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Possibilities in an age of genomics: The future of selection indices1
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ABSTRACT

from cooperating farms. A similar strategy may be
useful in less developed countries. Recording important
new traits on a fraction of cows can quickly benefit the
whole population through genomics.
Key words: breeding program, genetic improvement,
selection index

Selective breeding has been practiced since domestication, but early breeders commonly selected on
appearance (e.g., coat color) rather than performance
traits (e.g., milk yield). A breeding index converts
information about several traits into a single number
used for selection and to predict an animal’s own performance. Calculation of selection indices is straightforward when phenotype and pedigree data are available. Prediction of economic values 3 to 10 yr in the
future, when the offspring of matings planned using
the index will be lactating, is more challenging. The
first USDA selection index included only milk and fat
yield, whereas the latest version of the lifetime net
merit index includes 13 traits and composites (weighted
averages of other additional traits). Selection indices
are revised to reflect improved knowledge of biology,
new sources of data, and changing economic conditions.
Single-trait selection often suffers from antagonistic
correlations with traits not in the selection objective.
Multiple-trait selection avoids those problems at the
cost of less-than-maximal progress for individual traits.
How many and which traits to include is not simple to
determine because traits are not independent. Many
countries use indices that reflect the needs of different producers in different environments. Although the
emphasis placed on trait groups differs, most indices
include yield, fertility, health, and type traits. Addition
of milk composition, feed intake, and other traits is
possible, but they are more costly to collect and many
are not yet directly rewarded in the marketplace, such
as with incentives from milk processing plants. As the
number of traits grows, custom selection indices can
more closely match genotypes to the environments in
which they will perform. Traditional selection required
recording lots of cows across many farms, but genomic
selection favors collecting more detailed information

INTRODUCTION

Breeding indices are important tools in modern dairy
cattle breeding. They provide a way to combine information about many traits into a single number that can
be used to rank animals and make breeding decisions.
The need for such a tool was recognized very early in
the history of modern animal breeding, when Hazel and
Lush (1942) applied the method of Smith (1934) to
the improvement of economically important traits of
livestock. The ideal breeding objective for dairy cattle
remains a popular topic and has been reviewed periodically (e.g., Hazel et al., 1994; Philipsson et al., 1994;
VanRaden, 2004; Miglior et al., 2005; Shook, 2006), but
there is no single selection objective that is best for all
populations or all herds within a population.
Historically, selection indices in the United States
were developed by the USDA and purebred dairy cattle
associations, frequently with input from scientists at
land-grant universities, using data available through
the national milk recording system and breed type
appraisal programs. Proposed indices were typically
reviewed by groups of experts and information about
the derivation of the indices was published in technical and trade publications, ensuring confidence in the
values because of that review process. Recently, genetic
evaluations for novel traits and new selection indices
have been computed and distributed by companies such
as CRV (Arnhem, the Netherlands), Genex (Shawano,
WI), and Zoetis (Parsippany-Troy Hills, NJ). This provides farmers with new tools and may drive demand for
new phenotypes, but transparent review processes may
be lacking. The purpose of this paper is to present a
brief overview of how selection indices are constructed,
describe traits included in current indices, review desirable properties of new traits, discuss traits that may
be included in selection indices in the future, and dem-
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Figure 1. Changes in fat yield for US Holsteins, 1957 to 2015. The black (red) area represents average production in 1957, the light gray
(blue) area shows changes due to improved feeding and management, and the dark gray (green) area shows gains from increased genetic merit.
Color version available online.

onstrate that selection indices are robust to incorrect
assumptions about model parameters.
SELECTION INDICES
Improving Animal Performance

Animal performance is a function of both genetic and
environmental factors and interactions among the two.
Predictions of genetic merit are based on a quantitative model that assumes that traits are controlled by
many genes, each of which has a small effect on the
phenotype (Falconer and MacKay, 1996). This model
has been found to accurately describe many traits of
economic importance in dairy cattle (Cole et al., 2009).
Environmental influences include all sources of phenotypic variation that cannot be attributed to genetics,
such as nutrition, climate, disease exposure, error in
measurement, and other unknown factors. These factors vary from farm to farm and between individual
animals on the same farm and may change over time
(e.g., Windig et al., 2005).
Figure 1 shows the change in fat yield for US Holsteins between 1957 and 2015. Production in 1957 is
used as a baseline, and gains over time were found to be
evenly divided between increased genetic potential and
improvements in feeding and management. Gains in
genetics and management each represent 28% of 2015
production, whereas the 1957 base represents 44% of
current yield. The proportion of gains from improved
genetics versus improved environment differs from trait
Journal of Dairy Science Vol. 101 No. Sym, 2018

to trait and is a function of the heritability of a trait.
Fat yield has a heritability of 20% (VanRaden, 2017),
whereas daughter pregnancy rate has a heritability of
only 4% (VanRaden et al., 2004). When the proportion
of variance in a trait due to genetics is low, it is often
easier to make gains by improving the environment in
which the cow is performing, and gains from genetic
improvement may not be visible to producers for a long
time.
Construction of Selection Indices

The following discussion focuses on the simplest formulation of a selection index; greater detail, including
derivations, may be found in the literature (e.g., Lin,
1978; Cameron, 1997). When using a selection index,
the goal is to improve one or more traits, referred to as
the selection objective, by ranking and choosing mates
using a combination of one or more traits, known as
the selection criterion. In modern breeding programs,
the selection objective is typically a measure of lifetime
profitability, whereas the selection criterion usually
comprises traits that are included in national milk recording programs. In the mathematical terms of Hazel
and Lush (1942), an index including m terms in the
selection criterion for an animal takes the form
I = b1X1 + b2X2 + … + bmXm,
where I is the selection criterion, bi is the emphasis
placed on the ith trait, and Xi is the animal’s pheno-
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type for the ith trait in the index. Index weights are calculated as a function of (co)variances among the traits
in the objective and the criterion and the economic
weights of the individual traits:
b = P−1Ga,
where b is a vector of index weights, P is the phenotypic (co)variance matrix for the traits in the selection
criterion, G is a matrix of genetic (co)variances among
the traits in the criterion and the objective, and a is a
vector of economic weights associated with the traits in
the criterion. If all of the parameters used to compute
the index are correct, then it is the most efficient way
of improving all of the traits in the selection objective.
However, in modern breeding programs, mixed model
equations include P and G to first obtain multitrait
evaluations (û), and those are combined directly by
their economic values as a`û.
When the traits in the selection criterion and selection objective differ, as is often the case, an additional
calculation is necessary to determine the correlated
response to selection of the traits in the objective in response to selection on the traits in the criterion. This is
a straightforward extension of the well-known breeder’s
equation (Cameron, 1997)
∆g j =

b'G j
b'Pb

,

where ∆gj is the correlated response of trait j in the
selection objective in response to selection on the selection criterion, and Gj is the correlation between trait j
and the traits in the selection criterion. This equation
shows that the correlated response is a function of the
genetic correlations among the traits in the objective
and the criterion and the index weights.
The literature on selection index methodology is
quite extensive, and many special cases can be accommodated. For example, one trait can be held at a constant level while others are changed (Kempthorne and
Nordskog, 1959), economic value can have nonlinear
relationships with the traits in the index (Goddard,
1983), selection can proceed in stages where objectives
change over time (Cunningham, 1975), and quota systems can drive the economic value of yield traits (Gibson, 1989). Selection index methodology also has been
used to determine rates of genetic and economic gain
under genomic selection programs in a deterministic
fashion (Dekkers, 2007; König et al., 2009). Readers are
directed to more comprehensive works on selection index methodology for additional details (e.g., Van Vleck,
1993; Weller, 1994; Cameron, 1997).

3

Contribution of Genomic Information

Genomic selection allows breeders to make decisions
more quickly by using dense DNA marker information to compute high-reliability predictions of genetic
merit early in an animal’s life (Nejati-Javaremi et al.,
1997; Meuwissen et al., 2001). From the perspective of
the breeding objective, the principal effect of genomic
selection is on the reliabilities of the breeding values
used in the index (VanRaden et al., 2009), but the
technology provides several other advantages, including
lower costs of proving bulls (Schaeffer, 2006), greater
rates of genetic gain from shorter generation intervals
(García-Ruiz et al., 2016), detection of previously
unknown genetic disorders (VanRaden et al., 2011),
and identification of genes that influence economically
important traits (Cole et al., 2011). A trait with a low
heritability, such as daughter pregnancy rate (h2 =
0.04), requires more daughter phenotypes to produce a
breeding value with the same reliability as a trait with
higher heritability, such as fat yield (h2 = 0.30), and
genotypes provide more information for low-heritability
traits. Pedigree information alone is equivalent to approximately 7 daughter records, whereas a genotype
is worth 34 daughter records for fat or 131 daughter
records for daughter pregnancy rate. Genomics allows
us to publish useable evaluations much sooner than in
the past and make more profitable management decisions on the farm (e.g., Pryce and Hayes, 2012; Van
Eenennaam et al., 2014).
Selection for Many Traits

The number of traits included in a typical selection
criterion has grown over time, from 1 or 2 yield traits
to many nonyield traits, including fertility, health, and
fitness traits. This allows farmers to make use of more
information than in the past and takes advantage of
correlations among traits (important traits rarely have
correlations of 0 with other important traits). Many
traits may have direct economic value; for example, milk
plants often pay premiums for low SCS in addition to
payments for high protein and fat components. Traits
can also have indirect value; for example, SCS can predict mastitis losses if mastitis is not recorded directly.
Substantial losses can occur when indirect values are
ignored—for example, the well-documented negative
correlation of fertility with milk yield (Figure 2; Lucy,
2001). Balanced selection improves traits according to
their economic values, and selection indices should be
periodically updated to include new traits and reflect
changing economic conditions as well as changing genetic parameters between and among traits. However,
as traits are added to an index it becomes increasingly
Journal of Dairy Science Vol. 101 No. Sym, 2018
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Figure 2. Changes in daughter pregnancy rate (DPR) for US Holsteins, 1957 to 2015. The black (red) area represents average production
in 1957, the light gray (blue) area shows changes due to improved feeding and management, and the dark gray (green) area shows gains from
increased genetic merit. Color version available online.

