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ABSTRACT

For the past few decades, the international exchange
of genetic materials has accelerated. This acceleration
has been more substantial for dairy cattle compared
with other species. The industry faced the need to
put international genetic evaluation (IGE) systems in
place. The Interbull Centre has been conducting IGE
for various dairy cattle breeds and traits. This study
reviews the past and the current status of IGE for
dairy cattle, emphasizing the most prominent and well-
established method of IGE, namely multiple across-
country evaluation (MACE), and the challenges that
should be addressed in the future of IGE. The first
IGE methods were simple conversion equations. Only
a limited number of common bulls between pairs of
countries were considered. These bulls were a biased
sample of highly selected animals, with their daughters
under preferential treatment in the importing coun-
tries. Genetic relationships among animals were not
considered either. The MACE method was the first
IGE method based on mixed-model theory that could
handle genotype by environment interaction (G x E)
between countries. The G x E between countries is
handled by treating the same trait in different countries
as different traits, with genetic correlations less than
unity between the traits. The G x E between countries
is not solely due to different genetic expressions in dif-
ferent environments (countries), but is also attributable
to different units or ways of measuring the trait, data
editing, and statistical approaches and models used in
different countries. The MACE method also considers
different genetic means, genetic groups for unknown
parents, heterogeneous genetic and residual variances
among countries, and heterogeneous residual variances
(precision weights for observations) within countries.
Other IGE methods that came after MACE are rooted
in MACE. The genomic revolution of the industry
created new needs and opportunities. However, an
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unwanted aspect of it was genomic preselection bias.
Genomic preselection causes directional information
loss from pre-culled animals (bias) in statistical models
for genetic and genomic evaluations, and preselected
progeny of a mating are no longer a random sample of
possible progeny from that mating. National genetic
evaluations without genotypes are input to MACE, and
biases in national evaluations are propagated interna-
tionally through MACE. Genomic preselection for the
Holstein breed is a source of concern for introducing
bias to MACE, especially when genomic preselection
is practiced intensively in the population. However,
MACE continues to be useful for other breeds, among
other species, or for non-IGE purposes. Future methods
will need to make optimum use of genomic information
and be free of genomic preselection bias.

Key words: MACE, international genetic evaluations,
dairy cattle, deregressed proof

INTRODUCTION AND HISTORY

Since the introduction of artificial insemination
techniques and use of frozen semen, the exchange of
genetic materials across countries has been acceler-
ated. Artificial insemination and international genetic
exchanges have been more successful for dairy cattle
than for other species. Embryo transfer is another form
of genetic exchange, which is mainly practiced to take
further advantage of passing genes of superior females
as dams of bulls. In the early 1970s, large-scale impor-
tation of North American Holstein-Friesians to Europe
began (Zarnecki et al., 1991). The importing countries
were interested to know how daughters of foreign bulls
would perform in the local herds and environment.
Also, genetic variation is the key to selection in a breed-
ing program. Thus, it is beneficial for populations to
have open breeding programs with regular addition of
new genetic materials from other populations. The di-
lemma is how to identify which individuals from other
populations will produce high-yielding progeny that are
well-integrated in the climate of the importing country.
In the 1970s, the United Nations Food and Agricul-
ture Organization led experiments to discover how the


https://orcid.org/0000-0003-0339-5442
https://orcid.org/0000-0003-3375-3263
mailto:mohammad.nilforooshan@lic.co.nz

Nilforooshan and Jorjani: INVITED REVIEW: INTERNATIONAL GENETIC EVALUATIONS USING MACE 4

progeny of bulls from different populations performed
in an importing country. Genetic merits of daughters of
bulls from 10 Holstein-Friesian strains were compared
in Polish commercial farms. The results later reported
by Stolzman et al. (1988) and Zarnecki et al. (1991)
indicated that Holstein strains from the United States,
Canada, and Israel, and the Friesian strain from New
Zealand yielded more milk in Poland compared with
European strains (Denmark, Netherlands, Poland, Swe-
den, the UK, and West Germany). Another study (Rozzi
et al., 1990) on a multinational genetic evaluation (the
United States, Canada, and Italy) also showed that the
average genetic merit of imported sires to Canada and
Italy (mainly from the United States) was higher than
for domestic sires for milk and fat yield.

By contrast, the average genetic merit of Canadian
sires imported to the United States was lower than for
domestic sires in the United States, which indicated
that sires were imported to the United States for rea-
sons other than production traits (Rozzi et al., 1990).
The publication of those results was followed by a surge
in international exchange of dairy cattle genetic materi-
als, in the form of frozen semen, where many countries
imported semen mainly from North America. The
increased genetic exchange between countries urged
the need for international genetic evaluations (IGE),
as importing countries were interested to know which
bulls to import to their population and environment,
and exporting countries were seeking markets for their
genetic materials.

Genetic ties between countries are of key importance
to IGE. Increased exchange of genetic materials among
countries potentially increases genetic variation, by
opening national populations to foreign genetic materi-
als. However, in reality, it has worked in the opposite
way, as the effective population sizes have decreased
considerably, due to a relatively small sample of su-
perior bulls being heavily used internationally. For
example, the effective population size of the Canadian
Holstein population was reported as only 115 animals
in 2011 (Stachowicz et al., 2011). Later, in 2020, the
effective population size of Canadian Holsteins and Jer-
seys were estimated in a range of 43 to 66 and 64 to 85
animals, respectively (Makanjuola et al., 2020). During
the 1980s and 1990s, the percentage of Holstein-Friesian
cows with North American Holstein genetics increased
from 2% to 38% in New Zealand (Harris and Kolver,
2001). The global population of Brown Swiss cattle was
estimated to have an effective population size of 204
(Worede et al., 2013). Given the decreasing trend, the
current effective population sizes should be considered
even lower.

Published results of different national genetic evalu-
ations (NGE), whether expressed as EBV or ETA, are
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not directly comparable. The main across-country dif-
ferences are in the genetic base and scale, heritability,
and genotype by environment interaction (G X E).
The latter causes reranking of bulls across countries.
The G x E is important in quantitative trait varia-
tion, maintenance of genetic variation, and evolution
(Huang et al., 2020). It can be seen as a biological
(different gene expressions in different environments)
or a statistical (different scale or genetic variation in
different environments) phenomenon, or a combina-
tion of both (trait definition). In the animal breeding
context, examples of biological G x E are different
genotype expressions in different climates and produc-
tion systems, and examples of statistical G x E are
interactions caused by different units of measurement,
different methods and models of genetic evaluation,
and different pedigree and other sources of information
used in the genetic evaluation.

One major obstacle to IGE was the lack of shared in-
ternational data. Usually, within-country breed associa-
tions or NGE centers possessed the national data, and
sharing was limited by concerns about data privacy and
control. A need existed for an independent internation-
al organization for receiving national data, performing
and maintaining the highest possible standards of IGE.
That led to the formation of Interbull in 1983, to study
the prerequisites of IGE. Interbull became a perma-
nent subcommittee of the International Committee for
Animal Recording (established in March 1951; https://
www.icar.org) in 1988. Interbull Centre, the operational
unit of Interbull, was founded in 1991 in Uppsala, Swe-
den, to perform IGE based on standard methodology
for making across-country bull comparisons possible.
In 1995, the first routine IGE was performed, using
a method called multiple across-country evaluation
(MACE) for production traits (milk, fat, and protein
yields) of Holstein bulls from 9 countries. Over time,
the number of participating trait groups, breeds, and
populations increased. Table 1 presents the time frame
of the first official release of IGE results for different
trait groups. Presently, IGE by Interbull covers 7 trait
groups, 6 breed groups, and more than 30 populations.
After initiating IGE for production traits, researchers
from other Interbull participating countries took the
initiative of introducing new trait groups to IGE. Ex-
amples are conformation (Lohuis et al., 1996; Klei and
Lawlor, 1998), longevity (van der Linde and de Jong,
2002), calving (Pasman and Reinhardt, 2002), fertility
(Jorjani, 2005), and workability traits (Bagnato et al.,
2007; Jakobsen et al., 2008). Some of the populations
comprise more than one country (Denmark-Finland-
Sweden and Germany-Austria), with similar climate
and production systems, high genetic correlations with
each other, and a joint NGE. The overall number of
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Table 1. First release of routine international genetic evaluations by
trait group (changes in the number of breeds and the participating
populations over time can be found at https://interbull.org/ib/maceev
_archive; accessed Mar. 22, 2021)

Trait group First release Breeds'

Production Feb. 1995 HOL, AYR

Conformation Aug. 1999 HOL

Udder health May 2001 AYR, BSW, GUE, HOL, JER
Longevity Nov. 2004 HOL

Calving Feb. 2005 HOL

Female fertility Feb. 2007 HOL

Workability Jan. 2009 BSW, HOL, JER, RDC

'AYR = Ayrshire (later included in RDC); BSW = Brown Swiss;
GUE = Guernsey; HOL = Holstein; JER = Jersey; RDC = Red Dairy
Cattle (e.g., AYR and Nordic Red breeds).

country-breed-trait combinations is over 2,000. The
current number of population traits in IGE for each
trait group and breed are presented in Table 2.

