity at which individual dairy cows reach maximum
305-d milk yield, highest average SCS, or indeed,
whether interanimal variability exists in the rate of
change in lactation yield or SCS before and after maxi-
mum yield or highest average SCS. Nonetheless, based
on the documented 305-d milk yield per parity reported
by Guo et al. (2002) and Yang et al. (2005), it can be
assumed that dairy cows, on average, reach maximum
lactation yield in the fourth or fifth parity. Using such
mean values to assume the parity at which maximum
yield occurs ignores the potential interanimal variabil-
ity in when maximum lactation yield is achieved.

Although previous studies on dairy cows have re-
ported heritability estimates and genetic (co)variances
of 305-d milk yield (Carlén et al., 2004; Yang et al.,
2005; Frioni et al., 2017) and SCS per parity (Carlén
et al., 2004), no study has estimated the genetic (co)
variances among milk yield traits, milk composition,
or SCS in dairy cows across a wide range of parities
(i.e., first to eighth parity). Estimated 305-d milk yields
up to sixth parity have been reported as moderately
heritable (0.23 to 0.34; Carlén et al., 2004; Yang et al.,
2005; Frioni et al., 2017), and the heritability of SCS
has been reported as between 0.10 in third parity and
0.14 in first parity (Carlén et al., 2004). Whereas one
study reported a relatively large reduction in heritabil-
ity estimates of milk yield between parities, from 0.34
in first parity to 0.25 and 0.23 in second and third
parities, respectively (Carlén et al., 2004), others have
reported the heritability estimates of milk yield (Yang
et al., 2005; Frioni et al., 2017) and SCS (Carlén et al.,
2004) as being similar (i.e., within 0.04) across parities.
The strength of the reported genetic and phenotypic
correlations between milk yield (Zarnecki et al., 1991;
Carlén et al., 2004; Frioni et al., 2017) and SCS (Car-
1én et al., 2004) across different parities were generally
inversely related to the interval between the parities
compared. The genetic correlation between 305-d milk
yield in first and second parity, first and third parity,
and second and third parity in pasture-based Uruguay-
an dairy cows was 0.93, 0.91, and 0.97, respectively
(Frioni et al., 2017). The genetic correlations between
SCS in first and second parity, first and third parity,
and second and third parity in Swedish Holstein dairy
cows were 0.76, 0.70, and 0.92, respectively (Carlén
et al., 2004). The strong genetic correlations between
milk yield and SCS in consecutive parities previously
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reported suggests increasing or decreasing milk yield or
SCS in an individual parity would result in a similar in-
crease or decrease in other adjacent parities. Therefore,
the objective of the present study was to understand
the phenotypic and genetic dynamics of lactation yields
and SCS across parities in dairy cows and, in doing so,
quantify the potential to alter the trajectory through
breeding.

MATERIALS AND METHODS

Estimated 305-d lactation yields, average milk com-
position, average SCC, ancestry, and calving date in-
formation were extracted from the national database
managed by the Irish Cattle Breeding Federation; the
305-d lactation yields, average milk composition, and
average SCC were estimated using the standard lacta-
tion curve method (Olori and Galesloot, 1999). Since
all information was downloaded from a pre-existing
national database, it was not necessary to obtain ani-
mal ethics committee approval prior to conducting this
study.

Data Edits

Estimated 305-d lactation yields, average fat and
protein percentage, and average SCC were available
for 1,890,902 cows (5,960,955 lactations), born between
2000 and 2015, inclusive, calving in 15,317 spring-
calving herds; all cows calved between 2002 and 2019.
Dairy herds were defined as spring-calving if >70% of
cows calved between the months of January and June,
inclusive (Ring et al., 2019). Records where cow par-
ity was >10 were discarded, as were the records from
cows without a known sire. First-parity cows recorded
to have calved younger than 600 d of age were removed.
Furthermore, the median age at calving was calculated
for each parity; 897,930 lactation records were dis-
carded where cows calved more than 180 d before or
after the parity median. For all remaining records, age
at calving was categorized, within parity, into 6 groups,
each 60 d in duration relative to the parity median age
at calving. Lactation average SCC was normalized to
SCS by calculating the logarithm, to base 10, of SCC.
Individual 305-d milk, fat, and protein yield, fat and
protein percentage, and SCS observations more than
3 standard deviations from the parity mean were re-
moved. All data from an entire parity were discarded
if one or more traits were missing; 88,960 lactation
records were removed. Heterosis and recombination
loss coefficients per cow were calculated as described
previously by Ring et al. (2018). Heterosis was divided
into 12 classes (0%, >0% and <10%, >10% and <20%,
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>20% and <30%, >30% and <40%, >40% and <50%,
>50% and <60%, >60% and <70%, >70% and <80%,
>80% and <90%, >90% and <99%, and >99%). Re-
combination loss was divided into 7 classes (0%, >0%
and <10%, >10% and <20%, >20% and <30%, >30%
and <40%, >40% and <50%, and >50%).