difficult to predict a priori whether the new index will
have greater or reduced response compared with the
index with fewer traits (Sivanadian and Smith, 1997).
Derivation of Economic Values

The vector of economic values (a) included in the
calculation of index weights is used to assign values
to traits based on their importance to the selection
objective. Two general approaches may be used to
derive those weights. The first, which might be called
the empirical approach, uses data from scientific studies and field reports to quantify incomes and expenses
associated with the traits in the selection objective
and criterion. The goal of this approach is to allow
the best available economic information to drive the
formulation of the index, and it is used in the calculation of the USDA’s Lifetime Net Merit Index (NM$)
and some breed-specific indices, such as the American
Jersey Cattle Association’s (2017) Jersey Performance
Index. The second, which might be called the subjective approach, has been used to construct indices such
as Holstein Association USA Inc.’s (2017) Total Performance Index (TPI), assigns values to traits based on
the cow that breeders would like to see in the future.
Those targets for breed improvement are developed
by groups of breeders and experts and are driven by
both quantitative and qualitative factors. Quantitative
factors include incomes and expenses associated with
costs of raising animals and the value of products sold,
whereas qualitative factors include such things as the
Journal of Dairy Science Vol. 101 No. Sym, 2018

desirable conformation for cows of a particular breed.
Direct economic values for some traits, most notably
conformation traits, often are difficult to calculate but
may be very important to farmers who breed and own
registered cattle. Both approaches to placing values on
individual traits produce broadly similar results (2010
NM$ and TPI had a correlation of 0.88), but the differences between the indices reflect important economic
factors affecting the users. Customized indices at the
farm level were first delivered by McGilliard and Clay
(1983) and proposed in Australia (Bowman et al., 1996)
but were not widely used in the United States. As herds
continue to grow larger, managers may have an incentive to customize their own indices (Dickrell, 2017).
Subindices

One way to make indices easier to understand is to
construct them from a series of subindices. For example, NM$ includes 3 type composites that combine
information from several traits, and the calving ability
dollars (CA$) subindex combines sire and daughter
calving ease and sire and daughter stillbirth into a
single quantity. All the breeder will see when the index
is revised are the changes in emphasis on each of the
subindices rather than changes to each of the individual
traits (Figure 3). Farmers need to understand only the
function of each subindex instead of dozens of traits.
The Ideal Commercial Cow Index (ICC$; Genex,
2006) is constructed in this way: ICC$ is the sum of the
production efficiency (PREF$), health (HLTH$), fertil-
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Figure 3. An example of lifetime net merit (NM$) constructed from production (PROD$), longevity (LONG$), fertility (FERT$), conformation (TYPE$), and calving ability (CA$) subindices. Panel (a) shows April 2017 NM$, whereas panel (b) shows a hypothetical revision to NM$
that includes a new health subindex (HEALTH$) and additional traits in some subindices. Color version available online.

ity and fitness (FYFT$), milking ability (MABL$), and
calving ability (CABL$) subindices. The advantages of
this approach are small when indices contain only a few
traits but increase rapidly as the number of traits included grows. Composite traits have a similar purpose
but often are unitless instead of having monetary value.
The Irish EBI Index (ICBF, 2017) comprises 7 subindices: milk production, fertility, calving performance,
beef carcass, cow maintenance, cow management, and
health. The calving performance subindex receives 10%
of the total emphasis and includes PTA for direct and
maternal dystocia, gestation length, and stillbirth. The
health subindex, with 4% of the emphasis, includes
direct (clinical mastitis) and indirect (SCC) measures
of udder health as well as lameness. These examples
demonstrate the use of direct (e.g., dystocia, clinical
mastitis) traits in combination with indirect (e.g., gestation length, SCC) indirect (indicator) traits.
PHENOTYPES IN SELECTION INDICES
What Traits Are Included in Current
Selection Indices?

The traits included in USDA selection indices over
time, and weights placed on each, are shown in Table
1. The first USDA index, Predicted Difference Dollars
(PD$), included only milk and fat yield in the selection criterion, whereas the 2017 revision of NM$ (Van-

Raden, 2017) includes information about 33 different
traits when subindices are considered. Selection indices
differ within and across countries because economic
conditions, traits recorded, and breeds used are not
the same everywhere. Figure 4 shows traits included
in total merit indices from 15 different countries. Trait
definitions may differ slightly from one country to another, but common trait groups include yield (e.g., milk
volume, fat and protein yield), longevity (e.g., productive life), fertility (e.g., nonreturn rate, days open), udder health (e.g., SCS, clinical mastitis), calving traits
(e.g., dystocia, stillbirth), milking traits (e.g., milking
speed), and conformation (e.g., udder conformation,
feet and leg score). Although some broad similarities
exist among indices—most include direct emphasis
on protein yield—no two are the same, even within
a country. For example, NM$ includes more emphasis
on longevity and less on conformation than TPI. Some
countries were more far-sighted than others and added
health traits to their selection programs decades ago,
providing them with a head start over other countries
(e.g., Philipsson and Lindhe, 2003).
What Traits Should Be Included in Future
Selection Indices?

New traits are added to selection indices for many
reasons. Production economics change over time, such
Journal of Dairy Science Vol. 101 No. Sym, 2018
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Table 1. Traits included in USDA selection indices and the relative emphasis placed on each, 1971 to 2017
Relative emphasis on traits2 (%)
Trait1
Milk
Fat
Protein
PL
SCS
UC
FLC
BWC
DPR
SCE
DCE
CA$
HCR
CCR
LIV

PD$,
1971

MFP$,
1976

CY$,
1984

NM$,
1994

NM$,
2000

NM$,
2003

NM$,
2006

NM$,
2010

NM$,
2014

NM$,
2017

52
48

27
46
27

−2
45
53

6
25
43
20
−6

5
21
36
14
−9
7
4
−4

0
22
33
11
−9
7
4
−3
7
−2
−2

0
23
23
17
−9
6
3
−4
9

0
19
16
22
−10
7
4
−6
11

−1
22
20
19
−7
8
3
−5
7

−1
24
18
13
−7
7
3
−6
7

6

5

5
1
2

5
1
2
7

1
PL = productive life; UC = udder composite; FLC = foot and leg composite; BWC = BW composite; DPR = daughter pregnancy rate; SCE
= sire calving ease; DCE = daughter calving ease; CA$ = calving ability dollars; HCR = heifer conception rate; CCR = cow conception rate;
LIV = cow livability.
2
PD$ = predicted difference dollars; MFP$ = milk, fat, and protein dollars; CY$ = cheese yield dollars; NM$ = net merit dollars.

Figure 4. Traits included in 21 total merit indices of the United States and 16 other countries. Data were collected from genetic evaluation
centers and purebred cattle associations for Australia (ADHIS, 2014); Canada (CDN, 2017); Denmark, Finland, and Sweden (NAV, 2017);
France (Genes Diffusion, 2014); Germany (VIT, 2017); Great Britain (AHDB Dairy, 2017); Ireland (ICBF, 2017); Israel (SION, 2015); Italy
(ANAFI, 2016); Japan (Holstein Cattle Association of Japan, 2010); New Zealand (DairyNZ, 2017); Spain (CONAFE, 2016); Switzerland
(Holstein Association of Switzerland, 2013); the Netherlands (CRV, 2017); and the United States (Holstein Association USA Inc., 2017;
VanRaden, 2017). Index abbreviations are HWI = health weighted index; TWI = type weighted index; BPI = balanced performance index; LPI
= lifetime profit index; NTM = Nordic total merit; GDM = genes diffusion merit; RZG = Relativ Zuchtwert Gesamt (total merit index); £PLI
= profitable lifetime index; EBI = economic breeding index; PD11 = Israeli 2011 breeding index; PFT = production, functionality, and type
index; NTP = Nippon total profit; BW = breeding worth; ICO = Índice de Mérito Genético Total (total genetic merit index); ISEL = Index de
Sélection Totale (total selection index); NVI = Netherlands cattle improvement index; TPI = total performance index; GM$ = grazing merit;
FM$ = fluid merit; CM$ = cheese merit; NM$ = net merit. Color version available online.
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as the introduction of incentive payments for milk
quality or the elimination of quota systems, with a
corresponding need for adjustments to selection objectives. Our understanding of biology improves over time,
which can lead to the adoption of new traits (e.g., Shook
and Schutz, 1994). Technology also evolves, permitting
the collection of information that was previously impossible or prohibitively expensive to record (e.g., De
Marchi et al., 2014). The widespread adoption of genomic selection is complementary to those technologies
because new traits can be predicted on all genotyped
animals without the need to collect progeny records,
and phenotyping costs are shared among millions of
animals. The following discussion will briefly consider
some traits that are of growing interest to dairy farmers. Recent comprehensive discussions of new traits and
phenotyping strategies are provided by Boichard and
Brochard (2012), Egger-Danner et al. (2015), Gengler
et al. (2016), and (Pryce et al., 2016).
Health and Fitness. Some countries have included
health traits in their selection indices for decades (Miglior et al., 2005; Heringstad and Østerås, 2013), but
many have not, and there is growing interest in the use
of genetic selection to improve cow health and welfare
(Pryce et al., 2016). There also is increasing pressure
from consumers and regulatory agencies to reduce the
use of drugs and increase the perceived welfare of food
animals (Jensen, 2016; Saitone and Sexton, 2017). Sick
cows are less profitable than healthy cows due to lower
production, decreased fertility, and increased labor and
veterinary costs. They are also more likely to die on the
farm, which results in lost revenue from beef sales and
incurs disposal costs that can be evaluated separately
(Wright and VanRaden et al., 2016).
Several studies have shown that producer-recorded
health events from on-farm computer systems are a rich
source of data for genetic improvement (Zwald et al.,
2004; Parker Gaddis et al., 2012; Wenz and Giebel,
2012), and genomic information produces evaluations
with sufficient reliability for routine use (Parker Gaddis et al., 2014). Direct measures of cow health have
recently been added to some dairy improvement programs (Fuerst et al., 2011; Beavers and VanDoormal,
2016; Vukasinovic et al., 2017), and others are planning
to introduce evaluations soon (Parker Gaddis et al.,
2017b). Breeding values for direct measures of immune
function also have been proposed to improve overall
animal health (Thompson-Crispi et al., 2012). Although
heritabilities of these traits are generally low, the aggregate value of the traits may be large if treatment costs
related to health and disease are high. However, the
losses from reduced yield, fertility, and longevity are
already directly accounted for by those traits.