Initially, due to the lack of both available data for
IGE and well-established methodology, country pair
comparisons were performed using a simple linear
regression model called conversion equation (CE).
This method (endorsed by the International Dairy
Federation, 1981) regresses sire proofs from the export-
ing country to the base and scale of sire proofs in the
importing country:

Pimp =a+ bPexIn [1]

where P is the proof or predicted genetic merit in the
form EBV or ETA, in the importing (imp) or exporting
(exp) country, and a and b are the intercept and regres-
sion coefficients, respectively.

For each pair of countries, a CE is calculated based
on common bulls (bulls with official proofs in the 2
countries). To ensure that CE were both current and
accurate, Interbull recommended calculating them
using proofs for bulls born in the last 10 yr, with a
minimum reliability of 75%, and based on daughters in

a minimum of 20 herds. To calculate CE for a pair of
countries, a minimum of 20 bulls was required (Jorjani
et al., 2001). Later, some modifications to the regres-
sion equation were suggested, such as using deregressed
proofs (DRP) (Goddard, 1985) or adjusting proofs by
their reliability values (Wilmink et al., 1986). The CE
were officially in use for IGE until the introduction of
the MACE methodology (Schaeffer, 1994). The latter is
still in use, and it is the main focus of this study. This
study provides a review of the methods proposed and
used for IGE, and an overview of the past, present, and
future of IGE. Research has been conducted on differ-
ent aspects of IGE for a few decades, and this study
touches on the most important aspects.

METHODS PRIOR TO MACE

As mentioned in the previous section, CE was the
first IGE method. Even with the improvements made
to CE (Goddard, 1985; Wilmink et al., 1986), they be-
came increasingly at odds with those NGE that used
mixed-model methodology, which was becoming very
popular after Henderson’s seminal work (Henderson,
1976). Generally, CE had the following problems:

1. Limited amount of information (use only the

bulls proven in both countries).

No accounting for relatedness among bulls.

3. No accounting for information from a third coun-
try (i.e., strengthened connectedness between 2
countries via a third country or link provider).

4. Preferential treatment for daughters of foreign
bulls.

5. Genetic correlation of 1 and no reranking of bulls
between countries.

6. Bulls proven in more than one country are highly
selected and a biased representation of the na-
tional sire populations.

N

Table 2. Current (August 2021) number of population traits in international genetic evaluations per trait
group and breed (https://interbull.org/ib/maceev_archive; accessed Aug. 17, 2021)

Breed'
Trait group BSW GUE HOL JER RDC SIM
Production 33 15 87 36 45 36
Conformation 233 74 466 177 182 0
Udder health 20 5 58 20 27 22
Longevity 10 5 21 9 12 5
Calving 12 0 56 0 11 0
Female fertility 38 18 75 34 44 0
Workability 7 0 27 6 14 0

'"BSW = Brown Swiss; GUE = Guernsey; HOL = Holstein; JER = Jersey; RDC = Red Dairy Cattle (e.g.,

Ayrshire and Nordic Red breeds); SIM = Simmental.
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Even after introducing MACE, CE were still calculated
based on international proofs, as an IGE by-product to
be temporarily used for young bulls not yet included in
the MACE system, and for cows.

Schaeffer (1985) made the first suggestion for us-
ing the mixed-model methodology for across-country
genetic evaluation. We refer to this first suggestion
as multiple country evaluation (MICE), in which the
genetic correlation of unity was assumed between the
traits measured in different countries. The MCE was
a single-trait sire model, where sire proofs from differ-
ent countries were combined, and each sire received a
single international proof for a given trait. The MCE
considered base but not scale or variance differences
among countries. Rozzi et al. (1990) and Banos et al.
(1991) used MCE with modifications for the compari-
son of multinational dairy cattle populations. Modifi-
cations were mainly related to the use of DRP, rules
for forming the phantom parent groups (PPG), and
standardization of each country’s data. In MCE, not
only the across-country genetic correlations were unity,
but the heritabilities were also considered equal, and no
G x E was modeled. Schaeffer (1985) used national bull
proofs as the dependent variable in the model. Alterna-
tives are DRP and average daughter yield deviations
(DYD). From here on, we refer to any sort of depen-
dent variable as observations. The model was written
in matrix notation as follows:

y = Xc + ZQg + Zs + e, 2]

with the corresponding mixed-model equations:

XD X X'D'ZQ X'D'Z ¢ XDy
QIZ/D71X Q/Z/D71ZQ Q/Z/D71Z g — le/Dfly ,
ZD'X Z'D'ZQ Z'D'Z+ A 'k|[S Z'D 'y

[3]

where y, c, g, s, and e are the vectors of observations,
country means, PPQG, sire additive genetic effects, and
random residuals, respectively. Vectors ¢, g, and § are
the estimates for c, g, and s. Matrices X, Z, and Q
relate countries to records, sires to records, and sires to
PPG, respectively; A is the additive genetic relation-
ship matrix among sires, k is the variance ratio equal to
03/052 = (4—]12 )/hg, where o2 and o? are the residual
and sire genetic variances, respectively; A’ is the herita-
bility of the trait, assumed to be the same in all coun-
tries; and Var(e):Daz, where D is the matrix of
weighting factors. For ¢ number of countries,
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N 0 D, - 0
D=2.D=. -

D, = diag(1/ny),

where n;; is the number of daughters for the jth bull in
country i. In MCE, one solution exists per bull (§;), and
proofs of mn bulls in ¢ countries are calculated as
(Qg+8)@1,]+(1, ®¢).

It is possible to consider different heritabilities for
different countries in MCE by modifying Eq. [3] as fol-
lows. First, divide both sides of the equations by k.
Second, replace D'/k with D 'K ', where

K 0 - 0

N 0 K, - 0
K= K=, 7 . ]
0 0 - K,

The benefits of MCE were

1. Simultaneous comparisons of sires across mul-
tiple countries.

2. Use of an international pedigree for considering
genetic relatedness among sires.

3. Moderating possible bias in proofs of imported
sires via the relationship matrix.

4. Making use of a considerably larger amount of
information, not limited to common bulls be-
tween 2 countries, and not limited to 2 countries.

The shortcomings of MCE were

1. Unity genetic correlation between countries (no
G x E).

2. Same sire (genetic) and same residual variances
for the countries.

3. Traits measured in different countries should be
in the same unit; otherwise data from different
countries should be scaled to the same unit be-
fore the analysis and scaled back to the original
units after the analysis.

Schaeffer (1994) applied a multivariate expansion of
the sire equations in MCE, to evaluate sires by coun-
try, thereby extending MCE to MACE and allowing
the across-country genetic correlations to be less than
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unity. Although MCE was not officially used for IGE
in practice, it was the foundation for the officially used
method MACE.

MACE

One of the early attempts after the implementa-
tion of CE and before the implementation of MACE
was a collaboration combining bull evaluations from
the United States and Canada (Wiggans et al., 1992).
That method involved weighted combining of parent
averages and progeny contributions, with bull contribu-
tions removed. Combined reliabilities were calculated
from combined daughter equivalents, equal to the sum
of daughter equivalents in each country, with parent
average daughter equivalents subtracted (Wiggans et
al., 1992). This method was complex and limited to a
country pair. A unified evaluation for all country pairs
and not limited to data from a single country pair was
advantageous and convenient.