Cows were assigned to contemporary groups within
herd based on calving dates using the algorithm cur-
rently used to generate contemporary groups for the
Irish national genetic evaluations (Berry et al., 2013).
Cows that calved within 10 d of each other were ini-
tially clustered together within each herd. Where <10
cows were clustered together, these cows were joined
to an adjacent contemporary group within the same
herd until each contemporary group had >10 records,
with a maximum distance of 60 d between calving
events in the same contemporary group. Records from
contemporary groups with <10 records were removed.
Records were not required in all preceding parities
for a lactation record to be retained. Estimated 305-d
yields, average fat and protein percentage, and average
SCS for 3,470,474 lactations from 1,162,469 dairy cows
calving in 8,566 herds spring-calving herds remained.
A random subset of 500 herds was chosen for analy-
ses; 196,775 lactation yield records from 68,323 cows
remained. After all edits, the average breed composi-
tion of all animals was 90.0% Holstein-Friesian, 3.2%
Jersey, 0.7% Montbéliarde, 0.5% Norwegian Red, 0.1%
Ayrshire, and 0.1% Brown Swiss. Pedigree information
for all animals was traced back to the founder animals,
and founders were assigned to 1 of 11 genetic groups,
based on breed; there were 208,439 animals in pedigree.

Statistical Analyses

Parity mean 305-d milk, fat, and protein yield, as
well as fat and protein percentage and SCS were mod-
eled using random regression animal models fitted
across parities in ASReml (Gilmour et al., 2009). These
random regression models were used to determine the
parity in which a cow reached maximum milk, fat, and
protein yield, highest average fat and protein percent-
age, and highest average SCS; they were also used to
estimate the (co)variance components for each trait
across parities. The random regression model fitted to
all data was
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where Ym0 15 the estimated 305-d milk, fat, or pro-

tein yield, fat or protein percentage, or SCS for cow i;

CG; is the fixed effect of contemporary group j; Het, is

the fixed effect for heterosis class k (k= 0 to 11); Rec

is the fixed effect for recombination loss class [ (I =0 to

6); Age,, is the fixed effect for age class relative to the
3

parity median m (m = 1 to 6); > b, Parity" is the fixed
n=1
effect nth-order Legendre polynomial regression on par-
3

ity number; a; x> b,Parity’ is the random regression
o=1
coefficient on parity number for the animal additive
genetic effect where a; ~ N(Qg,A®G), Q is a matrix
relating to animal with genetic groups, g is a vector of
genetic group means, A is the additive animal genetic
numerator relationship matrix, and G is the covariance
matrix of the additive animal regression coefficients

with order equal to the polynomial modeled.
3

PE, beanm'tyq is the random regression coefficient
q=1

on parity number for the permanent environmental

(cow) effect where PE, ~ N(0,IQC), I is the identity

matrix and C is the covariance matrix of the cow ran-

dom regression coefficients, and €m0y, i the residual

term where e~ N (0, Iaf ) and represents the

o2

(parity) (parity)
residual variance and I the identity matrix. Residual
variances were estimated separately for each parity.
Residual variances were assumed homogeneous within
each parity but heterogeneous between parities.

The most parsimonious order for the fixed-effect Leg-
endre polynomial regression was determined by visually
comparing the fit of a linear, quadratic, and cubic trend
line to the mean lactation yield, milk composition, and
SCS per parity. A cubic polynomial was the most ap-
propriate for all traits. The most parsimonious order of
the random regression was determined using the Akaike
information criterion, by comparing the estimated vari-
ance components for each order, and by investigating
the eigenvalues of the genetic covariance matrix.