7

Feed Intake. Feed costs represent the largest single
cost of milk production (e.g., Laughton, 2016), so increases in the efficiency with which the dairy converts
feed into milk and milk solids represents a large potential economic gain to the producer. At the same level of
production, a small cow is more efficient than a large
cow, and NM$ and New Zealand’s Breeding Worth Index (Livestock Improvement International, 2017) both
place negative weight on body size as a proxy for efficiency. Residual feed intake (RFI), the difference in
actual intake and intake predicted based on body size
and level of production (e.g., Koch et al., 1963; Crews,
2005; Connor, 2015), has been proposed as a selection
criterion in both dairy and beef cattle. However, RFI
requires the collection of actual feed intake and BW
data, which requires that farms install special equipment, making it an expensive phenotype to collect.
Genomic selection has reduced the cost of developing genetic evaluations for RFI because phenotypes
can be collected for a relatively small group of animals
and phenotypes predicted for all animals (Calus et al.,
2013). Recently, genetic evaluations were introduced in
the Netherlands for feed intake and in Australia for
feed saved, which combines genomic predictions of RFI
with BW (Pryce et al., 2015). Preliminary genomic
evaluations of feed saved also are available for US Holsteins, although reliabilities were lower than expected
(VanRaden et al., 2017). Even modest rates of genetic
improvement for a trait with a large economic value
result in substantial cumulative gains over time. There
may be additional benefits associated with RFI because
efficient cows also emit fewer greenhouse gases, notably
methane (Hegarty et al., 2007). However, long-term
strategies with a focus on data consolidation across
countries, such as the Efficient Dairy Genome Project
(De Pauw, 2017) and the global Dry Matter Initiative
project (de Haas et al., 2014), are needed to ensure
the continued production of new RFI phenotypes to
support continuing genetic evaluations.
Fertility. The downward genetic trend in fertility experienced by the Holstein breed has stopped, and days
open are now decreasing (fertility is improving) for US
cattle (García-Ruiz et al., 2016). Genomic evaluation
has been used to increase the accuracy of genetic evaluations of fertility as well as identify genomic regions
associated with variation in days open and pregnancy
rate (Ortega et al., 2016; Parker Gaddis et al., 2016).
Fertility continues to be of great economic importance
to dairy farmers, and there is a need for more precise
measures of fertility as well as phenotypes that relate
to new reproductive practices on dairies. Hutchison et
al. (2017) recently showed that a decrease in age at first
calving for US Brown Swiss, Holstein, and Jersey cattle
Journal of Dairy Science Vol. 101 No. Sym, 2018
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would result in greater lifetime production of actual
milk, fat, and protein, although stillbirth rates need
to be carefully monitored. Progesterone levels may be
used to define new fertility traits that more accurately
reflect the physiological status of the cow (Sorg et al.,
2017). Several recent studies have documented genetic
variability in response to superovulation and embryo
transfer protocols (Jaton et al., 2016; Parker Gaddis et
al., 2017), which are becoming more common, particularly for matings among elite animals. Greater diversity
in measures of reproductive performance will help farmers ensure that they can get cows pregnant when they
would like, using a variety of available technologies.
Genetic Diversity. Although not a trait per se,
genetic diversity remains of concern to animal breeders
(Howard et al., 2017). Proper use of mating programs
(e.g., Pryce et al., 2012; Clark et al., 2013; Sun et al.,
2013) can prevent many immediate problems resulting from excessive inbreeding, and other strategies can
be used in combination with mating strategies. The
United States is the only country that adjusts its genetic evaluations to account for the effects of inbreeding depression on PTA (VanRaden, 2005), but other
countries may implement similar adjustments if rates
of inbreeding continue to increase rapidly. Maps of recombination sites in the bovine genome have recently
become available (Weng et al., 2014; Ma et al., 2015),
and simulation suggests that standing genetic variation
can be manipulated by selecting for increased recombination rates (Gonen et al., 2017). However, structural
changes in the dairy industry leading to an embryobased system of nucleus and multiplier herds may occur
before selection on recombination rates is adopted.
Milk Composition. Milk is an important source of
nutrients in human diets (Pereira, 2014), and it may be
possible to produce milk with fatty acid profiles and
protein composition that improve health. However,
detailed analyses of milk composition are expensive
and time consuming, limiting the potential number of
observations available for evaluation. As in the case
of RFI, genomic selection appears to offer a partial
solution to the phenotype problem, and recent research
suggests that mid-infrared (MIR) spectral analysis of
milk samples can provide low-cost, large-scale predictions of these phenotypes (e.g., Soyeurt et al., 2006; De
Marchi et al., 2009). Manufacturing properties, such
as coagulation time and curd firmness in cheeses, also
can be assessed using MIR (De Marchi et al., 2014),
enabling selection for those traits. There is growing interest in milk that is positively associated with human
health (e.g., Pereira, 2014), such as having a desirable
fatty acid profile, and consumers are willing to pay
higher prices for organic or “natural” foods (McFadden
and Huffman, 2017). However, unlike health and RFI,
Journal of Dairy Science Vol. 101 No. Sym, 2018

there will be clear economic incentives for dairy farmers
to select for altered milk composition or manufacturing
properties only when milk processors, not just consumers, pay premiums for those traits.
Omics Data. In addition to the direct and indirect
measurements of animal performance discussed above,
there is a growing body of data collected from studies of functional biology (e.g., Andersson et al., 2015;
Suravajhala et al., 2016). Information about what
genes are expressed in specific tissues at various stages
of development, detailed knowledge of protein structure
(including posttranscriptional changes), methylation
status, and interactions with regulatory elements may
support better predictions of phenotypic performance.
Improved reference genomes with better functional annotation are needed to make full use of the growing
pool of “omics” data available to dairy cattle geneticists.
Although the cost of collecting these data is likely to
decrease rapidly over the next 50 yr, they will probably
be more useful as indirect predictors than as targets
for direct selection unless they provide strong evidence
against the infinitesimal alleles model that has proven
to be robust in the face of genomic information (Cole
et al., 2009).
Other Traits. Several additional traits may be adopted for individual breeding programs. Ravagnolo and
Misztal (2000) showed that there is sufficient variation
in heat tolerance among bulls’ daughters to support genetic evaluations, and Australia has recently launched
genetic evaluations for heat tolerance of dairy cattle
(Nguyen et al., 2017). The SLICK locus also confers
greater resistance to heat stress (Olson et al., 2003;
Dikmen et al., 2014) and could be introgressed into
dairy breeds using suitable mating strategies (Cole,
2015). Similar approaches also can be used to increase
the frequency of polled cattle as a means of improving animal welfare (Thompson et al., 2017), although
progress might be faster if gene editing is used to create
polled bulls with high genetic merit (Carlson et al.,
2016). Geographical ranges of livestock pests are being
altered by climate change (Bett et al., 2017), which
could produce demand for new traits that have not previously been included in US selection programs, such as
tick resistance (e.g., Reis et al., 2017).
Phenotyping Schemes

The traditional data collection strategy used in most
milk recording programs, which historically have been
the source of phenotypes used for national genetic
evaluations, has focused on the collection of records
from many farms. Low-intensity phenotyping—few
observations collected per cow—is common, and data
recording costs generally are low. As of January 2017,
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there were 9,349,000 dairy cows in the United States,
4,402,309 of which (47%) were enrolled in a milk recording plan (Council on Dairy Cattle Breeding, 2017a;
National Agricultural Statistics Service, 2017). This has
been a very successful model of data collection since the
late 19th century (Grosu et al., 2013), but it does have
some limitations, particularly when traits are expensive
to measure.
The costs of collecting some phenotypes, such as feed
intake and greenhouse gas emissions, are high and special equipment is required. Most farmers are unlikely to
make such investments when there is no clear way to
realize a return on that investment. In such cases, intensive phenotyping on a limited number of farms that
are paid for their data is an attractive model because
it produces a new revenue stream that can offset the
cost of collecting the data. However, those data will be
limited in number, and direct observations may need to
be combined with indirect phenotypes (e.g., MIR-based
predictions) to produce breeding values with useable
reliability (Boichard and Brochard, 2012). This general
model of high-intensity data collection on a limited
number of farms may also be useful in developing countries that do not already have milk recording systems
in place.
Many new on-farm systems support the low-cost
measurement of many animal characteristics. Such
intensive phenotyping has been common in plants for
many years (e.g., Fahlgren et al., 2015; Humplík et al.,
2015) but is only now feasible in livestock production
systems (Bewley et al., 2015; Egger-Danner et al., 2015;
Norton and Berckmans, 2017). Several automated data
collection technologies are available on the modern dairy
farm, including automated milking and robotic milking
systems, automated scales, pedometers, feed and water
intake monitors, estrus detection systems, rumen boluses, rumination sensors, computerized body condition
scoring systems, and automated weather stations. Such
low-cost, high-volume data may be combined with correlated high-cost, low-volume phenotypes to increase
the accuracy of genetic evaluations for traits that are
expensive or difficult to measure. These systems offer
the promise of improved tools for on-farm management
decision making but present many challenges with respect to data standardization, sensor calibration, and
siloing within proprietary systems.
Desirable Properties of New Traits