Schaeffer (1994) introduced the mixed-model meth-
odology for MACE, multiple across-country evaluation,
officially used for IGE to date. Generally, MACE was
the multiple-trait form of MCE, where data from each
country were considered as different traits. This mul-
tivariate approach allowed different heritabilities and
genetic correlations less than unity among the coun-
tries. As a result, bulls received international proofs
on the base and scale of each country participating in
the analysis, and could be ranked differently in differ-
ent countries, accounting for G x E effects. With the
availability of enough information on environmental
factors (especially if the environmental effects were di-
rectional or imposed by the researcher), reaction norms
would be the choice to model G x E (e.g., Kolmodin
et al., 2002). However, usually environmental effects
are unknown and not directional. In these situations,
G x E has traditionally been modeled by multiple-trait
models, considering a trait’s expression in different en-
vironments as correlated traits (Falconer, 1952). The
benefits of MACE over MCE were

1. Considering G x E across countries by enabling
genetic correlations less than 1, with different
genetic variances and heritabilities.

1.1. Animals receive an evaluation per country.
1.2. Animals rank differently in different coun-
tries.

2. Animals are evaluated in different scales, and
traits do not need to have the same definition
and be measured in the same unit (no scaling
and back-scaling required).

3. Reliability on the scale of each country increases
by transferring information across all countries
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in a more optimal way. Within-country predic-
tions are weighted and combined by genetic cor-
relations via an international pedigree.

Even in the absence of biological G x E, different NGE
models, trait definitions, and units of measurement can
yield non-unity genetic correlations between countries
(statistical G x E).

Methodology

The MACE method is a multiple-trait sire model in
which the same traits, measured and evaluated from
different countries and NGE systems, are considered as
different traits internationally. Observations in country
1 are modeled as

yi=cl+2Qg +Zs, + e, [4]
The complete (multiple-county) model is written as Eq.

[2], with the difference that it is a multi-trait model
rather than a single-trait model. For ¢ countries,

Y1
y=|:
Yi
L0 0
1
0 1, - 0
X = 2 :
0 0 1,
Z, 0
z-|" %
0 0 Z,

In matrix notation, MACE is written as follows:

X'D'X 0 X'D 'z ¢
0 Q/A—IQ © Gt fQ'A_l ® G} &
ZD'X -AQeG!' ZD'Z+AlgG!Qg+s
X'Dly
= 0 ,
Z/D—ly

with the following statistical properties:
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y Xc+7ZQg)| (Z(A®G)Z' +D (A®G)Z D

s| = MVN 0 | Z(A®G) ARG 0],

e 0 D 0 D
(6]

where G is the ¢ x t sire additive genetic variance-co-
variance matrix between the countries. Considering p;
being the number of observations in country ¢, and n
being the total number of sires in the pedigree, vectors
y and e are Xp; X 1, vector s is (n X t) x 1, matrix D
is ¥p; x Xp;, matrix A is n X n, matrix Z is Xp; x (n
x t), and MVN indicates multivariate normal. Similar
to MCE, D has diagonal matrices D; on its diagonals.
Unlike MCE, D, = diag (o’é_ / nw) Therefore, observa-
tions within and across traits (countries) are treated as
residually independent, and both within- and across-
country heterogeneity of residual variances are mod-
eled. To comply with the prerequisite of residually in-
dependent traits, only one trait per country is allowed
in MACE, and it is assumed that daughter groups, by
country, are distinct from one another. The within-
country observations (DRP or DYD) are residually
uncorrelated because the bulls do not share daughters.
However, this can be statistically violated if the NGE
model or the pedigree information fails to adequately
correct for genetic merits of mates or preferential treat-
ment of daughters or ignores common effects between
groups of daughters from different sires. Incorrect cal-
culation of pseudo-observations (DRP or DYD) can
also lead to residually correlated observations. If with-
in-country observations were residually correlated, one
of MACE’s assumptions is not entirely fulfilled. Ignor-
ing such covariances, if they exist, could instead result
in greater prediction error variances than biased IGE
(Schaeffer, 1994).

Matrix A is the additive genetic relationship matrix,
which was initially among all proven sires and their
male ancestors in the international pedigree. In 2013,
based on a report by Jakobsen and Diirr (2012), matrix
A was changed to include sire and dam relationships,
instead of restricting to only the male ancestors via sires
and maternal grandsires (MGS). Changing the MACE
pedigree from sire-MGS to sire-dam was first proposed
by de Jong (2003). The reasons were that in MACE
with a sire-MGS pedigree, all bulls were directly con-
nected to a PPG for the genetic contribution of their
maternal granddam (MGD-PPG), and the genetic
differences from parent average for each dam (Men-
delian Sampling of the dam) were not being directly
modeled. The effect of MGD-PPG on the scale of each
country was large and undesirable, as it increased the
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differences between NGE and IGE more than necessary
and in a suboptimal way. All MGD are unknown in
sire-MGS MACE and are assigned to a PPG (Schaeffer,
1994). For each country included, separate PPG were
used for sires, MGS, and MGD, as recommended by
(Schaeffer, 1994), due to different selection intensities
that might have been applied to each group. By adding
dam information to the pedigree, PPG contributions
were reduced and moved further (more generations)
away from the proven bulls, and the suboptimal use
of a same average MGD contribution for many differ-
ent sires was substantially reduced. Because most bull
dams had more than one proven son, including dams
in the pedigree made important distinctions among son
groups of different dams (de Jong, 2003). Including
dam in the MACE pedigree improved the consistency
between NGE and IGE, as dam information was gener-
ally included in the pedigree for NGE systems. Ignoring
inbreeding coefficients in the population, the contribu-
tions of each bull to A™' in the sire-MGS application
were as shown below (Schaeffer, 1994):

Bull Sire MGS MGD
Bull z —z/2  —zf/4 —z/4
Sire —z/2 z/4  z/8 /8
MGS -—=z/4 /8 z/16 z/16
MGD -z/4 /8 =z/16 z/16

where z is the additive genetic to Mendelian Sampling
variance ratio (Mrode, 2005) equal to 16/(m + 11),
m = 0 if both sire and MGS are known, m = 1 if the
sire is known and MGS is unknown, m = 4 if the sire
is unknown and MGS is known, and m = 5 if both sire
and MGS are unknown.

After changing to sire-dam pedigree, the contribu-
tions of animals to A" were as follows:

Bull Sire Dam
Bull  z; —z,/2 —1,/2
Sire 7I5i/2 x55/4 xsd/4
Dam -—=z,/2 z,/4 x4,/4

If both parents are known, all z values are equal to 4/(2
— F,— F,), where F, and F, are inbreeding coefficients
of the sire (s) and dam (d). If only one parent (p being
either sire or dam) is known, then z; = z;, = v, = 2, =
4/(3 — F,), and the other z values are equal to 0, and if
both parents are unknown, then z; = 1, and the other
z values are equal to 0.

The inputs for MACE are national observations (DRP
or DYD), national residual weighting factors (total or
effective number of daughter contributions), the A~
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matrix made from an international pedigree for bulls
with official national proofs, and appended rows and
columns corresponding to PPG, heritabilities reported
by the countries, and sire variances and covariances.

Country Sub-Setting

Interbull estimates sire (genetic) variances and co-
variances. The residual variances are calculated based
on the heritabilities reported by the countries and the
corresponding sire variances. Due to computational
challenges, genetic variances and covariances cannot
be estimated simultaneously. The procedure used is to
create a group of 3 to 4 countries with large popula-
tions and strong connectedness to all other countries (a
link-provider group). The remaining countries, which
are often smaller populations, are divided into subsets
of 3 to 5 countries with relatively good connectedness
among themselves (weak-link groups). Then, the ge-
netic covariances are estimated for the link-provider
group and 2 weak-link groups in turn. This procedure
is continued until all genetic covariances are estimated.
One consequence is that the genetic correlations among
countries of a group are estimated several times, which
need to be averaged. The resulting genetic variances
and covariances among all countries are assembled into
one genetic covariance matrix, which is then subjected
to a bending procedure (Jorjani et al., 2003), to guar-
antee that a positive-definite matrix is always used in
the IGE.

