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Abstract

The objectives of this research were to compare estimates of variance components, genetic
parameters, prediction accuracies, and rankings of animals for 305-d milk yield (305-d MY)
and 305-d fat percentage (305-d FP) from random regression genomic-polygenic (RRGM)
and random regression polygenic (RRPM) models. In addition, RRGM and RRPM
prediction accuracies and rankings were compared with those from a standard cumulative
305-d genomic-polygenic model (SCGM). The dataset contained first-lactation monthly test-
day records (69,029 for MY and 29,878 for FY) from 7,206 Holstein-upgraded cows located
in 761 Thai farms. Genotypic data included 74,144 actual and imputed SNP from 1,661
animals. Variance components and genetic parameters were estimated using REML
procedures. The RRGM and RRPM included contemporary group (herd-year-season),
calving age, heterosis, and third-order Legendre population regression coefficients. Random
effects were animal additive genetic third-order Legendre regression coefficients, permanent
environment third-order Legendre regression coefficients, and residual. The SCGM
contained contemporary group (herd-year-season), calving age and heterosis as fixed effects,
and additive genetic and residual as random effects. The RRGM yielded higher additive
genetic variances and heritabilities for 305-d MY and 305-d FP than RRPM, whereas
correlations between MY and FY were similar in both models. The highest prediction
accuracies for both traits were for RRGM, followed by RRPM, and the lowest ones were
from SCGM. Similarly, the highest rank correlations were between animal EBV for 305-d
MY and 305-d FP from RRGM and RRPM, followed by those between RRGM and SCGM,
and the lowest ones were between RRPM and SCGM. The higher heritability estimates and
higher prediction accuracies for RRGM than for RRPM and SCGM indicated that higher

selection responses for 305-d MY and 305-d FP may be achieved in this Thai dairy
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population by utilizing a random-regression model and genotypic information in addition to

phenotypes and pedigree.

Key words: Dairy cattle, Multibreed, Genomic, Single-step, Random regression model

1. Introduction

Random regression models (RRM; Schaeffer and Dekkers, 1994; Jamrozik and
Schaeffer, 1997) are the method of choice for genetic evaluation with test-day phenotypic
records in dairy cattle. Advantages of RRM over standard cumulative 305-d models include
more precise accounting of environmental factors affecting milk production throughout the
lactation (Ptak and Schaeffer, 1993; Schaeffer et al., 2000), and in some cases inclusion of
animals with incomplete lactations in genetic evaluations (Jensen, 2001). Dairy genetic
evaluations for 305-d MY with RRM were found to be more accurate than with standard
cumulative 305-d models (Schaeffer et al., 2000; Santos et al., 2014a, b). The advantages of
RRM over 305-d models led to their wide utilization for national dairy genetic evaluations
in many countries across the world (Interbull, 2007).

The original implementation of RRM for dairy genetic evaluations utilized only test-
day phenotypic records and pedigree data. Advances in genotyping technology have made
information on thousands of genotypes per animal available for dairy genetic evaluations.
The combination of genomic information with phenotypes and pedigree (Meuwissen et al.,
2001) increased accuracy of prediction (VanRaden et al., 2009; Wiggans et al., 2011;
Thomasen et al., 2012; Ptibyl et al., 2014) and rate of selection progress for dairy traits in
cattle populations (de Roos et al., 2011; Buch et al., 2012). Several genomic evaluation

approaches have been developed and implemented to date. The first implementation of a



58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

national genomic evaluation in dairy cattle utilized a multi-step approach (VanRaden, 2008).
However, this approach is somewhat complex and difficult to implement, especially in
multiple-trait model and RRM (Misztal et al., 2013; Silva et al., 2014). Thus, a single-step
approach was subsequently developed that was easier to implement and more accurate for
genomic evaluation than multi-step procedures (Misztal et al., 2009, 2013; Aguilar et al.,
2010). Single-step genomic-polygenic EBV for milk and fat yield with a standard cumulative
305-d model yielded prediction accuracies that were, on the average, 7.2%, higher than from
a polygenic model in the Holstein-upgraded Thai population (Jattawa et al., 2015). However,
evaluation of animals in this population with either polygenic or single-step genomic-
polygenic RRM has yet to be done. This action is crucial for the development of a national
dairy cattle genomic evaluation program in Thailand. Thus, the objectives of this research
were: 1) to estimate variance components and genetic parameters for 305-d milk yield and
305-d fat percentage using random regression single-step genomic-polygenic and polygenic
models, and 2) to compare prediction accuracies and rankings of animals for 305-d milk yield
and 305-d fat percentage from random regression single-step genomic-polygenic and
polygenic models, and also with prediction accuracies and rankings from a standard
cumulative 305-d genomic-polygenic model in the Holstein-upgraded dairy cattle population

in Thailand.