Phenotypic Analyses. The parity and production
level at which individual cows reached maximum 305-
d milk, fat, and protein yield as well as the highest
SCS were determined using the sum of each cow’s ad-
ditive genetic and permanent environmental solutions
from the random regression models. Linear regression
models were used to estimate the relationship between
first-parity yields, composition, or SCS, estimated from
the animal solutions of the random regression models,
and the yields, composition, or SCS in the parity of
maximum yield, composition, or SCS, also estimated
from the random regression model.
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Estimation of the Genetic (Co)variances and
Genetic Correlations. The animal covariance func-
tions were estimated as

3 =P'KP,

where & is the animal covariance matrix for parity; ®
is the matrix of Legendre polynomial regression coeffi-
cients, and K is the animal additive genetic covariance
matrix estimated from the random regression model.
The genetic correlations between different parities for
each trait and their respective standard errors were
calculated as

_ covary
Ir‘(] - —7
o \Jvar; X var;
1 2
=Ty SE. x SE.
SE.. = Y ! J
17 9y
T2 h? % h?

where T, is the genetic correlation for a trait in parities
ij

i and j; covary is the genetic covariance between the
trait in parities 7 and j; var; and wvar; are the genetic
variances for the trait in parities 7 and j, respectively;
SE,; is the standard error associated with the genetic
correlation of the trait between parities 4 and j hf and
h]2 are the heritability estimates for the milk trait in

parity ¢ and j, respectively; SE; and SE; are the stan-
dard errors associated with the heritability estimates of
the trait in parity ¢ and j, respectively. The variance of
genetic change between 305-d milk, fat, and protein
yield, fat, and protein percentage, and SCS in consecu-
tive parities was estimated from the respective genetic
covariance matrices as

Varcij = var; +var; — 2(0011(17“2-]-),

where Var, is the genetic variance of change between
ij

lactations 7 and j; var; and var; are the genetic variance
associated with the trait under investigation in lacta-
tions 4 and j, respectively; and covar; is the estimated
genetic covariance for that trait between lactations ¢
and j.

Animal random regression solutions from the random
regression models and the matrix of Legendre polyno-
mial regression coefficients were used to calculate an
EBV per animal for each parity; only cows reaching
at least fifth parity were considered further. The fixed
regression solutions were used to translate the EBV
to predicted performance. The lifetime production of a
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cow for each trait was calculated by summing the EBV
for each parity, up to and including the sixth parity.

RESULTS

Summary performance statistics per parity are pre-
sented in Table 1; as 5% of records in the present study
relate to cows in ninth and tenth parity, only the results
relating to eighth parity and younger are presented. Of
the cows retained after all edits, 81% of cows reached
at least second parity and 65% of cows reached at least
third parity. On average, 305-d milk, fat, and protein
yield increased with increasing parity up to fifth parity.
After a small reduction in the mean SCS between first
and second parity, SCS consistently increased thereaf-
ter; median SCC per parity ranged from 65,000 cells/
mL in second parity to 122,000 cells/mL in eighth par-
ity. Mean fat and protein percentage varied by no more
than 0.11 percentage units and 0.07 percentage units,
respectively, between parities (Table 1).

The Akaike information criterion improved with each
increasing polynomial order for the additive genetic
term in the model; nonetheless, the fourth eigenvalue
of cubic animal random regression explained less than
1.4% of the genetic variance for all traits. Hence, the
quadratic regression was chosen as the most parsimoni-
ous for both the additive genetic and permanent envi-
ronmental component for all traits.

Phenotypic Analyses

Of the cows in the present study, 91% of cows reached
maximum 305-d milk yield in fifth parity (Supplemen-
tary Table S1; https://doi.org/10.6084/m9.figshare
16918429, Williams, 2021a). Of the remaining 9.0%
of cows, 5.8% reached maximum milk yield in either
fourth (3.7%) or sixth parity (2.0%). Similarly, 98.5%
and 98.6% of cows reached maximum 305-d fat and
protein yield in fourth, fifth, or sixth parity, respec-
tively (Supplementary Table S1). Although 62.9% of
cows reached their highest average protein percentage
in third parity, 95.9% of cows reached their highest
average fat percentage in first parity (Supplementary
Table S1). In contrast to all yield and composition
traits, 98.4% of cows reached their highest average SCS
in eighth parity (Supplementary Table S1).

When milk, fat, and protein yield in the parity of
maximum yield were regressed on their respective first-
parity yields, each additional kilogram of milk, fat, and
protein produced in first parity was associated with
an additional 1.22, 1.20, and 1.22 kg of milk, fat, and
protein, respectively, at maximum yield (Table 2). A
1 percentage unit increase in protein percentage in
first parity was associated with a 1.1 percentage unit
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Table 1. Number of records (n), raw means, and SD for 305-d milk, protein, and fat yield, protein and fat percentage, and SCS for parities 1 to 8

SCS (logy unit)

Fat yield (kg) Protein (%) Fat (%)

Protein yield (kg)

Milk yield (kg)