Observations

Observations are introduced via vector y. For several
reasons, national sire proofs cannot be directly consid-
ered in the IGE: (1) national sire proofs are already
regressed statistics; the existing genetic and residual
dependencies between individual daughter phenotypes
are taken into account in the NGE model and cannot
be further taken into account in another model; (2)
using national sire proofs in another genetic evalua-
tion model double-counts the relationship coefficients
among sires; (3) parameters such as heritability and
the variance components for daughter phenotypes are
not directly applicable to sire proofs; (4) national sire
proofs are on a different base and scale than the daugh-
ter phenotypes for many traits of interest. For IGE,
a pseudo-phenotype, which approximates a daughter
average, is used for each sire and trait. The application
of these pseudo-phenotypes is not limited to IGE, as
they can also be used for GWAS (Guo et al., 2012) and
for genomic NGE (Garrick et al., 2009). The pseudo-
phenotypes come in the 2 forms of DYD and DRP, and
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should in either case be free from effects other than
the genetic contributions of sires to the progeny pheno-
types. The DYD are based on a concept first presented
by VanRaden and Wiggans (1991), who defined DYD
as a weighted average of daughter yield deviations
(daughter yields deviated from solutions for known
fixed effects and permanent environmental effects)
adjusted for the merits of a bull’s mates (dams of the
daughters). For IGE, the use of DRP has been preferred
over DYD (Sigurdsson and Banos, 1995). According to
Sullivan (2020), an important advantage of using DRP
in MACE is the reversibility of MACE results to na-
tional proofs, if the only information provided was from
the national evaluation. Reversibility in this context
means that if DRP were used in a MACE analysis for
a single country, effectively excluding all foreign data
from the MACE equations for that country, then the
international MACE proofs would be identical to NGE
proofs. In the application of MACE, sires who do have
new information available from foreign countries will
have MACE results that can differ from NGE, whereas
sires with no new information (i.e., all information,
including from relatives, contributed by only one coun-
try) will have MACE proofs exactly equal to NGE.

In deregression, all the information included in the
NGE is preserved in DRP (Mark et al., 2002; Sullivan,
2020). The aim of deregression is to adjust the NGE
proofs, by removing all effects in common between the
NGE and IGE models, so that these effects can be re-
applied to the DRP in MACE without double-counting
the same information. The model used to generate
DRP for MACE must be identical to the MACE model
for this reversibility to work properly in terms of factors
included (country + sire) and pedigree relationships
and genetic groups used (i.e., the same A and Q matri-
ces are used for deregression and in the MACE model).
The DRP can include additive genetic contributions
other than those of the sire, if these contributions
are estimated at the national level but not within the
MACE model. For example, any pedigree contributions
that are not in common between the national and in-
ternational pedigree (e.g., a different A matrix used for
NGE versus MACE), which would mainly be contribu-
tions from the maternal pedigree (Mrode, 2005), are
captured within the DRP and retained as an integrated
part of both the NGE and the MACE results. The idea
is to retain this additional information in a way that
is consistent with how it was captured as a part of
the NGE sire proofs. Deregression of national proofs
for MACE is performed one country-trait at a time,
because traits are analyzed independently in different
countries. Consequently, MACE equations for a single
country-trait (4) are involved:
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R'1 1R 0 0 ¢ IRy,
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7]

where s, p, and ¢ correspond to sires with proof, rela-
tives without proof, and PPG in country ¢, making
blocks of A™' such as A, and R, = Di/afi = dz’ag(l/nij).
One of the methods often used for deregression of na-
tional proofs was proposed by Jairath et al. (1998),
which Interbull also uses for the incoming data to
MACE. The method iteratively solves the above equa-
tions for R, 'y, and y; = Ry(R; 'y;). The method is
briefly presented in Appendix 1.

Effective Daughter Contributions

In a simple regression procedure, whenever the as-
sumption of constant residual variance across observa-
tions (homoscedasticity) is violated (heteroscedasticity),
a weighted regression model is applied to weight ob-
servations (inversely related to their residual variance)
to minimize the sum of (weighted) squared residuals.
This is the special case where observations are residu-
ally uncorrelated, but different accuracies are involved
with different observations. The MACE method is also
a weighted linear model in which heteroscedasticity is
modeled within and across countries. For the first few
years after the introduction of MACE, the reciprocal
of the number of daughters involved in the evaluation
of the bull was considered as the weighting factor in
MACE and deregression (i.e., the greater the number
of daughters, the higher the reliability and the less the
uncertainty associated with the observation). Neverthe-
less, the residual weighting factors should be consistent
with prediction error variances using progeny data in
the NGE (Garrick et al., 2009). The number of daugh-
ters may not precisely represent the prediction error
variance or the amount of daughter contribution to a
sire’s evaluation.

Fikse and Banos (2001) tested 6 other alternatives to
the total number of daughters, called effective daughter
contribution (EDC). Using the number of daughters
overestimated the genetic variance. International reli-
abilities were affected by the choice of weighting fac-
tors, but the effect on international breeding values was
marginal. The impact of weighting factors would be
greater when different countries apply different NGE
models and when genetic ties between some popula-
tions are weak (Fikse and Banos, 2001). The NGE
model (whether it is a multiple lactation, repeatability,
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or any other model) should be considered in the choice
of a proper weighting factor (EDC). Factors such as
contemporary group structure, correlation between
repeated records, and reliability of dams of daughters
should be considered in the EDC calculation (Fikse and
Banos, 2001).

Although the reliability of the national proof may be
seen as a candidate for a weighting factor, it requires
that countries predict reliabilities in the same way. A
simulation study (Fikse and Sullivan, 1999) showed
that weighting factors based on national reliabilities
might introduce error to IGE.

Phantom Parent Groups

Like any form of BLUP, MACE regresses genetic
merit solutions toward the population mean, which
is assumed to be zero. As a result, the merit of any
unknown parent is equal to zero. In reality, unknown
parents are selected animals resulting from the nonran-
dom mating of selected parents. Therefore, depending
on the generation they belong to, their selection path,
and their genetic background, they can be assigned to
different groups (PPG) with genetic expectation pos-
sibly different from zero. The definition of PPG is the
researcher’s choice, and it is population dependent. In
terms of IGE for dairy cattle, it is defined based on
country of origin, year of birth, and 4 pathways of se-
lection (sires of sons, sires of daughters, dams of sons,
and dams of daughters). Breed composition is also a
possible component of PPG (Schaeffer, 1985). Whereas
breed composition is an important factor in PPG for
multibreed evaluations, in MACE the bull’s country of
origin is similarly important in PPG for this multiple
country model, where evaluated animals are mostly
purebred.

Phantom parent groups can be considered as either
fixed or random effect in the model. Often, treating
them as fixed effect has shown estimability problems
(Schaeffer, 2018). This is mainly due to collinearity
problems among PPG or between PPG and other fixed
effects in the model. Therefore, treating them as ran-
dom is recommended. Treating PPG as random, the
PPG solutions sum to zero, and the solutions for bulls
are presented relative to the same genetic base within
each country (Mrode, 2005). Initially, PPG were con-
sidered as fixed effects in MACE, but by the year 2000,
they were treated as random effects.

Validation of NGE

An assumption for any IGE method is the unbiased-
ness of NGE. An NGE is expected to remove as much
bias as possible from the evaluations by correcting for
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systematic environmental effects. The NGE model is
supposed to be able to make unbiased predictions of
bulls’ breeding values, free from all fixed effects known
to be influencing the trait in that country (Schaeffer,
1985). Pedigree errors or incompleteness (Banos et al.,
2001) and inaccurate parameters are other sources of
bias, which also reduce accuracy of the evaluations. For
accurate and unbiased results, the data upon which
selection decisions have been made should be present
in the data (Henderson, 1975; Kennedy et al., 1988).

The unbiasedness of IGE is tied to the unbiasedness
of NGE (see, for example, Patry et al., 2013). Con-
sequently, a common practice performed by Interbull
is the validation of NGE, which is performed when a
population is joining IGE for a trait, when the NGE is
modified, or when an existing validation result expires
(2 yr).

Interbull conducts 4 validation tests for NGE data
entering MACE. The first 3 validation methods were
developed by Boichard et al. (1995), and the fourth
by Tyriseva et al. (2018). In summary, the validation
methods are as follows:

1. Method 1. Comparison of evaluations from data
of all lactations with those of first lactations only
(comparing genetic trends using first-lactation
records versus all lactations to evaluate the influ-
ence of data from different daughter age groups
on the genetic trend).

2. Method 2. Within-bull variation of daughter
yield deviation (estimating year effect—i.e., non-
genetic time trend—on bulls’ DYD over years of
data in the NGE).

3. Method 3. Analysis of trend in bull evaluations
over time (investigating the randomness of varia-
tion in successive bull proofs).