It is tempting to record all possible information now
and decide what to do with it later. This is particularly true if the cost of collecting observations is low.
However, two principles should be considered when
evaluating new phenotypes for inclusion in a breeding
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program. The first is that new traits should add new
information—that is, they should have low phenotypic
and genetic correlations with traits already included in
the selection objective. When those correlations among
existing and new traits are high, observations for new
traits provide little additional information. Low correlations of old with new traits indicate that the new phenotypes are providing information not available from
existing traits. An exception to this guideline would be
the case of a new way to cheaply measure something
that previously was expensive to measure.
The second, perhaps more important, consideration
is that new traits have value to farmers. It usually costs
producers time and money to record new information
about their cows, so it is important that there are benefits to both farmers and geneticists. The overall value
is a function of the cost of measurement versus the
value to the farmer. For example, test-day milk recording is inexpensive, and the value to the farmer is high
because of the value of milk components. Similarly, the
cost of recording feed intake is high but potentially has
a lot of value because feed is expensive. In contrast,
conformation information is relatively inexpensive to
collect but is of little direct value to most commercial
farmers. Other phenotypes, such as detailed milk fatty
acid composition, are expensive to collect and are of no
direct value to the farmer because there currently are
no associated financial incentives.
New traits may require substantial changes to data
processing systems, including on-farm software. Most
of the phenotypes currently collected through national
milk recording programs are of low dimensionality, with
a close correspondence between the measurement (e.g.,
test-day milk yield) and the phenotype (e.g., lactation
milk production). The cost of data recording is low,
and the data are easy to store and transmit, but there
are growing problems with data stored in proprietary
systems that cannot be easily extracted for collation
with other data. New traits are often of higher dimensionality: feed intake data include daily observations
collected over several weeks, and MIR observations
include 1,060 points per milk sample analyzed. More
resources are needed to transmit, store, and analyze
those data, and costs of data collection vary widely.
In cases such as pedometer (activity) and MIR data, a
disconnect can exist between the raw data and the trait
measured by those data.
Sources and Validation of Genetic Evaluations

The credibility of a genetic evaluation depends
on several factors, including the use of appropriate
methodology, the collection of high-quality data from
representative populations, and clear descriptions of
Journal of Dairy Science Vol. 101 No. Sym, 2018
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procedures used in the evaluation. In the United States,
evaluations were calculated by the USDA (Beltsville,
MD), which had no commercial interest in the animals
being evaluated, and are now computed by the Council
on Dairy Cattle Breeding (Bowie, MD), which represents all segments of the national dairy cattle industry.
Proprietary genetic evaluations also are available from
several companies, some of which are not currently
available from the Council on Dairy Cattle Breeding. It
is reasonable that companies with the resources to develop their own evaluations or license them from other
countries would use that approach to differentiate their
portfolio of bulls from those of their competitors. However, there is considerable variation in the degree to
which these products meet the criteria discussed above,
and no single organization is tasked with the validation
of genetic evaluations. If a company wishes to operate
as a dairy records processing center, it must comply
with quality certification guidelines (Council on Dairy
Cattle Breeding, 2016), such as the ability to process a
set of test data and produce a known result. There are
no such standards for computing genetic evaluations,
which places on the dairy farmer the burden of evaluating the credibility of new products. If those products
fail to deliver the promised results, confidence in genetic improvement programs may be undermined. An
industry-operated quality certification program that
verifies that basic calculations are carried out correctly
and requires clear, accurate documentation of evaluation procedures could help ensure that farmers have
access to new tools that they can use with confidence.
SENSITIVITY ANALYSIS

The 2010 version of NM$ (Cole and VanRaden, 2009)
was derived from more than 160 numbers, including
heritabilities, genetic and phenotypic correlations, trait
means and standard deviations, milk and component
prices, and replacement, feed, and health costs. There
is some degree of uncertainty associated with each of
these estimates, which theoretically could reduce the
efficiency of the index. Methodology for deriving parameters while accounting for uncertainty in those estimates has been proposed (Amer and Hofer, 1994) but
has not been widely adopted. Weller (1994) concluded,

based on a review of the available literature, that small
errors in economic values will have “insignificant” effects on the resulting selection indices. This conclusion
is supported by other reports (e.g., Conington et al.,
2001; Pedersen et al., 2008), but Smith (1983) showed
that errors that change the direction of selection for an
important trait can greatly reduce the efficiency of the
index. The robustness of NM$ to errors in economic
parameters is unknown.
The 2010 NM$ revision (Cole and VanRaden, 2009)
assumed a base price of $14.93/cwt (~45 kg) for milk
containing 3.5% fat, 3% true protein, and 350,000 somatic cells/mL before deducting hauling and promotion charges, which was derived by averaging actual
prices of milk processed for cheese (class III) for 2006
to 2009 (University of Wisconsin Dairy Marketing and
Risk Management Program, 2017) and projected class
III prices for 2010 to 2014 (FAPRI, 2009). To determine
the effect of faulty assumptions on the index weights,
the 2010 NM$ was recomputed using actual class III
prices for 2006 to 2014 (Table 2; Figure 5). Actual milk
and fat prices were somewhat higher than predicted,
and protein prices were slightly lower (Table 2). The
Fortran 90 program (merit.f90) used to compute index
weights was updated to include the actual milk, fat,
and protein prices paid to farmers, and new weights
and rates of genetic gain were computed. All other
parameters were unchanged from the original 2009
calculations.
Index weights based on the predicted and actual prices, as well as the rate of PTA change per year for each,
are shown in Table 3. In the 2010 index, milk and fat
were undervalued and protein was overvalued. When
actual prices were used, index weight was redistributed
among the yield traits. Emphasis on milk increased
from 0 to 8 points, fat decreased slightly from 19 to 18,
and protein decreased from 16 to 13. There also was a
1-point decrease in productive life (from 22 to 21) that
is likely attributable to rounding. Overall emphasis on
other traits in the index was unchanged, but there were
small changes in rates of PTA change due to correlated
selection response. Although the changes in weights for
milk and protein appear to be fairly large, they resulted
in differences in annual PTA change of only 1, 0.44, and
0.03 kg for milk, fat, and protein, respectively. A priori,

Table 2. Projected and actual class III milk, fat, and protein prices, 2006 to 2014
Milk

Fat

Protein

Item

$/cwt

$/kg

$/lb

$/kg

$/lb

$/kg

Projected class III price
Actual class III price
Difference

14.36
15.73
1.37

0.065
0.071
0.006

1.63
1.67
0.04

0.74
0.76
0.02

1.94
1.79
−0.15

0.88
0.81
0.07
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Figure 5. Historical, actual, and predicted class III milk prices, 2006 to 2014. Color version available online.

larger changes in annual rates of change might be expected because the overall weight on production shifted
from 35 to 38%, but extra feed and health care costs
also were undervalued using predicted versus actual
values by $0.01, $0.12, and $0.13/kg for milk, fat, and
protein, respectively. In this case, the use of somewhat
inaccurate weights does not appear to have resulted in
major changes in selection response.
Predictions for the Next 50 Yr

Response to Selection for Net Merit. Each net
merit revision forecasts breeding value progress for the
next 10 yr; those were multiplied by 5 to obtain the
50-yr responses in Table 4. Selection using the 2017

net merit formula forecasts genetic gains of 155 kg
of protein and 241 kg of fat compared with current
phenotypic averages of 374 kg of protein and 457 kg
of fat for Holsteins born in 2010 (base cows). If these
genetic increases of 41% for protein and 53% for fat are
accompanied by similar gains in management, yields
will double again, but with only a 34% increase for milk
volume because the index does not reward water production. For binomial traits such as LIV or conception
rate, linear extrapolation may forecast values above or
below the trait limits of 0 to 100%, whereas actually the
genetic variance will go to 0 as a trait mean approaches
its limit. Extrapolation should instead use evaluations
on an underlying, normal scale to stay within limits,
but economic values are linear on the observed scale.