SD

Mean

n Mean SD Mean SD Mean SD Mean SD Mean SD

Parity

0.32
0.33
0.35
0.38
0.41
0.45
0.47
0.49

4.91
4.85
4.88
4.93
4.98
5.03
5.08
5.14

0.50
0.52
0.52
0.52
0.51
0.51
0.51
0.50

4.12
4.05
4.07
4.06
4.05
4.04
4.03
4.01

0.23
0.24
0.24
0.24
0.23
0.23
0.23
0.22

3.51
3.55
3.57
3.55
3.54
3.52
3.52
3.50

38.9
45.7
49.0
50.3
51.3
514
50.5
51.6

214.9
250.5
271.7
279.7
281.8
279.0
273.7
266.0

— AN <H 0 © - 0
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Table 2. Regression coefficient (SE in parentheses) and the root mean
square error (RMSE) from the regression of milk, fat and protein
yield, fat and protein percentage, and SCS in the parity of maximum
production or highest average composition or SCS on their respective
values in first parity; also included is the correlation between the
independent and dependent variables

Regression
Item coefficient (SE) RMSE Correlation
Milk yield (kg) 1.219 (0.0024)  292.411 0.89
Fat yield (kg) 1.197 (0.0026) 12.076 0.87
Protein yield (kg) 1.219 (0.0026) 9.872 0.87
Fat (%) 0.998 (0.0001) 0.012 1.00
Protein (%) 1.069 (0.0005) 0.022 0.99
SCS (logyo unit) 1.231 (0.0054) 0.131 0.66

increase in protein percentage in the parity with the
highest average protein percentage; the corresponding
value for fat percentage was 1.0 units. A 1-unit increase
in SCS in first parity was associated with a 1.2 unit
increase in SCS in the parity with highest average SCS
(Table 2). The correlation between maximum milk, fat,
and protein yield, protein percentage, and SCS and
their respective first-parity values were 0.89, 0.87, 0.87,
0.99, and 0.66, respectively.

Variance Components

The genetic variance explained by the first eigen-
value of the fitted random regression model was 83.9%,
81.4%, 74.8%, 98.5%, 96.4%, and 87.3% for 305-d milk,
fat, and protein yield, fat and protein percentage, and
SCS, respectively. Heritability estimates for 305-d milk,
fat, and protein yield ranged from 0.31 (eighth parity)
to 0.44 (fourth parity), from 0.28 (eighth parity) to
0.37 (fifth parity), and from 0.30 (eighth parity) to 0.37
(fourth parity), respectively (Figure 1). The heritabil-
ity estimates for fat and protein percentage and SCS
ranged from 0.47 (eighth parity) to 0.63 (first parity),
from 0.62 (eighth parity) to 0.69 (sixth parity), and
from 0.13 (second parity) to 0.23 (eighth parity), re-
spectively (Figure 1). The genetic standard deviation
for 305-d milk, fat, and protein yield was greatest in
fifth parity (Figure 2). The genetic standard deviation
for fat percentage, protein percentage and SCS was
greatest in third, fifth, and eighth parity, respectively
(Figure 2).

The variance of genetic change in milk, fat and pro-
tein yield, protein percentage, and SCS between con-
secutive parities reduced with increasing parity up to
between fourth and fifth parity and increased with each
parity thereafter for all traits, whereas the variance of
genetic change in fat percentage reduced with increas-
ing parity up to between fifth and sixth parity (Figure
3). The variance of genetic change between parities
was greatest between the first and second parity for
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Figure 1. Heritability estimates for 305-d milk yield (kg), fat percentage (%), protein percentage (%), SCS (log;, unit), 305-d fat yield (kg)

Parity

and 305-d protein yield (kg). Standard error bars represent 1 SE above and below the heritability estimate.

all traits. Pairwise genetic correlations between 305-d
milk yield among the different parities varied from 0.67
to 1.00 (Table 3), the strength of the genetic correla-
tions being inversely related to the interval between the
compared parities; this trend of weakening correlations
as the parities compared diverged was also true for fat
and protein percentage (Table 4), SCS (Table 3), and
305-d fat and protein yield (Supplementary Table S2;
https://doi.org/10.6084/m9.figshare.16918498.v2, Wil-
liams, 2021b).

FEigenfunctions. The sign of the eigenfunction of
the genetic covariance matrix associated with the larg-
est eigenvalue (i.e., the intercept term) did not change
across parities for any of the traits investigated (Fig-
ure 4). The eigenfunction associated with the second
eigenvalue accounting for 13%, 15%, and 23% of the
genetic variance for 305-d milk, fat, and protein yield
was moderately curvilinear, with the sign changing in
the second and again in the seventh parity for milk
and fat yield, whereas the sign changed only once, in
seventh parity, for protein yield (Figure 4). The second
eigenvalue accounted for 1.0% and 2.7% of the genetic
variance in fat percentage and protein percentage (Fig-
ure 4); whereas the sign of the second eigenfunction
changed once for fat percentage in seventh parity, the
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sign of the second eigenfunction changed twice for
protein percentage (i.e., in second parity and again in
eighth parity). The second eigenvalue accounted for
9.1% of the genetic variance in SCS and the sign of the
associated eigenfunction changed in eighth parity for
SCS (Figure 4).