4. Method 4. Validation of the consistency of Men-
delian Sampling variance (testing the homogene-
ity of genetic variance and the time trend of the
Mendelian Sampling variance).

POST-MACE METHODS
Multiple Trait per Country MACE

Whereas NGE usually analyze multiple traits or a
trait across multiple lactations, due to the limitations
of MACE, those could not be analyzed together at the
international level because only one trait per country
is included in a MACE analysis. If the traits had been
analyzed separately at the national level, those traits
cannot benefit from other within- and across-country
correlated traits (i.e., only one correlated trait per
country). However, if the traits had been analyzed si-
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multaneously at the national level, the within-country
correlated trait contributions are retained in the DRP
of the chosen trait to be included in MACE, but no
IGE proof is obtained for the other within-country
traits. Similarly, in MACE the trait would benefit from
only one rather than multiple traits per country, and
IGE proof is produced for one rather than multiple
traits in another country. This argument can also be
used for biological traits that are analyzed in multiple
lactations; for instance, nationally produced proofs for
separate lactations cannot be included in MACE. Con-
sequently, within-country covariance structure is not
used at the IGE level.

To remedy this, Schaeffer (2001) developed a method
called multiple trait per country MACE (MT-MACE),
which allowed the inclusion of multiple traits per coun-
try in IGE (i.e., nonzero residual covariances between
traits from the same country). Similar to MACE (Eq.
[4]), trait j within country 4 is modeled as follows:

Yi = C/L’j]- + Qgij + s;; + e [8]

Aside from the residual variance-covariance structure
and the observations (within-country traits, if more
than one, should go through a multi-trait deregression
procedure), the preceding equation is similar to the way
that each trait is modeled in MACE (Eq. [4]). In matrix
notation, MT-MACE equations for country i are writ-
ten as follows:

1D "1 1'D;! 0 0 é
D'l D'+A7®G" AY®G" AY2G"|S,
0 AP ®G" AP RG" AY®G"|P
0 AP G AT @G AF oG8
D,y
_| Dy,
0
0

[9]

where G" is the block of G for country i. Matrix D, !
should account for the nonzero within-country within-
sire residual covariances. It is a block diagonal matrix
with D;;' on the diagonal for bull k. Daughters of bulls
recorded for multiple traits are the major source of re-
sidual covariances. However, daughters might have
been measured for a different combination of traits. In
an example of a 3-lactation trait within a country,
Schaeffer (2001) showed how D},' is calculated:
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1 _ _ _
D, =n R0 +m10R110 + iR [10]

where n, ¢, 111, and n; ;; are the numbers of recorded
daughters for the first lactation only, for the first 2
lactations only, and for all the 3 lactations, respectively,
and

b 000
RiO,O =10 0 0f
0 0 0
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N1 N2 0
Rio= [7"21 7”22] 0
0 0 0
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where R,; is the residual variance-covariance matrix
among the lactations within country 7. For the analysis
of t biologically distinct traits rather than [ lactations
of a trait, the number of combinations changes from [
to 2' — 1. For example, in the analysis of milk (m), fat
(f), and protein (p) yields (Nilforooshan, 2011),

[11]

_ 1 1 1 —
Dikl = Zm:()z]f:ozp:onmyﬂp m.f,p?

where R is the generalized inverse pertaining to the
nonzero elements specific to each trait, and consequent-
ly Rygo = 0. As a result of MT-MACE, all bulls receive

evaluations for all the traits in all the countries, with
the possibility of reranking across countries and across
traits within a country (Nilforooshan, 2011).

Matrix D;' (Eq. [9]) is used for both within-country
multi-trait deregression (as explained by Schaeffer,
2001) of national proofs and MT-MACE. Sullivan and
Wilton (2001) introduced another interpretation of
MT-MACE. Whereas the method of Schaeffer (2001)
was based on within-country within-sire residual
weighting blocks, the method of Sullivan and Wilton
(2001) was based on within-country within-sire within-
trait residual weighting factors (i.e., diagonal D™'). The
method of Sullivan and Wilton (2001) was practically
more appealing, as after the derivation of the weighting
factors (called effectively independent EDC by Sulli-
van, 2020), MT-MACE can be performed using the
ordinary MACE machinery. In this interpretation of
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MT-MACE, within-country traits are included in
MACE as if they were residually independent traits. It
is also difficult for the NGE centers to provide Interbull
with residual weighting blocks (Schaeffer, 2001). An-
other advantage of the Sullivan and Wilton (2001) in-
terpretation of MT-MACE is that it is based on EDC,
rather than the number of daughters. The different
options for applying MT-MACE were described and
compared in detail by Sullivan et al. (2005).

Calculating EDC for MACE is performed at the na-
tional level for each trait separately. In the MT-MACE
implementation of Sullivan and Wilton (2001), different
EDC factors are calculated and used in the deregression
procedure and MACE. The objective of the method of
Sullivan and Wilton (2001) is to calculate multi-trait
(residually) independent EDC that allow the inclusion
of within-country traits in MACE as the equivalent of
traits from different countries. This requires deriving
weighting factors for a multiple-trait model considering
zero residual correlations and nonzero genetic correla-
tions among the traits (Sullivan and Wilton, 2001). In
other words, the off-diagonal weights in the residual
block are imposed on the diagonal values so that the
resulting diagonal EDC matrices yield prediction error
variances equivalent to those diagonal EDC matrices in
single trait per country MACE (Sullivan, 2020).

The method of Sullivan and Wilton (2001) for the
derivation of multi-trait independent EDC factors is
presented in Appendix 2. Despite many studies per-
formed on MT-MACE (Schaeffer, 2001; Sullivan and
Wilton, 2001; Sullivan et al., 2005; Mark and Sullivan,
2006; Nilforooshan et al., 2010a, 2014), it has never
been officially adopted for IGE.

Genomic MACE

By 2010, many Interbull member countries had al-
ready implemented or were in the process of imple-
menting genomic BLUP (GBLUP; VanRaden, 2008)
to enhance their NGE. There was an increasing demand
by the industry for having genomically enhanced IGE,
mainly to facilitate worldwide marketing of genetic
materials from young genotyped bulls without progeny,
or without enough progeny to receive an official proof.
VanRaden and Sullivan (2010) introduced genomic
MACE (GMACE) methodology to accommodate
national genomic evaluations (genomic EBV, GEBV)
into IGE. Interbull Centre soon adopted this method
for pilot studies, and in August 2014 the first official
GMACE results were released for the Holstein breed
and all the 7 trait groups (Tables 1 and 2) to the par-
ticipating countries.

Genomic information can be transferred among coun-
tries by combining their national GEBV (VanRaden
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and Sullivan, 2010), genotypes, or national genomic
equations (Goddard et al., 2018). In GMACE, genomic
information is transferred via A~' from deregressed na-
tional GEBV with reciprocals of genomically enhanced
EDC used as residual weights. Compared with MACE,
GMACE uses genomically enhanced EDC instead of
EDC, and national GEBV instead of national EBV.
Residuals between countries are no longer independent
if countries use foreign data (e.g., MACE proofs) re-
gressing on genotypes, or for predicting marker effects
in their genomic NGE (VanRaden and Sullivan, 2010).
Similar to MT-MACE, GMACE deals with nonzero
residual covariances. Theoretically, it is possible con-
sidering more than one trait per country in GMACE,
but in practice one trait per country is included so far.
Therefore, nonzero residual covariances are limited to
within sire across country. The same methodology that
made possible the interpretation of MT-MACE using
the MACE procedure (Sullivan and Wilton, 2001) also
made possible the implementation of GMACE using
the MACE procedure.

Another difference between MACE and GMACE is
in the approximation of reliabilities. The MACE re-
liabilities are approximated by the method of Harris
and Johnson (1998), and a modified version is used
for MT-MACE (Mark and Sullivan, 2006). Neither of
these methods account for nonzero residual correlations
between countries (Sullivan and VanRaden, 2009). Sul-
livan (2013) made improvements to the reliability ap-
proximation for GMACE.

Additional effective daughter equivalents from ge-
nomic information (EDC,,,) are added to the effective
daughter equivalents without genomic information
(EDC), applied to the diagonal elements of D™'. The
residual covariances created by daughter equiva-
lents from foreign genomic information is a function
of the number of common genotyped bulls between
the 2 countries, the genetic correlation between the
2 countries, and EDC,,,/(EDC,,, + EDC,,) in each
country, where EDC = EDC,,, + EDC,,,, EDC,, is the
daughter equivalent contribution from parent average,
and EDC,,, is the effective daughter contribution from
daughters themselves (VanRaden and Sullivan, 2010).