Table 3. Index weights and PTA change per year based on 2010 predicted1 and later actual class III milk, fat,
and protein prices
Index weights
Trait2
Milk (kg)
Fat (kg)
Protein (kg)
PL (mo)
SCS (log2)
UC
FLC
BWC
DPR (%)
CA$

PTA change/yr

Predicted

Actual

Difference

Predicted

Actual

Difference

0
19
16
22
−10
7
4
−6
11
5

8
18
13
21
−10
7
4
−6
11
5

−8
1
3
1
0
0
0
0
0
0

31
1.72
0.95
0.5
−0.02
0.04
0.04
−0.05
0.17
1.5

30
1.28
0.93
0.4
−0.02
0.03
0.03
−0.05
0.10
2.0

1
0.44
0.03
0.10
0.0
0.01
0.01
0.00
0.07
−0.5

1

Source: Cole and VanRaden (2009).
PL = productive life; UC = udder composite; FLC = foot and leg composite; BWC = BW composite; DPR
= daughter pregnancy rate; CA$ = calving ability dollars.
2
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Table 4. Forecast genetic progress for 50 yr of selection on 2017 net merit
Trait1

2010 Base

Genetic progress

Base + genetic progress

Progress/base (%)

Milk (kg)
Fat (kg)
Protein (kg)
PL (mo)
SCS (log2)
UC
FLC
BWC
DPR (%)
CA$
HCR (%)
CCR (%)
LIV (%)

12,270
457
374
25.6
2.37
0
0
0
28.5
0
57.2
35.1
84.8

4,231
241
155
65.0
−2.10
2.65
1.25
−6.75
26.0
360
20.5
42.0
37.0

16,501
698
529
91
0.27
2.65
1.25
−6.75
54.5
360
77.7
77.1
121.8

34
53
41
254
—
—
—
—
91
—
36
120
44

1
PL = productive life; UC = udder composite; FLC = foot and leg composite; BWC = BW composite; DPR
= daughter pregnancy rate; CA$ = calving ability; HCR = heifer conception rate; CCR = cow conception
rate; LIV = cow livability.

The very large gain for productive life implies that if
a future cow with extremely good production, fertility,
SCS, conformation, and calving ability was available
today, the owner would keep that cow in the herd for an
additional 65 mo. The phenotypic mean productive life
will increase much less because 50 yr from now those
cows will be average cows and will likely be replaced
after a few lactations by younger, genetically better
cows. Finally, SCS is forecast to improve from 2.37 to
near 0, indicating much lower cell counts but not close
to 0 because SCS is on a log2 scale that can go negative.
However, genetic correlations among traits can change,
and selection will likely switch to using more direct
traits such as clinical mastitis in the short term. In the
long term, goals will be revised as management changes
and other new traits are included.
Changes to US Selection Indices. The indices
available to US farmers are revised regularly to reflect
changing economic conditions and include additional
traits of value to farmers. The net merit, cheese merit,
fluid merit, and grazing merit indices provide farmers
with selection tools optimized for different market conditions, but additional traits may be needed to respond
to future needs, such as differential payments for alternative milk protein variants. The Council on Dairy
Cattle Breeding (Bowie, MD) announced the introduction of a new evaluation for sire gestation length in August 2017 (Council on Dairy Cattle Breeding, 2017b) as
well as evaluations for 6 direct measures of cow health
to be introduced in December 2017. Sire evaluations
for RFI have been computed on a research basis (VanRaden et al., 2017), and work is underway to develop
a system for ongoing data collection. Additional traits,
such as age at first calving (Hutchison et al., 2017) and
lactation persistency (Cole and VanRaden, 2006), can
be added to the national evaluations relatively easily.
In addition to new direct measures of animal perforJournal of Dairy Science Vol. 101 No. Sym, 2018

mance, indirect methods of measurement, such as MIR,
may provide low-cost, correlated phenotypes to improve the accuracy of new direct traits with relatively
few phenotypes available. It is possible that farmers
may eventually require a measure of resistance to heat
stress, but at present most effects of high temperatures
can be ameliorated with management practices. Future
US indices will focus on the continued development of
efficient, healthy, fertile cows that are desired by most
farmers around the world.
Selection Limits and Rates of Gain. Cole and
VanRaden (2011) have argued that there is no evidence
that selection limits are being approached in Holstein
or Jersey dairy cattle, but as the adoption of genomic
selection has accelerated, the generation interval has
decreased dramatically (García-Ruiz et al., 2016). If the
generation interval decreases by half, from 5 to 2.5 yr,
then 50 yr will represent approximately 20 generations
of selection. The increase in fat yield of approximately
300 kg over the last 60 yr shown in Figure 1 represents
only about 12 generations of selection, and future genetic gains may be greater than predicted by extrapolation because the rates of gain may be increasing.
CONCLUSIONS

Breeding indices that combine information from
many traits into a single selection objective are an important tool for modern cattle breeders because many
traits have value to farmers, and single-trait selection
can result in undesirable changes in correlated traits.
Different indices can be developed to address the needs
of farmers in different environments and under different payment systems, but this may require that new
phenotypes be collected. Ideal phenotyping strategies
vary with the cost and difficulty of data recording, and
data may need to be collected differently than in the

ADSA MILK SYMPOSIUM: THE DAIRY COW IN 50 YEARS

past to produce reliable evaluations for new traits. Sensitivity analysis suggests that NM$ is robust to modest
differences between predicted and actual values. Future
indices are likely to include more direct measures of
efficiency and health than current indices, and the use
of indices tailored to the needs of individual herds may
be more common.
ACKNOWLEDGMENTS

Two anonymous reviewers provided thoughtful
comments and insightful suggestions for improving
the manuscript. We thank K.L.P. Gaddis and S.M.
Hubbard for providing the data used in Figure 4 and
technical editing, respectively. The authors were supported by appropriated project 8042-31000-101-00-D,
“Improving Genetic Predictions in Dairy Animals Using Phenotypic and Genomic Information,” of the Agricultural Research Service of the USDA (Washington,
DC). Mention of trade names or commercial products
in this article is solely for the purpose of providing specific information and does not imply recommendation
or endorsement by the USDA.
REFERENCES
ADHIS (Australian Dairy Herd Improvement Scheme). 2014. National Breeding Objective—Final report. Accessed Aug. 17, 2017.
https://  w ww. adhis  . com  . au/  v 2/  d ownv2  . nsf/  ( ContentByKey)/
d356f55a05cac8f0ca257c78000a2677/ $file/nbo%20final%20short
%20report.pdf?open.
AHDB Dairy. 2017. £PLI—Profitable lifetime index. Accessed
Aug. 17, 2017. https://dairy.ahdb.org.uk/technical-information/
breeding-genetics/%C2%A3pli/.
Amer, P. R., and A. Hofer. 1994. Optimum bias in selection index
parameters estimated with uncertainty. J. Anim. Breed. Genet.
111:89–101. https://doi.org/10.1111/j.1439-0388.1994.tb00442.x.
American Jersey Cattle Association. 2017. Jersey Performance Index slated for April genetic evaluations. Accessed Aug. 17,
2017. https://www.usjersey.com/Portals/0/AJCA/2_Docs/News
-Editorial/17_JPI-Update.pdf.
ANAFI (Associazione Nazionale Allevatori Frisona Italiana). 2016.
Genetic evaluation cards. Accessed Aug. 17, 2017. http://www
.anafi.it/english/BreedingValues/SchedeIndici_ING2016.pdf.
Andersson, L., A. L. Archibald, C. D. Bottema, R. Brauning, S. C.
Burgess, D. W. Burt, E. Casas, H. H. Cheng, L. Clarke, C. Couldrey, B. P. Dalrymple, C. G. Elsik, S. Foissac, E. Giuffra, M. A.
Groenen, B. J. Hayes, L. S. Huang, H. Khatib, J. W. Kijas, H.
Kim, J. K. Lunney, F. M. McCarthy, J. C. McEwan, S. Moore,
B. Nanduri, C. Notredame, Y. Palti, G. S. Plastow, J. M. Reecy,
G. A. Rohrer, E. Sarropoulou, C. J. Schmidt, J. Silverstein, R.
L. Tellam, M. Tixier-Boichard, G. Tosser-Klopp, C. K. Tuggle, J.
Vilkki, S. N. White, S. Zhao, H. Zhou, and FAANG Consortium.
2015. Coordinated international action to accelerate genome-tophenome with FAANG, the Functional Annotation of Animal
Genomes project. Genome Biol. 16:57. https://doi.org/10.1186/
s13059-015-0622-4.
Beavers, L., and B. VanDoormal. 2016. Improving existing traits and
adding exciting new ones. Accessed Jun. 13, 2017. https://www
.cdn.ca/images/uploaded/file/Improving%20Traits%20%26%20
Adding%20New%20Ones%20Article%20-%20March%202016.pdf.