Estimated Breeding Values. Differences existed
between cows in the height and shape of the EBV pro-
files across parities for all traits investigated (Figure 5).
Differences in the shape of the EBV profiles per cow for
milk, fat, and protein yield were minimal prior to third
parity; after third parity, the steepness of the decline
or incline in EBV for the yield traits varied greatly
among individual cows (Figure 5). The shape of the
EBV profile for SCS and the steepness of the decline
or incline in EBV for the SCS varied greatly among
individual cows.

The lifetime yield of a cow for each trait was calculat-
ed by summing the yield EBV for each parity up to and
including the sixth parity. To determine if differences in
the trajectory of each trait across parities exist between
cows with similar expected lifetime yield, the 11 cows
with expected lifetime yield closest to the median life-
time yield for each trait were compared. The shape of
the EBV profiles was generally consistent between cows
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up to fifth parity for all traits with differences among
cows evident thereafter (Figure 6).

DISCUSSION

Low milk yield and high SCS are frequently reported
as primary reasons for dairy cow culling (Pinedo et al.,
2010; Kerslake et al., 2018; De Vries and Marcondes,
2020). Identifying and selecting cows that maintain
their maximum milk production as they age or cows
that maintain low SCS with age could therefore re-
duce the pressure to cull prematurely, thus improving
dairy cow longevity. Achieving these improvements in
dairy cow longevity will result in a higher proportion of
cows surviving to older parities (>sixth parity); hence,
understanding the dynamics and trajectories of milk
yield and SCS will become more important. Although
previous studies have investigated the trajectory and
persistency of yield within a lactation (Jakobsen et al.,
2002; Togashi et al., 2008; Cole and Null, 2009), no
study has yet specifically investigated the dynamics of
milk production or SCS across parities. The objective
of the present study was thus to understand the pheno-
typic and genetic dynamics of lactation yields and SCS
across parities in dairy cows and, by doing so, quantify
the potential to alter the trajectory through breeding.

Heifer rearing is a substantial cost to dairy produc-
ers representing 15 to 20% of total production costs
on a dairy farm (Heinrichs, 1993). It has been esti-
mated that the heifer rearing cost is not repaid until
the heifer completes 1.63 lactations, although this is
a function of milk price and input costs (Berry et al.,
2015). Hence, extending cow productive life can have
a favorable impact on reducing farm costs through
a lesser requirement for replacement heifers. A more
mature cow herd can also improve herd revenue; more
mature cows yield more milk per lactation (Berry and
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Parity

Ring, 2020) and produce heavier male calves for sale
(Dunne et al., 2021). Traditionally high replacement
rate was a prerequisite for achieving rapid genetic
gain. This no longer needs to necessarily be true in
light of the advancements in both genomic evaluations
and reproductive technologies as well as improvements
in dairy cow reproductive performance (Berry et al.,
2014; Garcfa-Ruiz et al., 2016). If cow longevity in-
creases, owing to improvements in female reproductive
performance, then proportionally fewer replacements
are actually needed in the first place. Next, with sexed
semen (assuming good conception rates) and low heifer
mortality, most, if not all, replacements could actually
be generated just from maiden heifers. These heifers
should not only be the genetically most elite in the
herd but also the most fertile; if genomically tested,
then the accuracy of their genetic evaluations would
not be that much inferior to their mature counterparts.
Hence, with good cow longevity, genetic gain in a herd
could actually be accelerated; whether this materializes
can be deterministically quantified based on the dam-
to-dam selection pathway outlined by Robertson and
Rendel (1950) populated with respective statistics (i.e.,
selection intensity, accuracy of selection, and genera-
tion interval). Having said this, replacement rate is a
function of both involuntary (e.g., reproductive failure)
and voluntary (e.g., low milk yield, high SCC) culling,
and therefore, the latter needs to be afforded the same
research effort as has been expended on improving (ge-
netic merit for) dairy cow reproductive performance in
the past few decades.