Like MACE, data used in GMACE go through a vali-
dation procedure. Mantysaari et al. (2010) proposed a
validation procedure for national genomic evaluations
in GMACE. This procedure is well-explained and tested
by Nilforooshan et al. (2010b).

SNP-MACE

Genomic predictions can be made in various ways,
including GBLUP, BLUP at the SNP level (SNP-
BLUP), single-step GBLUP (ss-GBLUP), or single-

Journal of Dairy Science Vol. 105 No. 1, 2022

step marker effect model (ssMEM; Fernando et al.,
2014). Koivula et al. (2012) made comparisons among
GBLUP, ss-GBLUP, and SNP-BLUP. Unlike the first
2 methods, which estimate genomic predictions at the
animal level using genomic relationship matrices, the
latter estimates genomic predictions at the SNP level
(i.e., BLUP estimates of marker effects, assuming a
normal distribution and equal variance for all markers;
Koivula et al., 2012). Then, animals’ direct genomic
values can be calculated by summing up allele substitu-
tion effects (i.e., SNP effects obtained from SNP-BLUP)
over genotype across all markers. Liu et al. (2016) ex-
tended SNP-BLUP to include residual polygenic effects
(additive genetic variance not explained by the markers
due to causal variants in other parts of the genome
and incomplete linkage disequilibrium between the
SNP markers and the causal variants). Fitting residual
polygenic effects in genomic evaluations is important to
reduce the inflation of genomic predictions (Liu et al.,
2016; Nilforooshan, 2020).

The SNP-MACE method (Goddard et al., 2018)
has been proposed as a possible method of IGE for
the future. Interbull has formed a working group for
the methodological development of SNP-MACE. Ac-
cording to Goddard et al. (2018), the main distinction
between SNP-MACE and a multiple-trait SNP-BLUP
is that SNP-MACE is a meta-analysis combining SNP
solutions from different countries. For ¢ countries, the
SNP-MACE model is as follows:

¢
[ Al ] / .
®, @, ||(my (1 Zl) Dy,
z - : ; [12]
®, @, [ ‘?t ] (1 Zt)/ thlyt
m,
1D;'1 1'D;'Z,
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ZD "1 Z/D;'Z, +G”
P o0 [14]
ili=g i |3
0 ¥, +GY
—0.5 —0.5
v, = (z/D;*%)(D;*’z, ). [15]

Equation [15] is for the situation where the countries
share data and use deregressed MACE proofs contain-
ing common daughter information in their genomic
NGE. If the 2 countries use only national phenotypes to
estimate SNP effects, then ¥, = 0. Matrix ®; is the
left-hand-side of the national SNP model from country
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1, and \Il is the residual covariance co-incidence matrix

between SNPS in countries ¢ and j. Vector y; is a vector
of observations (DRP) of reference animals, Z; is the
design matrix for genotypes in country 4, coded as 1 —
2p,; for the heterozygotes, 2 — 2p;;, and —2p,; for the 2
types of homozygotes (genotypes must be coded in the
same way in different Countrles) Dij is the allele fre-
quency of marker in country 1,
D, = Var(e;) = dzag( /nlk) ae is the residual variance
in country 4, ny is the daughter contribution of animal
k in country 4 based on the reliabilities of the bull and
its parents, ¢, is the country (7) mean estimate expressed
on the scale of direct genomic values (rather than
GEBV), m, is the vector of SNP effect solutions on the
scale of country i, and

Gll
th . Gtt

Relying on the assumption that the same set of m SNP
markers are used in ¢ countries,

o116 oy,by,

Var(g)=G=| D@L [16]
010y 00,

/6, = zj:12pij (1 — pij); [17]

Oy = \len‘akk? [18]

where I, is an identity matrix with the size of m num-
ber of SNPs, and 6 values are scaling factors taking into
account allele frequencies across genotypes. The model
assumes that all SNP effects in different countries are
genetically correlated with the same genetic correla-
tions as the correlations between predicted genetic
merits. We think that D;0‘5D;0'5 in Eq. [15] may need to

be multiplied by 7, which is the element in the inverse
of the residual correlation matrix corresponding to
countries ¢ and 7, as DZ._O'5D_.O‘5 implies a residual corre-

lation of 1 between countries 7 and 7.

The SNP-MACE method involves exchanging na-
tional genomic equations [®; and (1 Zz)l D'y, for
country | between countries and Interbull. Information
between countries is exchanged for m; solutions via ¥
+ GY (Eq. [14]). Combining data over countries is ex—

pected to increase the accuracy of SNP effects and
therefore GEBV. Moreover, the accuracy of GEBV de-
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pends on the proportion of genetic variance explained
by the SNP markers.

Usually, countries use different sets of SNPs in their
genomic evaluations, using different genotyping chips
or different sets of SNPs from the same chip. The lat-
ter may happen after the quality control procedure.
Limiting the number of equations to SNPs in common
between all countries, a lot of information and genetic
variation could be lost. One recommendation would
be to use SNPs used in more than one country. As a
result, ®; and ®; are square matrices with different
sizes and ®; is a rectangular matrix. A square block
of ®,; contains SNPs in common between countries i
and j. With equations for country i appearing before
equations for country j, ®,; would have rows of zeros for
SNPs in country i but not in country j, and columns of
zeros for SNPs in country j but not in country 4. The
structure of G~ would need to change as well, and
G would become a rectangular matrix. Generally, the
beneﬁt from SNP-MACE is expandable to genotyped
animals from the participating countries that were not
present in the analysis. This is achieved using conver-
sion equations. However, if the set of SNPs used in
different countries are different, sharing genotypes or
re-genotyping the same animal in the other country is
needed to calculate GEBV of the animal on the base
and scale of the other country. Otherwise, a nonoptimal
solution would be to calculate GEBV of the animal
on the base and scale of the other country, based on
the SNPs that the 2 countries have in common. The
SNP-MACE method potentially benefits GMACE. The
SNP-MACE solutions converted to GEBV can be used
as input to GMACE if the corresponding input is miss-
ing in GMACE (Sullivan, 2020).

GENOMIC ERA AND GENOMIC PRESELECTION

Commercial production of genotyping arrays with a
massive number of SNPs paved the way for implement-
ing the genomic methods suggested by Meuwissen et al.
(2001). However, it was not clear how the new SNP data
would be integrated into animal breeding programs, and
how the structure of such programs would be affected
by such implementations. Schaeffer’s (2006) article on
applying genome-wide selection in dairy cattle stirred
interest among dairy cattle researchers. The contribu-
tions of Van Tassell et al. (2008) toward the design
of a bovine chip, and of VanRaden (2008) toward the
design of the statistical methods to analyze SNP data,
were crucial in making the first large-scale genomic
evaluation of dairy cattle, at the USDA, a reality. The
Interbull community was very quick to form a genomic
task force so that possible scenarios for genomic IGE
could be examined.
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The preliminary report of the Interbull task force
(Banos et al., 2009) envisaged many scenarios, the
first of which was for the Interbull Centre to access
national predicted genetic merits and genotype of bulls.
If that were the case, then the Interbull Centre would
pool genotypes to form a common reference population
and use the MACE proofs to start a pseudo-national
genomic evaluation on behalf of the participating
countries. The size and the structure of the reference
population size greatly influences the accuracy of ge-
nomic estimated breeding values (Hayes et al., 2009).
The reference population size for many national dairy
cattle breeds is small. Consequently, pooling national
reference populations into an international reference
population is greatly beneficial, especially for small
breeds. The InterGenomics project is about pooling
genotypes of bulls with MACE proof from multiple
countries for building a common reference population
and performing a multinational genomic evaluation
based on the GBLUP methodology (VanRaden, 2008).
At first, several European and the US Brown Swiss
populations joined InterGenomics (Jorjani et al., 2010),
but later this project was also adopted by several Hol-
stein populations (Jorjani et al., 2017).