13

Bett, B., P. Kiunga, J. Gachohi, C. Sindato, D. Mbotha, T. Robinson,
J. Lindahl, and D. Grace. 2017. Effects of climate change on the
occurrence and distribution of livestock diseases. Prev. Vet. Med.
137:119–129. https://doi.org/10.1016/j.prevetmed.2016.11.019.
Bewley, J. M., R. A. Russell, K. A. Dolecheck, and M. R. Borchers.
2015. Precision dairy monitoring: What have we learned? Pages
13–24 in Precision Livestock Farming Applications. I. Halachmi,
ed. Wageningen Academic Publishers, Wageningen, the Netherlands.
Boichard, D., and M. Brochard. 2012. New phenotypes for new breeding goals in dairy cattle. Animal 6:544–550. https://doi.org/10
.1017/S1751731112000018.
Bowman, P. J., P. M. Visscher, and M. E. Goddard. 1996. Customized
selection indices for dairy bulls in Australia. Anim. Sci. 62:393–
403. https://doi.org/10.1017/S1357729800014946.
Calus, M. P. L., Y. de Haas, M. Pszczola, and R. F. Veerkamp. 2013.
Predicted accuracy of and response to genomic selection for new
traits in dairy cattle. Animal 7:183–191. https://doi.org/10.1017/
S1751731112001450.
Cameron, N. D. 1997. Selection Indices and Prediction of Genetic
Merit in Animal Breeding. CAB International, Wallingford, United Kingdom.
Carlson, D. F., C. A. Lancto, B. Zang, E.-S. Kim, M. Walton, D. Oldeschulte, C. Seabury, T. S. Sonstegard, and S. C. Fahrenkrug. 2016.
Production of hornless dairy cattle from genome-edited cell lines.
Nat. Biotechnol. 34:479–481. https://doi.org/10.1038/nbt.3560.
CDN (Canadian Dairy Network). 2017. Lifetime performance index
(LPI) formula. Accessed Aug. 17, 2017. https://www.cdn.ca/
document.php?id=443.
Clark, S. A., B. P. Kinghorn, J. M. Hickey, and J. H. van der Werf.
2013. The effect of genomic information on optimal contribution
selection in livestock breeding programs. Genet. Sel. Evol. 45:44.
https://doi.org/10.1186/1297-9686-45-44.
Cole, J. B. 2015. A simple strategy for managing many recessive disorders in a dairy cattle breeding program. Genet. Sel. Evol. 47:94.
https://doi.org/10.1186/s12711-015-0174-9.
Cole, J. B., and P. M. VanRaden. 2006. Genetic evaluation and best
prediction of lactation persistency. J. Dairy Sci. 89:2722–2728.
Cole, J. B., and P. M. VanRaden. 2009. AIPL research report NM$4:
Net merit as a measure of lifetime profit: 2010 revision. Accessed
Jun. 7, 2017. http://aipl.arsusda. gov/reference/nmcalc.htm.
Cole, J. B., and P. M. VanRaden. 2011. Use of haplotypes to estimate Mendelian sampling effects and selection limits. J. Anim.
Breed. Genet. 128:446–455. https://doi.org/10.1111/j.1439-0388
.2011.00922.x.
Cole, J. B., P. M. VanRaden, J. R. O’Connell, C. P. Van Tassell, T.
S. Sonstegard, R. D. Schnabel, J. F. Taylor, and G. R. Wiggans.
2009. Distribution and location of genetic effects for dairy traits. J.
Dairy Sci. 92:2931–2946. https://doi.org/10.3168/jds.2008-1762.
Cole, J. B., G. R. Wiggans, L. Ma, T. S. Sonstegard, T. J. Lawlor, B.
A. Crooker, C. P. V. Tassell, J. Yang, S. Wang, L. K. Matukumalli,
and Y. Da. 2011. Genome-wide association analysis of thirty one
production, health, reproduction and body conformation traits in
contemporary U.S. Holstein cows. BMC Genomics 12:408. https://
doi.org/10.1186/1471-2164-12-408.
CONAFE (Confederación de Asociaciones de Frisona Española). 2016.
Genomic evaluation of the Holstein breed in Spain. Accessed
Aug. 17, 2017. http://213.0.29.171/IndicesGen/Docs/evaluaciones
_Metodologia_Genomica_EN.pdf.
Conington, J., S. C. Bishop, B. Grundy, A. Waterhouse, and G. Simm.
2001. Multi-trait selection indexes for sustainable UK hill sheep
production. Anim. Sci. 73:413–423. https://doi.org/10.1017/
S1357729800058380.
Connor, E. E. 2015. Invited review: Improving feed efficiency in
dairy production: Challenges and possibilities. Animal 9:395–408.
https://doi.org/10.1017/S1751731114002997.
Council on Dairy Cattle Breeding. 2016. CDCB auditing procedures for dairy records processing centers. Version 16.0. Accessed
Aug. 15, 2017. http://www.quality-certification.com/Auditing
%20Procedures%20for%20Dairy%20Records%20Processing%20
Centers%20-%20Version%2016.0.pdf.
Journal of Dairy Science Vol. 101 No. Sym, 2018

14

COLE AND VANRADEN

Council on Dairy Cattle Breeding. 2017a. DHI report K-1: DHI participation as of January 1, 2017. Accessed Jun. 8, 2017. https://
www.uscdcb.com/publish/dhi/current/partx.html.
Council on Dairy Cattle Breeding. 2017b. New dairy genetics released
by CDCB. Accessed Aug. 18, 2017. https://www.uscdcb.com/
News/CDCB_August_2017_Genetic%20Evaluations_08_08_2017
_Final.pdf.
Crews, D. H. Jr. 2005. Genetics of efficient feed utilization and national cattle evaluation: A review. Genet. Mol. Res. 4:152–165.
CRV. 2017. About Dutch proofs. Accessed Aug. 17, 2017. https://
www.crv4all-international.com/about-crv/about-dutch-proofs/.
Cunningham, E. P. 1975. Multi-stage index selection. Theor. Appl.
Genet. 46:55–61.
DairyNZ. 2017. Economic values. Accessed Aug. 17, 2017. https://
www.dairynz.co.nz/animal/animal-evaluation/interpreting-the
-info/economic-values/.
de Haas, Y., J. E. Pryce, D. P. Berry, and R. F. Veerkamp. 2014.
Genetic and genomic solutions to improve feed efficiency and reduce environmental impact of dairy cattle. In Proc. 10th World
Congress of Genetics Applied to Livestock Production, Vancouver,
BC, Canada.
De Marchi, M., V. Bonfatti, A. Cecchinato, G. D. Martino, and P.
Carnier. 2009. Prediction of protein composition of individual cow
milk using mid-infrared spectroscopy. Ital. J. Anim. Sci. 8:399–
401. https://doi.org/10.4081/ijas.2009.s2.399.
De Marchi, M., V. Toffanin, M. Cassandro, and M. Penasa. 2014.
Invited review: Mid-infrared spectroscopy as phenotyping tool for
milk traits. J. Dairy Sci. 97:1171–1186. https://doi.org/10.3168/
jds.2013-6799.
De Pauw, M. 2017. The Efficient Dairy Genome Project—An international project. Accessed Aug. 15, 2017. http://genomedairy
.ualberta.ca/.
Dekkers, J. C. 2007. Prediction of response to marker-assisted and
genomic selection using selection index theory. J. Anim. Breed.
Genet. 124:331–341.
Dickrell, J. 2017. Build your own sire index. Accessed Aug. 14, 2017.
http://www.dairyherd.com/magazine/build-your-own-sire-index.
Dikmen, S., F. A. Khan, H. J. Huson, T. S. Sonstegard, J. I. Moss, G.
E. Dahl, and P. J. Hansen. 2014. The SLICK hair locus derived
from Senepol cattle confers thermotolerance to intensively managed lactating Holstein cows. J. Dairy Sci. 97:5508–5520. https://
doi.org/10.3168/jds.2014-8087.
Egger-Danner, C., J. B. Cole, J. E. Pryce, N. Gengler, B. Heringstad,
A. Bradley, and K. F. Stock. 2015. Invited review: Overview of
new traits and phenotyping strategies in dairy cattle with a focus
on functional traits. Animal 9:191–207. https://doi.org/10.1017/
S1751731114002614.
Fahlgren, N., M. A. Gehan, and I. Baxter. 2015. Lights, camera, action: High-throughput plant phenotyping is ready for a close-up.
Curr. Opin. Plant Biol. 24:93–99. https://doi.org/10.1016/j.pbi
.2015.02.006.
Falconer, D. S., and F. C. MacKay. 1996. Introduction to Quantitative
Genetics. Longman, London, United Kingdom.
FAPRI (Food and Agricultural Policy Institute). 2009. FAPRI 2009 US
and world agricultural outlook. Accessed Aug. 17, 2017. http://
www.fapri.iastate.edu/outlook/2009/text/OutlookPub2009.pdf.
Fuerst, C., A. Koeck, C. Egger-Danner, and B. Fuerst-Waltl. 2011.
Routine genetic evaluation for direct health traits in Austria and
Germany. Interbull Bull. 44:210–215.
García-Ruiz, A., J. B. Cole, P. M. VanRaden, G. R. Wiggans, F. J.
Ruiz-López, and C. P. V. Tassell. 2016. Changes in genetic selection differentials and generation intervals in US Holstein dairy
cattle as a result of genomic selection. Proc. Natl. Acad. Sci. USA
113:E3995–E4004. https://doi.org/10.1073/pnas.1519061113.
Genes Diffusion. 2014. GD Merit: A forward-looking synthesis. Accessed Aug. 17, 2017. http://www.genesdiffusion.com/Bovin/GD
-MERIT.aspx.
Genex. 2006. Ideal Commercial Cow Index. Accessed Aug. 17, 2017.
http://genex.crinet.com/page5854/IdealCommercialCowIndex.
Gengler, N., H. Soyeurt, F. Dehareng, C. Bastin, F. Colinet, H. Hammami, M.-L. Vanrobays, A. Lainé, S. Vanderick, C. Grelet, A. VanJournal of Dairy Science Vol. 101 No. Sym, 2018