Improving Longevity Through Maintaining
High Milk Production

The mean milk, fat, and protein yield, as well as the
fat and protein percentage per parity reported in the
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Figure 2. Additive genetic standard deviation estimates for 305-d (a) milk yield (kg; primary axis), SCS (log;, units; secondary axis), and
(b) fat yield (kg; primary axis), protein yield (kg; primary axis), fat percentage (%; secondary axis), and protein percentage (%; secondary axis).
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Figure 3. The variance of genetic change between parities for

()

305-d milk yield (kg” primary axis) and SCS (log;, unit* secondary axis)

and (b) 305-d fat yield (kg? primary axis), 305-d protein yield (kg’ primary axis), fat percentage (% secondary axis), and protein percentage

(%7 secondary axis).

present study were similar to average yields reported
elsewhere for Irish pasture-based dairy cows (Cobuci et
al., 2011; Coffey et al., 2016; O’Sullivan et al., 2019).
No previous studies have investigated whether interani-
mal variation exists for the parity in which maximum
milk yield or highest average composition is achieved.
Whereas the majority of cows in the present study

Journal of Dairy Science Vol. 105 No. 4, 2022

reached their maximum milk, fat, and protein yield in
fifth parity, consistent with the mean parity yields pre-
viously reported for dairy cows (Guo et al., 2002; Yang
et al., 2005; Lee and Kim, 2006; Torshizi et al., 2017),
between 7% and 17% of cows reached their maximum
yields in other parities. The proportion of cows that
reached their maximum yields in parities other than
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Table 3. Genetic correlations (SE in parentheses) between 305-d milk yield (kg) in different parities (above diagonal) and SCS (logyy units) in

different parities (below diagonal)

Parity 1 2 3 4 5 6 7 8

1 0.92 (0.003)  0.81 (0.01) 0.74 (0.01) 0.70 (0.01) 0.69 (0.01) 0.69 (0.01) 0.67 (0.02)
2 0.87 (0.01) 0.98 (0.001)  0.94 (0.002)  0.92 (0.003)  0.90 (0.004)  0.87 (0.01) 0.78 (0.01)
3 0.60 (0.02)  0.91 (0.01) 0.99 (0.000)  0.98 (0.001)  0.96 (0.001)  0.92 (0.003)  0.80 (0.01)
4 0.41 (0.03)  0.80 (0.01) 0.97 (0.002) 1.00 (0.000)  0.98 (0.001)  0.94 (0.003)  0.82 (0.01)
5 0.33 (0.04) 073 (0.02) 0.93 (0.01) 0.99 (0.001) 0.99 (0.000)  0.96 (0.002)  0.85 (0.01)
6 0.32 (0.04)  0.69 (0.02) 0.89 (0.01) 0.96 (0.003)  0.99 (0.001) 0.99 (0.001)  0.90 (0.01)
7 0.34 (0.04)  0.66 (0.03) 0.84 (0.01) 0.91 (0.004)  0.95 (0.01) 0.98 (0.001) 0.96 (0.003)
8 0.39 (0.05)  0.64 (0.03) 0.76 (0.02) 0.82 (0.02) 0.87 (0.01) 0.93 (0.01) 0.98 (0.002)

fifth parity highlights the extent of the interanimal
variation that currently exists for the parity in which
individual cows reach maximum yield.

The heritability estimates of milk, fat, and protein
yields in each parity were similar to those previously
reported for individual parities in Swedish Holstein
cows (Carlén et al., 2004) and Uruguayan dairy cows
(Frioni et al., 2017), and across parities in Irish dairy
cows (Cromie et al., 1998; McParland et al., 2015). In
the present study, the eigenfunctions (continuous func-
tions formed by decomposing variance or covariance
matrices; Kirkpatrick and Heckman, 1989) provided
information on how milk production and SCS trajec-
tories across parities could change in response to selec-
tion. Such eigenfunctions for milk yield, composition,
and SCS across lactations have not been previously
reported, although eigenvalues and eigenfunctions of
lactation yields within individual parities have been in-
vestigated previously (Togashi et al., 2008). The major-
ity of the genetic variance in milk, fat, and protein yield
across parities in the present study was attributable to
the model intercept terms, suggesting that the greatest
opportunity exists to alter the height of the profiles,
which could increase yields in all parities equally. The
strong genetic correlations observed between milk, fat,
and protein yield in consecutive parities substantiate
the high proportion of the genetic variance of all yield
traits explained by the model intercept term. These
strong genetic correlations are consistent with the
moderate repeatability of yield traits across parities

in dairy cows (Berry and McCarthy, 2012; Visentin et
al., 2017; Costa et al., 2019). Additionally, the inverse
relationship between the strength of the genetic cor-
relations and the interval between parities compared
agrees with previous studies using random regression
models on milk yield (Zarnecki et al., 1991; Carlén et
al., 2004; Frioni et al., 2017). The sometimes moderate
genetic correlations between the same trait in different
parities imply that the appropriate statistical modeling
is necessary to generate accurate genetic evaluations,
especially when older parity data are included in the
evaluation.