Availability of genomic evaluations for young bulls
makes it possible to distinguish among full-sibs, for dif-
ferent Mendelian Sampling terms. Consequently, next-
generation cows will not be from a random sample of
sons. This will create bias in national and international
genetic evaluation (Patry et al., 2013). From a theo-
retical point of view, the implementation of genomics
in dairy cattle may aggravate violations of underlying
assumptions of the BLUP animal model (Schaeffer,
2018). These violations can potentially lead to bias in
national and, consequently, international genetic evalu-
ations. Sullivan et al. (2019) have proposed using newer
methods to minimize these potential biases in both
NGE and IGE, by improving the model assumptions
and accounting for genomic preselection effects.

The use of genomic selection in the national evalu-
ations has also changed the structure of dairy cattle
populations, in the sense that the turnover of young
bulls has become much faster. This has 2 consequences.
The first is that the semen of young bulls is used during
a short period of time, and consequently their offspring
are born during a short period of time. The second is
that the generation path from sire to son has become
so short that some bulls become paternal grandsires
before they have enough daughters with records to re-
ceive official proofs to be considered in IGE. These 2
consequences have an indirect effect on IGE, because it
becomes increasingly challenging to find enough bulls
to perform validation tests.
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FUTURE OF MACE AND IGE

To date, IGE has been officially practiced for 6 dairy
breed groups (Holstein, Brown Swiss, Guernsey, Jersey,
Red Dairy Cattle, and Simmental) and 5 beef breed
groups (Charolais, Limousine, Angus, Hereford, and
Simmental). Similar attempts have been initiated for
horses (Bruns et al., 2004; Thorén Hellsten et al., 2008,
2009; Ruhlmann et al., 2009) under the project Inter-
stallion, also using MACE. For IGE of beef, MACE
was not a good candidate because (1) some countries
did not have an NGE for beef, and thus, MACE was
out of the question for them; (2) daughter groups are
considerably smaller for beef than for dairy breeds, so
that there is less benefit in using MACE; and (3) unlike
dairy traits, males have phenotypes in beef traits.

Generally, a multi-trait animal model with national
data from multiple countries combined is used for the
IGE of beef. Phenotypic data from each country is
considered as a different trait, possibly with a different
model. Interbeef (a working group of the International
Committee for Animal Recording) is leading the IGE of
5 beef breeds, 8 populations in 10 European countries,
and 2 trait groups (weaning weight and calving, the
latter including calving ease and birth weight; Bonifazi
et al., 2020).

With concerns over the unbiasedness of national
BLUP in the presence of genomic preselection (Patry
et al., 2013; Schaeffer, 2018), there are concerns about
the unbiasedness of MACE and its life expectancy. Ge-
nomic selection has been extensively carried out for the
Holstein breed in many countries. Therefore, we can say
that at least for the Holstein breed, the national bias
may render the current MACE application inadequate.
However, MACE has continued to be used, and may
do so for some time in the future, because the amount
of bias has not yet been high enough to make MACE
completely obsolete. The fact that different NGE still
manage to pass the Interbull validation tests indicates
that bias is still low. Additionally, no strong candidate
and practically feasible method has been proposed to
replace MACE. Debate exists about the amount of
genomic preselection bias in practice, as it may be re-
duced by accumulating daughters over time (Sullivan,
2020). Therefore, this bias may mainly target young
bulls. Although the overall bias may show reduction
over time, genetic trends are biased in different subsets
of population in different ways (Masuda et al., 2018).

Many studies have assessed the bias of genomic pre-
selection in simulated data (e.g., Jibrila et al., 2020).
However, few studies have examined within- and across-
country genomic preselection bias on real data (e.g.,
Patry et al., 2013; Wang et al., 2020). Depending on
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the extent of genomic preselection and its accuracy, its
bias can differ from one population to another. Valida-
tion of NGE with emphasis on genomic preselection and
empirical estimates of its bias is necessary. Methods are
already in place for this (Méantysaari et al., 2010; Nil-
forooshan et al., 2010b; Tyrisevé et al., 2018); however,
further research is necessary. The extent of genomic
preselection in breeds other than Holstein-Friesian does
not seem to be at a level to rule out MACE for those
breeds. Therefore, MACE may still be used for those
breeds as well as for other species.

In the future, MACE may be used for purposes other
than IGE. Generally, wherever residually independent
variables are to be analyzed together, MACE is a pos-
sible candidate. For residually correlated traits, MT-
MACE is a candidate to combine EBV of traits from
separate analyses. Due to computational limitations,
countries may not be able to analyze raw phenotypes
on all traits in a multiple-trait model. Therefore,
they analyze traits in single-trait models or groups of
multiple-trait models, and then combine the solutions
using selection index theory (Weigel, 1996; VanRaden,
2001). The MACE method can achieve more accu-
rate results than a selection index due to a properly
weighted system of genetic and residual (variances)
information. The first step is obtaining residually in-
dependent DRP from EBV. Then, those DRP can be
analyzed by the MACE machinery. Assuming national
traits are analyzed in single-trait models, the traits can
be deregressed using a single-trait deregression proce-
dure and single-trait EDC factors, but because MACE
does not enforce nonzero residual correlations, the re-
sidual correlations between traits should be enforced
via multi-trait EDC factors in MACE (Sullivan and
Wilton, 2001). The work of Sullivan and Wilton (2001)
increased MACE’s life expectancy in a situation where
residually correlated traits (e.g., traits from the same
country) are to be used in IGE.

Confusion arises when some of the traits had been
previously analyzed together in a multiple-trait model.
For those traits, the residual contribution of traits to
each other are already accounted for. We suggest 2 ap-
proaches: (1) multi-trait deregression of the EBV (of the
traits analyzed together) using multi-trait EDC factors
to remove the residual contributions of the traits on
each other, and then reinforcing those contributions in
the re-regression step; (2) assuming the same pedigree
used for all the traits, ignoring residual correlations
in the deregression procedure (preserving the residual
contributions), and then skipping reinforcing those con-
tributions in the re-regression step. The re-regression
step can be either MACE using multi-trait EDC factors
(Sullivan and Wilton, 2001) or MT-MACE (Schaeffer,
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2001). Considering an example of an NGE with 4 traits,
where traits 1 and 2 and traits 3 and 4 are analyzed in
2 multiple-trait models, the first approach would be de-
regressing the 2 groups of traits separately, taking into
account the residual correlations between traits 1 and
2 and between traits 3 and 4, and then considering all
the (6) residual correlations in multi-trait EDC factors
used in MACE or multi-trait EDC blocks used in MT-
MACE. The second approach would be de-regressing
EBV for each trait independently, ignoring residual
correlations, and then reinforcing residual correlations
except those between traits 1 and 2 and between traits
3 and 4, in multi-trait EDC factors used in MACE or
multi-trait EDC blocks used in MT-MACE.

Assuming the same pedigree is used for all the traits
in an NGE, all animals receive EBV for all the traits.
That provides great opportunities for data transforma-
tion. One possibility is to transform EBV to residually
independent variables before deregression. Such trans-
formation for animal 4 involves y; = T'y,, where y repre-
sents EBV from the NGE model, TRI" = diag(k;).
Matrix I" makes y elements residually independent, R,
is the residual variance-covariance matrix for animal i,
and vector k is different from one animal to another
due to the different accuracy of each trait’s proof. De-
composing the residual correlation matrix among the
traits to its eigenvalues (B?) and eigenvectors (U), P =
UBU'. Then T = L'P, where L is the matrix of eigen-
vectors for PP’. Then, MACE solutions should be
back-transformed to the original scale (I 'a, = 1,,
where @, = Qg, +8, is the vector of MACE solutions
for animal 7 on the transformed scale).

The SNP-MACE method is a strong candidate as
an additional service along with MACE and GMACE.
The 2 major advantages of SNP-MACE are (1) the
number of SNPs does not grow as fast as the number of
genotyped animals, so that fewer equations need to be
solved; and (2) it directly benefits genotyped animals
included in the analysis, and indirectly benefits other
genotyped animals in the participating countries via
SNP conversion equations. A disadvantage of SNP-
MACE is that it has nothing to offer for nongenotyped
animals. A future development in SNP-MACE might
incorporate residual polygenic effects, similar to the
equivalent SNP-BLUP with residual polygenic effects
(Liu et al., 2016). It is not guaranteed that SNP-MACE
would be free from genomic preselection bias, as pre-
selection of animals based on their GEBV constitutes
preselection on different SNP alleles, and changing
allele frequencies. National and international genomic
evaluations (both GMACE and SNP-MACE) become
biased due to the use of DRP in genomic NGE, to lesser
degrees compared with evaluations without genomic
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information but perhaps similarly for GMACE relative
to SNP-MACE (Sullivan, 2020).