lierde, E. Froidmont, and P. Dardenne. 2016. Capitalizing on fine
milk composition for breeding and management of dairy cows. J.
Dairy Sci. 99:4071–4079. https://doi.org/10.3168/jds.2015-10140.
Gibson, J. P. 1989. Economic weights and index selection of milk production traits when multiple production quotas apply. Anim. Sci.
49:171–181. https://doi.org/10.1017/S0003356100032293.
Goddard, M. E. 1983. Selection indices for non-linear profit functions. Theor. Appl. Genet. 64:339–344. https://doi.org/10.1007/
BF00274177.
Gonen, S., J. Jenko, G. Gorjanc, A. J. Mileham, C. B. A. Whitelaw,
and J. M. Hickey. 2017. Potential of gene drives with genome editing to increase genetic gain in livestock breeding programs. Genet.
Sel. Evol. 49:3. https://doi.org/10.1186/s12711-016-0280-3.
Grosu, H., L. R. Schaeffer, P. A. Oltenacu, H. D. Norman, R. L. Powell, V. Kremer, G. Banos, R. Mrode, J. Carvalheira, J. Jamrozik,
C. Draganescu, and S. Lungu. 2013. History of Genetic Evaluation
Methods in Dairy Cattle. The Publishing House of the Romanian
Academy, Bucuresti, Romania.
Hazel, L. N., G. E. Dickerson, and A. E. Freeman. 1994. The selection
index—Then, now, and for the future. J. Dairy Sci. 77:3236–3251.
Hazel, L. N., and J. L. Lush. 1942. The efficiency of three methods of selection. J. Hered. 33:393–399. https://doi.org/10.1093/
oxfordjournals.jhered.a105102.
Hegarty, R. S., J. P. Goopy, R. M. Herd, and B. McCorkell. 2007.
Cattle selected for lower residual feed intake have reduced daily
methane production. J. Anim. Sci. 85:1479–1486. https://doi.org/
10.2527/jas.2006-236.
Heringstad, B., and O. Østerås. 2013. More than 30 years of health
recording in Norway. Pages 39–46 in Challenges and Benefits of
Health Data Recording in the Context of Food Chain Quality,
Management and Breeding. Proc. ICAR Conference, Aarhus,
Denmark. International Committee for Animal Recording, Rome,
Italy.
Holstein Association of Switzerland. 2013. Rapport de Gestion 2013.
Holstein Association of Switzerland, Posieux, Switzerland.
Holstein Association USA Inc. 2017. TPI formula—August 2017.
Accessed Aug. 17, 2017. http://www.holsteinusa.com/genetic
_evaluations/ss_tpi_formula.html.
Holstein Cattle Association of Japan. 2010. Change to NTP formula. Accessed Aug. 17, 2017. http://www.holstein.or.jp/english/
ntp2010/ntp2010.html.
Howard, J. T., J. E. Pryce, C. Baes, and C. Maltecca. 2017. Invited
review: Inbreeding in the genomics era: Inbreeding, inbreeding depression, and management of genomic variability. J. Dairy Sci.
100:6009–6024. https://doi.org/10.3168/jds.2017-12787.
Humplík, J. F., D. Lazár, A. Husičková, and L. Spíchal. 2015. Automated phenotyping of plant shoots using imaging methods for
analysis of plant stress responses—A review. Plant Methods 11:29.
https://doi.org/10.1186/s13007-015-0072-8.
Hutchison, J. L., P. M. VanRaden, D. J. Null, J. B. Cole, and D. M.
Bickhart. 2017. Genomic evaluation of age at first calving. J. Dairy
Sci. 100:6853–6861. https://doi.org/10.3168/jds.2016-12060.
ICBF (Irish Cattle Breeding Federation). 2017. What is EBI? Accessed Aug. 17, 2017. https://www.icbf.com/wp/?p=5772.
Jaton, C., A. Koeck, M. Sargolzaei, F. Malchiodi, C. A. Price, F. S.
Schenkel, and F. Miglior. 2016. Genetic analysis of superovulatory
response of Holstein cows in Canada. J. Dairy Sci. 99:3612–3623.
https://doi.org/10.3168/jds.2015-10349.
Jensen, H. 2016. Reducing antibiotic use in animal production systems. Agric. Policy Rev. 2016. Iowa State University, Ames.
Kempthorne, O., and A. W. Nordskog. 1959. Restricted selection indices. Biometrics 15:10–19.
Koch, R. M., L. A. Swiger, D. Chambers, and K. E. Gregory. 1963.
Efficiency of feed use in beef cattle. J. Anim. Sci. 22:486–494.
https://doi.org/10.2527/jas1963.222486x.
König, S., H. Simianer, and A. Willam. 2009. Economic evaluation of
genomic breeding programs. J. Dairy Sci. 92:382–391. https://doi
.org/10.3168/jds.2008-1310.
Laughton, C. 2016. Northeast dairy farm summary 2015. Accessed Jun.
13, 2017. http://www.dairychallenge.org/pdfs/2016_Northeast/
2015_DFS_Final.pdf.

ADSA MILK SYMPOSIUM: THE DAIRY COW IN 50 YEARS

Lin, C. Y. 1978. Index selection for genetic improvement of quantitative characters. Theor. Appl. Genet. 52:49–56. https://doi.org/10
.1007/BF00281316.
Livestock Improvement International. 2017. Breeding worth and economic values. Accessed Aug. 17, 2017. http://www.licnz.com/
breeding_worth_economic_values.cfm.
Lucy, M. C. 2001. Reproductive loss in high-producing dairy cattle:
Where will it end? J. Dairy Sci. 84:1277–1293.
Ma, L., J. R. O’Connell, P. M. VanRaden, B. Shen, A. Padhi, C. Sun,
D. M. Bickhart, J. B. Cole, D. J. Null, G. E. Liu, Y. Da, and G.
R. Wiggans. 2015. Cattle sex-specific recombination and genetic
control from a large pedigree analysis. PLoS Genet. 11:e1005387.
https://doi.org/10.1371/journal.pgen.1005387.
McFadden, J. R., and W. E. Huffman. 2017. Willingness-to-pay for
natural, organic, and conventional foods: The effects of information and meaningful labels. Food Policy 68:214–232. https://doi
.org/10.1016/j.foodpol.2017.02.007.
McGilliard, M. L., and J. S. Clay. 1983. Breeding programs of dairymen selecting Holstein sires by computer. J. Dairy Sci. 66:654–659.
https://doi.org/10.3168/jds.S0022-0302(83)81840-2.
Meuwissen, T. H., B. J. Hayes, and M. E. Goddard. 2001. Prediction
of total genetic value using genome-wide dense marker maps. Genetics 157:1819–1829.
Miglior, F., B. L. Muir, and B. J. Van Doormaal. 2005. Selection indices in Holstein cattle of various countries. J. Dairy Sci. 88:1255–
1263.
National Agricultural Statistics Service. 2017. Cattle. Accessed Jun.
8, 2017. http://usda.mannlib.cornell.edu/usda/current/Catt/Catt
-01-31-2017.pdf.
NAV (Nordic Cattle Genetic Evaluation). 2017. NAV routine genetic
evaluation of dairy cattle—Data and genetic models. Accessed
Aug. 17, 2017. http://www.nordicebv.info/wp-content/uploads/
2017/03/NAV-routine-genetic-evaluation-122016_FINAL.pdf.
Nejati-Javaremi, A., C. Smith, and J. P. Gibson. 1997. Effect of total
allelic relationship on accuracy of evaluation and response to selection. J. Anim. Sci. 75:1738–1745.
Nguyen, T. T. T., P. J. Bowman, M. Haile-Mariam, G. J. Nieuwhof,
B. J. Hayes, and J. E. Pryce. 2017. Short communication: Implementation of a breeding value for heat tolerance in Australian
dairy cattle. J. Dairy Sci. 100:7362–7367. https://doi.org/10.3168/
jds.2017-12898.
Norton, T., and D. Berckmans. 2017. Developing precision livestock
farming tools for precision dairy farming. Anim. Front. 7:18–23.
https://doi.org/10.2527/af.2017.0104.
Olson, T. A., C. Lucena, C. C. Chase, and A. C. Hammond. 2003.
Evidence of a major gene influencing hair length and heat tolerance in cattle. J. Anim. Sci. 81:80–90. https://doi.org/10.2527/
2003.81180x.
Ortega, M. S., A. C. Denicol, J. B. Cole, D. J. Null, and P. J. Hansen.
2016. Use of single nucleotide polymorphisms in candidate genes
associated with daughter pregnancy rate for prediction of genetic
merit for reproduction in Holstein cows. Anim. Genet. 47:288–297.
https://doi.org/10.1111/age.12420.
Parker Gaddis, K. L. P., J. B. Cole, J. S. Clay, and C. Maltecca.
2012. Incidence validation and relationship analysis of producerrecorded health event data from on-farm computer systems in
the United States. J. Dairy Sci. 95:5422–5435. https://doi.org/10
.3168/jds.2012-5572.
Parker Gaddis, K. L. P., J. B. Cole, J. S. Clay, and C. Maltecca. 2014.
Genomic selection for producer-recorded health event data in US
dairy cattle. J. Dairy Sci. 97:3190–3199. https://doi.org/10.3168/
jds.2013-7543.
Parker Gaddis, K. L. P., D. J. Null, and J. B. Cole. 2016. Explorations
in genome-wide association studies and network analyses with
dairy cattle fertility traits. J. Dairy Sci. 99:6420–6435. https://doi
.org/10.3168/jds.2015-10444.
Parker Gaddis, K. L. P., S. Dikmen, D. J. Null, J. B. Cole, and P. J.
Hansen. 2017a. Evaluation of genetic components in traits related
to superovulation, in vitro fertilization, and embryo transfer in
Holstein cattle. J. Dairy Sci. 100:2877–2891. https://doi.org/10
.3168/jds.2016-11907.