Nevertheless, the EBV profiles of cows highlight the
extent of interanimal differences that exist for the rate
of decline in genetic merit for milk yield and composi-
tion after maximum yield and highest average composi-
tion has been reached. Although it was necessary for
cows to have achieved >5 lactations to identify these
differences, it may be possible to estimate breeding
values for milk yields for cows in earlier parities with-
out the need for phenotypic records. Such estimated
breeding values could enable producers to make breed-
ing decisions for young cows based on predicted yields,
therefore retaining genetically superior cows without
slowing down genetic improvement. Given the sign of
both the second and third eigenfunctions for all yield
(and composition) traits changed across parities, there
is potential to alter the shape of the yield profile, and
therefore the persistency of yield with advancing parity
number. If selection pressure was exerted on the second

Table 4. Genetic correlations (SE in parentheses) between 305-d fat percentage in different parities (above diagonal) and 305-d protein

percentage in different parities (below diagonal)

Parity 1 2 3 4 5 6 7 8

1 0.99 (0.000) 0.98 (0.000) 0.97 (0.001) 0.96 (0.001) 0.95 (0.001) 0.95 (0.001) 0.96 (0.001)
2 0.99 (0.000) 1.00 (0.000) 0.99 (0.000) 0.98 (0.000) 0.98 (0.000) 0.98 (0.001) 0.98 (0.001)
3 0.96 (0.001) 0.99 (0.000) 1.00 (0.000) 1.00 (0.000) 0.99 (0.000) 0.99 (0.000) 0.98 (0.000)
4 0.94 (0.001) 0.98 (0.000) 1.00 (0.000) 1.00 (0.000) 1.00 (0.000) 0.99 (0.000) 0.99 (0.000)
5 0.93 (0.001) 0.98 (0.000) 0.99 (0.000) 1.00 (0.000) 1.00 (0.000) 1.00 (0.000) 0.99 (0.000)
6 0.93 (0.001) 0.97 (0.000) 0.99 (0.000) 1.00 (0.000) .00 (0.000) 1.00 (0.000) 0.99 (0.000)
7 0.93 (0.001) 0.97 (0.001) 0.98 (0.000) 0.99 (0.000) 0 99 (0.000) 1.00 (0.000)

8 0.94 (0.002) 0.96 (0.001) 0.97 (0.001) 0.97 (0.001) 0.97 (0.001) 0.98 (0.001) 0.99 (0.000) 1.00 (0.000)
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eigenfunctions for any of the yield traits, the persis-
tency of production could be improved by increasing
production in parities typically associated with lower
yields and decreasing production in other parities. To-
gashi and Lin (2006) also suggested persistency of milk
production, albeit within lactation, could be improved
by exerting selection pressure on the second eigenfunc-
tion of milk production. Nonetheless, in the present
study, the genetic variation associated with the second
eigenfunction of milk, fat, and protein yield accounted
for just 13%, 15%, and 23% of the genetic variance,
respectively. Therefore, in order to alter the shape of
the milk, fat, and protein yield profiles a greater weight
would need to be imposed on the second eigenfunctions.

(@  —e—largest —m—middle —+—smallest

Improving Longevity Through Retaining
Low SCS in Older Cows

Mastitis is the most frequent and costly disease affect-
ing dairy cows globally (Caraviello et al., 2005; Abebe et
al., 2016) with the genetic correlations between clinical
mastitis and SCS ranging from 0.37 to 0.70 (P6s6 and
Méntysaari, 1996; Kadarmideen and Pryce, 2001); the
large range in the genetic correlations between clinical
mastitis and SCS may be a result of differences in the
accuracy of the diagnosis of the mastitis phenotype.
It is not surprising then that both mastitis and high
SCS are frequently cited as independent reasons for
dairy cow culling (Pinedo et al., 2010; Kerslake et al.,
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Figure 4. Eigenfunctions associated with the largest, middle, and smallest eigenvalues for (a) 305-d milk yield, (b) SCS, (c) fat percentage,