Fulfilling the underlying assumptions of Eq. [12-15]
poses some practical difficulties for SNP-MACE. Coun-
tries need to use only the bull proofs that are based on
domestic daughters. If the exchange of female geno-
types across countries becomes more widespread, spe-
cial attention should be given to bull dams so that any
residual correlations can be avoided. The restriction on
the use of foreign data may force countries to have 2
evaluations, one before a genomic IGE and one after.
Further, given the differences in breeding objectives in
different countries, it is not clear whether all countries
can agree on the same set of SNPs to be used. It may
also be that the minor allele frequency of some alleles
in some countries is below the threshold of data edits.
Furthermore, if the national genomic model assigns
zero variance to any SNP, the effects of such SNPs from
an international genomic model will be of limited use
for that country and lead to missing variance.

It is difficult to know where the future of animal
breeding and IGE lies. However, given that a new era
of animal breeding has begun, using genomics, it is dif-
ficult to imagine the future of IGE without genomics.
The number of genotyped animals is increasing rapidly.
With the number of genotyped animals exceeding the
number of SNPs, singularity problems would arise in
some animal models that involve a genomic relation-
ship matrix with the size equal to the number of geno-
typed animals, and estimating SNP effects is more
practical and beneficial than estimating individuals’
genetic merits. Furthermore, not every individual is be-
ing genotyped, and an ideal model would include infor-
mation on both genotyped and non-genotyped animals.
The ss-GBLUP method for simultaneous genetic evalu-
ation of genotyped and non-genotyped animals (Aguilar
et al., 2010; Christensen and Lund, 2010) has received
a great deal of attention from animal breeders around
the world. It involves replacing A ' in BLUP with H ™",
which involves both pedigree and genomic information.
Due to the inclusion of both genotyped and non-geno-
typed animals in the model, bias from genomic prese-
lection is reduced considerably. Missing genotype and
phenotype information for certain animals may intro-
duce slight bias to ss-GBLUP (Jibrila et al., 2020,
2021). Simultaneous evaluation of genotyped and non-
genotyped animals is also appealing for IGE. However,
fitting MACE with an H™' matrix does not seem to be
a feasible option for numerous reasons: (1) difficulty
and lack of willingness in sharing genotypes globally by
NGE centers; (2) computational challenges of calculat-
ing international G~' and A}, matrices by the Interbull
Centre, where G is the genomic relationship matrix
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between animals, and A, is the block of A correspond-
ing to genotyped animals; (3) different genotypes or
different sets of SNP markers from the same chip are
used by the NGE, and an international imputation to a
defined or desired set of SNP markers would be another
challenge for the Interbull Centre; (4) conflicting geno-
types among if not within countries; (5) different coun-
tries may prefer different weights of blending G and
A,,; and more. Despite single-step methods becoming
more popular, their application is generally limited to
NGE (Sullivan, 2020). Nevertheless, a single-step IGE,
if technically and practically possible, should be pur-
sued. More and more countries are converting their
NGE system to ss-GBLUP. Although sire proofs from
those evaluations can be used in GMACE, they cannot
be used as input to MACE, because genotypes are
shared multinationally. Similarly, for the 2-step ge-
nomic NGE, MACE proofs are often used as input.
Therefore, countries need to keep their BLUP evalua-
tions in place to be able to submit data to MACE, in
its current form (Sullivan, 2020).

One of the limitations of MACE, rooted in the use
of DRP, is the addition of artificial interaction to G x
E. This limitation is not specific to MACE but applies
in other IGE methods too. This artificial interaction
between sire proofs comes from different data editing
procedures and genetic evaluation models, leading to
genetic correlations less than unity even if no biological
G x E exists (Mrode, 2005). By contrast, G x E within
large countries might be greater than G x E across
small countries, or countries with similar climates and
production systems (Rekaya et al., 2001). A few studies
have suggested borderless evaluations based on mul-
tiple-trait herd cluster models, grouping herds across
countries based on similar production environments
(Lohuis and Dekkers, 1998; Weigel and Rekaya, 2000).

When it comes to developing and choosing a method
for future IGE, as always, practical considerations and
the type of data possible to share with Interbull are
crucial factors (Sullivan, 2020).

SUMMARY

Genetic exchange across countries will continue. In
the past, the major flow was from the North American
countries to other countries. In the future, the exchange
flow is expected to be multidirectional. The global re-
duction in the effective population sizes is something to
be addressed. The MACE method has been the most
long-lasting and reliable method of IGE, and subse-
quent methods such as MT-MACE and GMACE are
built upon its structure. In the new era of genomics,
genomic preselection has caused bias in national BLUP
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and, by extension, in MACE evaluations. This bias also
influences other forms of NGE, directly and indirectly,
if DRP from BLUP are used as input information. The
scale of genomic preselection is less severe in breeds
other than Holstein. Therefore, MACE may continue to
be used for the non-Holstein breeds, or even for other
species or for purposes other than IGE. By contrast,
countries may choose to continue using MACE proofs
if they continue using their national BLUP evaluations,
accepting that their national BLUP evaluations might
be biased and that bias is introduced to MACE by the
other participating countries in the analysis. Bias from
different countries might be aggregative or lessening,
depending on selection decisions in each country. Ge-
nomics is expected to play a major role in the future of
IGE. Although SNP-MACE might be seen as a future
alternative to MACE, it might not be an ultimate alter-
native, as it does not address non-genotyped animals.
Also, the willingness of countries to share genotypes
and SNP effects is presently unclear. It might not be
possible now, but a future IGE may involve exchang-
ing genotypes between countries and Interbull. The
successful experience with the InterGenomics project
for the Brown Swiss breed has shown that this is pos-
sible. Bias from genomic preselection remains an issue,
and a method to systematically correct for it would
be a breakthrough. Assumptions on random Mendelian
Sampling and its normal distribution might need to
change, and the expectancy of the amount of skew-
ness that each animal contributes to the distribution
might need to be approximated. Meanwhile, MACE is
continuing to be used, and could remain relevant for
years to come, but the beginning of its end has prob-
ably begun.
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APPENDIX 1

Method of Jairath et al. (1998), with corrections and
simplifications to the original paper, for the deregres-
sion of national proofs from country i. (Notations are
defined in the article.)

Given a; [the vector of sires’ genetic evaluations (¢;1
+ Qg; + s;)], matrices A" and R;!, and h? these
steps are followed to compute the vector of deregressed
proofs (y,):

1. Ci == 0
2. (Qg;,+s;)=a;,— ¢l
—1

P, N ANAING
== (Qg; +s,)

g |A7 A=| [A®

4. R y) =R, 1+ (R "+ A%)(Qgi + s) +
Apik; + A¥gk;

5. ¢ = 1’[(Ri71yi) - R, ' (Qg; + Sz‘)]/llRfll
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6. If convergence is not met, go to step 2
Ty = Ri(Ri71Yi)

Step 3 involves solving rows 3 and 4, step 4 involves
solving row 2, and step 5 involves solving row 1 of Eq.
[7]. Jairath et al. (1998) did not mention how the con-
vergence is met (step 6). One option is the relative
difference between solutions from consecutive iterations
being smaller than a small positive value (¢):

(&y) (&) [frty) ~(ry) |

(5] (R7)

<e.

APPENDIX 2

Method of Sullivan and Wilton (2001) for the deriva-
tion of multi-trait independent EDC factors. (Notations
are defined in the article.)
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The diagonal matrix, ]');Cl, is computed for bull & in
country 4, where ¢ is a small positive value for the con-
vergence criterion, szkl is the corresponding matrix
used in MACE, and Gj;, R, and Bj; are the jth diagonal
elements (for the jth of ¢ number of traits) of G; R,
and B, respectively:

1. =0
2. For jin 1 to t:
5 1) _ p-l

2.1. D, ”

3. gl = {diag diag (D;;(l))/diag (Ri )] + Gi_l}l
4. For jin 1 to ¢
sl ) _pl R (ij _Bg_]l_))/(G._B(l))

J ijk ]
4.2. Di;kl(lﬂ) = Di;A}(l) + elgvl) x relaz

5 l=1+1

6. If max(e(l - 1)) > e, go to step 3

7. Return D;kl(l)
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