15

Parker Gaddis, K. L., M. E. Tooker, J. R. Wright, J. H. Megonigal Jr,
J. S. Clay, J. B. Cole, and P. M. VanRaden. 2017b. Development of
genomic evaluations for direct measures of health in U.S. Holsteins
and their correlations with fitness traits. J. Dairy Sci. 100(Suppl.
2):378 (Abstr.).
Pedersen, J., M. K. Sørensen, M. Toivonen, J.-A. Eriksson, and G. P.
Aamand. 2008. Report on economic basis for a Nordic total merit
index. Nordisk Avlsværdi Vurdering, Aarhus, Denmark.
Pereira, P. C. 2014. Milk nutritional composition and its role in human health. Nutrition 30:619–627. https://doi.org/10.1016/j.nut
.2013.10.011.
Philipsson, J., G. Banos, and T. Arnason. 1994. Present and future
uses of selection index methodology in dairy cattle. J. Dairy Sci.
77:3252–3261. https://doi.org/10.3168/jds.S0022-0302(94)77266
-0.
Philipsson, J., and B. Lindhe. 2003. Experiences of including reproduction and health traits in Scandinavian dairy cattle breeding
programmes. Livest. Prod. Sci. 83:99–112.
Pryce, J., and B. Hayes. 2012. A review of how dairy farmers can use
and profit from genomic technologies. Anim. Prod. Sci. 52:180–184.
Pryce, J. E., K. L. P. Gaddis, A. Koeck, C. Bastin, M. Abdelsayed, N.
Gengler, F. Miglior, B. Heringstad, C. Egger-Danner, K. F. Stock,
A. J. Bradley, and J. B. Cole. 2016. Invited review: Opportunities for genetic improvement of metabolic diseases. J. Dairy Sci.
99:6855–6873. https://doi.org/10.3168/jds.2016-10854.
Pryce, J. E., O. Gonzalez-Recio, G. Nieuwhof, W. J. Wales, M. P.
Coffey, B. J. Hayes, and M. E. Goddard. 2015. Hot topic: Definition and implementation of a breeding value for feed efficiency in
dairy cows. J. Dairy Sci. 98:7340–7350. https://doi.org/10.3168/
jds.2015-9621.
Pryce, J. E., B. J. Hayes, and M. E. Goddard. 2012. Novel strategies to
minimize progeny inbreeding while maximizing genetic gain using
genomic information. J. Dairy Sci. 95:377–388. https://doi.org/10
.3168/jds.2011-4254.
Ravagnolo, O., and I. Misztal. 2000. Genetic component of heat stress
in dairy cattle, parameter estimation. J. Dairy Sci. 83:2126–2130.
Reis, Â. P., A. A. Boligon, M. J. Yokoo, and F. F. Cardoso. 2017.
Design of selection schemes to include tick resistance in the breeding goal for Hereford and Braford cattle. J. Anim. Sci. 95:572–583.
https://doi.org/10.2527/jas.2016.0913.
Saitone, T. L., and R. J. Sexton. 2017. Agri-food supply chain: Evolution and performance with conflicting consumer and societal
demands. Eur. Rev. Agric. Econ. 44:634–657. https://doi.org/10
.1093/erae/jbx003.
Schaeffer, L. R. 2006. Strategy for applying genome-wide selection in
dairy cattle. J. Anim. Breed. Genet. 123:218–223.
Shook, G. E. 2006. Major advances in determining appropriate selection goals. J. Dairy Sci. 89:1349–1361. https://doi.org/10.3168/jds
.S0022-0302(06)72202-0.
Shook, G. E., and M. M. Schutz. 1994. Selection on somatic cell score
to improve resistance to mastitis in the United States. J. Dairy
Sci. 77:648–658.
SION. 2015. Israeli Holstein bulls catalogue 2015. Accessed Aug. 17,
2017. http://www.sion-israel.com/articles/files/3635046369.pdf.
Sivanadian, B., and C. Smith. 1997. The effect of adding further traits
in index selection. J. Anim. Sci. 75:2016–2023. https://doi.org/10
.2527/1997.7582016x.
Smith, C. 1983. Effects of changes in economic weights on the efficiency of index selection. J. Anim. Sci. 56:1057–1064. https://doi
.org/10.2527/jas1983.5651057x.
Smith, H. F. 1934. A discriminant function for plant selection. Ann.
Eugen. 7:240–250.
Sorg, D., M. Wensch-Dorendorf, K. Schöpke, G. Martin, R. Schafberg, N. Reinhold, S. Pache, and H. Swalve. 2017. Genetic analysis
of new progesterone-based fertility traits in dairy cows measured
on-farm. J. Dairy Sci. 100:8205–8219. https://doi.org/10.3168/jds
.2016-11865.
Soyeurt, H., P. Dardenne, F. Dehareng, G. Lognay, D. Veselko, M.
Marlier, C. Bertozzi, P. Mayeres, and N. Gengler. 2006. Estimating fatty acid content in cow milk using mid-infrared spectrome-

Journal of Dairy Science Vol. 101 No. Sym, 2018

16

COLE AND VANRADEN

try. J. Dairy Sci. 89:3690–3695. https://doi.org/10.3168/jds.S0022
-0302(06)72409-2.
Sun, C., P. M. VanRaden, J. R. O’Connell, K. A. Weigel, and D.
Gianola. 2013. Mating programs including genomic relationships
and dominance effects. J. Dairy Sci. 96:8014–8023. https://doi
.org/10.3168/jds.2013-6969.
Suravajhala, P., L. J. A. Kogelman, and H. N. Kadarmideen. 2016.
Multi-omic data integration and analysis using systems genomics approaches: Methods and applications in animal production,
health and welfare. Genet. Sel. Evol. 48:38. https://doi.org/10
.1186/s12711-016-0217-x.
Thompson, N. M., N. O. Widmar, M. M. Schutz, J. B. Cole, and
C. A. Wolf. 2017. Economic considerations of breeding for polled
dairy cows versus dehorning in the United States. J. Dairy Sci.
100:4941–4952. https://doi.org/10.3168/jds.2016-12099.
Thompson-Crispi, K. A., A. Sewalem, F. Miglior, and B. A. Mallard.
2012. Genetic parameters of adaptive immune response traits in
Canadian Holsteins. J. Dairy Sci. 95:401–409. https://doi.org/10
.3168/jds.2011-4452.
University of Wisconsin Dairy Marketing and Risk Management Program. 2017. Federal order class prices and related information.
Accessed Aug. 17, 2017. http://future.aae.wisc.edu/data/monthly
_values/by_area/3?area=US&grid=true&tab=prices.
Van Eenennaam, A. L., K. A. Weigel, A. E. Young, M. A. Cleveland,
and J. C. M. Dekkers. 2014. Applied animal genomics: Results
from the field. Annu. Rev. Anim. Biosci. 2:105–139. https://doi
.org/10.1146/annurev-animal-022513-114119.
Van Vleck, L. D. 1993. Selection Index and Introduction to Mixed
Model Methods. CRC Press, Boca Raton, FL.
VanRaden, P. M. 2004. Invited review: Selection on net merit to improve lifetime profit. J. Dairy Sci. 87:3125–3131.
VanRaden, P. M. 2005. Inbreeding adjustments and effect on genetic
trend estimates. Interbull Bull. 33:81–84.
VanRaden, P. M. 2017. AIP research report NM$6 (2-17): Net merit as
a measure of lifetime profit: 2017 revision. Accessed Feb. 24, 2017.
https://www.aipl.arsusda.gov/reference/nmcalc-2017.htm.
VanRaden, P. M., K. M. Olson, D. J. Null, and J. L. Hutchison. 2011.
Harmful recessive effects on fertility detected by absence of homozygous haplotypes. J. Dairy Sci. 94:6153–6161. https://doi.org/10
.3168/jds.2011-4624.

Journal of Dairy Science Vol. 101 No. Sym, 2018

VanRaden, P. M., A. H. Sanders, M. E. Tooker, R. H. Miller, H.
D. Norman, M. T. Kuhn, and G. R. Wiggans. 2004. Development of a national genetic evaluation for cow fertility. J. Dairy
Sci. 87:2285–2292.
VanRaden, P. M., C. P. Van Tassell, G. R. Wiggans, T. S. Sonstegard,
R. D. Schnabel, J. F. Taylor, and F. S. Schenkel. 2009. Invited
review: Reliability of genomic predictions for North American
Holstein bulls. J. Dairy Sci. 92:16–24. https://doi.org/10.3168/jds
.2008-1514.
VanRaden, P. M., J. R. Wright, E. E. Connor, M. J. VandeHaar, R. J.
Tempelman, J. S. Liesman, L. E. Armentano, and K. A. Weigel.
2017. Preliminary genomic predictions of feed saved for 1.4 million
Holsteins. J. Dairy Sci. 100(Suppl. 2):200–201. (Abstr.).
VIT. 2017. Estimation of breeding values for milk production
traits, somatic cell score, conformation, productive life and reproduction traits in German dairy cattle. Accessed Aug. 17,
2017.
http://www.vit.de/fileadmin/user_upload/vit-fuers-rind/
zuchtwertschaetzung/milchrinder-zws-online/Zws_Bes_eng.pdf.
Vukasinovic, N., N. Bacciu, C. A. Przybyla, P. Boddhireddy, and S.
K. DeNise. 2017. Development of genetic and genomic evaluation
for wellness traits in US Holstein cows. J. Dairy Sci. 100:428–438.
https://doi.org/10.3168/jds.2016-11520.
Weller, J. I. 1994. Economic Aspects of Animal Breeding. Chapman
and Hall, London, United Kingdom.
Weng, Z.-Q., M. Saatchi, R. D. Schnabel, J. F. Taylor, and D. J.
Garrick. 2014. Recombination locations and rates in beef cattle assessed from parent-offspring pairs. Genet. Sel. Evol. 46:34. https://
doi.org/10.1186/1297-9686-46-34.
Wenz, J. R., and S. K. Giebel. 2012. Retrospective evaluation of health
event data recording on 50 dairies using Dairy Comp 305. J. Dairy
Sci. 95:4699–4706. https://doi.org/10.3168/jds.2011-5312.
Windig, J. J., M. P. Calus, and R. F. Veerkamp. 2005. Influence of
herd environment on health and fertility and their relationship
with milk production. J. Dairy Sci. 88:335–347.
Wright, J. R., and P. M. VanRaden. 2016. Genetic evaluation of dairy
cow livability. J. Dairy Sci. 99(Suppl. 1):174. (Abstr.)
Zwald, N. R., K. A. Weigel, Y. M. Chang, R. D. Welper, and J.
S. Clay. 2004. Genetic selection for health traits using producerrecorded data. I. Incidence rates, heritability estimates, and sire
breeding values. J. Dairy Sci. 87:4287–4294.