(d) protein percentage, (e) 305-d fat yield, and (f) 305-d protein yield.
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2018; De Vries and Marcondes, 2020); the contribution
to culling policies is expected to grow in the future
given the pressures being imposed on the more prudent
use of antimicrobials in dairy cow production system
(Crispie et al., 2004). The risk of culling due to high
SCS or mastitis is reported to increase as dairy cows
age (Pinedo et al., 2010; Kerslake et al., 2018), with
the risk of culling due to high SCS or mastitis doubling
between first and fifth parity (Kerslake et al., 2018).
This increased risk of culling corresponds with a trend
of increased SCS with each progressing parity reported
in the present study and previously reported trends
of increased SCS and rate of clinical mastitis in aging
cows (Berry et al., 2007; Walsh et al., 2007).
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(=)

-1000

-2000

-3000 -

207 (©

EBV (%)

The heritability of SCS in younger parities (<seventh
parity) were similar to those reported for individual
parities in Swedish Holstein cows (Carlén et al., 2004)
and across parities in both Irish (Berry and McCarthy,
2012) and Italian dairy cows (Costa et al., 2019). The
increased heritability of SCS in older parities has not
been reported previously in dairy cows, as no study has
reported the heritability of SCS in individual parities
above parity 3. Furthermore, the eigenfunctions asso-
ciated with the additive genetic covariance matrix of
SCS across parities have not previously been reported.
Similar to all milk yield and composition traits, the
majority of the genetic variance of SCS (87%) was at-
tributable to the model intercept term suggesting the
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Figure 5. Estimated breeding values for cows with the most extreme (diverse) EBV, when compared with all cows reaching >fifth parity,
for each parity for (a) 305-d milk yield, (b) SCS, (c) fat percentage, (d) protein percentage, (e) 305-d fat yield, and (f) 305-d protein yield.
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Figure 6. Estimated breeding values for cows with median lifetime production values when compared with all cows reaching >fifth parity, in
each parity for (a) 305-d milk yield, (b) SCS, (c) fat percentage, (d) protein percentage, (e) 305-d fat yield, and (f) 305-d protein yield.

greatest opportunity exists to alter (i.e., lower) the
overall height of the SCS profile. The strong genetic
correlations between SCS in consecutive parities sub-
stantiate the high proportion of the genetic variance
of SCS explained by the model intercept term and are
in agreement with the moderate repeatability of SCS
between parities (0.33 to 0.53; Berry and McCarthy,
2012; Costa et al., 2019). The inverse relationship be-
tween the strength of the genetic correlations and the
interval between parities compared is also in agreement
with Carlén et al. (2004), who used random regression
models on SCS, albeit limited to Swedish Holstein cows
in first to third parity.

As the risk of culling due to high SCS increases with
age, the identification of cows with a genetic predisposi-

Journal of Dairy Science Vol. 105 No. 4, 2022

tion for higher SCS in later lactations could be useful
for enacting bespoke management strategies, such as
targeted dry cow therapy for cows with a known predis-
position for high SCS. Such cows, with a genetic predis-
position for higher SCS as they age, could be identified
from their EBV profiles for SCS. Alternatively, dairy
cow longevity could be improved by maintaining low
SCS in older cows, which could be achieved by selecting
cows that have a genetic predisposition to maintain low
SCS even in older parities or by altering the height and
shape of SCS profile; the advantage of this strategy
rather than selection directly on cow longevity is the
greater heritability of SCS implying a more accurate
genetic evaluation for individual cows. The change in
the sign of both the second and third eigenfunctions for
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SCS provides evidence that there is indeed potential to
alter the shape of the SCS profile. If selection pressure
was exerted on the third eigenfunction for SCS, SCS
could be decreased between fifth and eighth parity; se-
lecting for SCS using this eigenfunction could increase
dairy cow longevity by reducing SCS in all older cows
(up to eighth parity) when the risk of culling due to
high SCS is increased. Nevertheless, given that the ge-
netic variation associated with the third eigenfunction
for SCS was limited (4%), in order to alter the shape of
the SCS through selection, a greater weight would have
to be imposed on this eigenfunction.

CONCLUSIONS

By estimating the trajectories of genetic merit for
daughter milk yield and SCS of individual cows, the
present study highlighted the extent of interanimal vari-
ability that currently exists for the height and shape of
the EBV profiles across parities. These EBV profiles
of individual cows have the potential to assist dairy
producers with management decisions, such as cull-
ing based on expected trajectory of future milk yields
(Kelleher et al., 2015) or selective dry cow therapy for
cows expected to have high SCS in the future. Addi-
tionally, the eigenfunctions of the covariance matrices
of milk yield and SCS presented provide a strategy on
how the trajectory of both milk yield and SCS could be
altered to improve dairy cow longevity by reducing the
requirement for culling due to low milk yield and high
SCS, particularly in older parities.
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