2. Materials and methods
2.1. Animals, datasets, and traits

Animals in the dataset belonged to the Holstein-upgraded Thai dairy population. The
dataset included 7,206 first-lactation cows that were the progeny of 933 sires and 6,145 dams.

Animals in this population were produced through upgrading from various breeds (Brahman,
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Jersey, Brown Swiss, Red Dane, Red Sindhi, Sahiwal and Thai Native) to Holstein
(Koonawootrittriron et al., 2009). Approximately 90% of cows, 93% of sires, and 78% of
dams were 75% Holstein or higher.

Cows were from 761 farms located across five regions in Thailand (North,
Northeastern, Western, Central, and Southern). Cows had their first calving between 1997
and 2014. Phenotypic records were collected once a month starting on the fifth day after
calving until completion of lactation. Only cows that had their first test-day record before 40
days and had at least 4 test-day records were used. The last test-day record used here was
the eleventh record (collected between 296 d and 340 d in milk). A total of 69,029 monthly
test-day records from 7,206 cows that met these criteria were used in this research.

Two separate phenotypic datasets were prepared for genetic evaluations with the
random regression and the standard cumulative 305-d model. Random regression models
utilized a phenotypic dataset with monthly test-day records of 69,029 milk yield (MY) and
29,878 fat percentages (FP). The standard cumulative 305-d model used a phenotypic dataset
with accumulated 305-d milk yields (305-d MY) and average 305-d fat percentages (305-d
FP) computed using the collected monthly test-day records. The 305-d MY records were
computed using the test interval method (Sargent et al., 1968; Koonawootrittriron et al.,

2001). Numbers of records, means, and SD per trait for each dataset are shown in Table 1.

2.2. Genotypic data

Tissue samples (blood and semen) were collected from 2,661 animals (89 sires and
2,572 cows). All sires had daughters with pedigree and phenotypes and all cows had pedigree
and phenotypes. The tissue samples were DNA extracted using a MasterPure™ DNA

Purification Kit (Epicentre®, Madison, WI, USA). A NanoDrop™ 2000 Spectrophotometer
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(Thermo Fisher Scientific Inc., Wilmington, DE, USA) was used to assess the quality of the
extracted DNA. A DNA sample was considered acceptable if it had a concentration higher
than 15 ng/ul and an absorbance ratio (i.e., absorbance at 260 nm divided by absorbance at
280 nm) of approximately 1.8. Acceptable DNA samples were sent to GeneSeek (GeneSeek
Inc., Lincoln, NE, USA) for genotyping with genomic profiler chips (1,412 with GGP9K,
570 with GGP20K, 540 with GGP26K, and 139 with GGP80K). Numbers of SNP genotypes
per chip were 8,590 for the GGPIK, 19,616 for the GGP20K, 25,979 for the GGP26K, and
76,694 for the GGP80OK. Animals genotyped with GGP9K, GGP20K, and GGP26K chips
were imputed to GGP8OK using FImpute 2.2 (Sargolzaei et al., 2014). Actual and imputed
SNP genotypes with minor allele frequencies lower than 0.04 (n = 2,375) or call rates lower
than 0.9 (n = 175) were removed. The resulting genotype file after these edits contained

74,144 actual and imputed SNP markers.

2.3 Estimation of variance and covariance components

Estimates of variance and covariance components for MY and FP were obtained using
bivariate random regression genomic-polygenic (RRGM) and random regression polygenic
models (RRPM). The RRGM was a single-step model (Misztal et al., 2009; Aguilar et al.,
2010) that utilized phenotypic, genotypic, and pedigree information, whereas the RRPM
utilized only phenotypic and pedigree information. Contemporary groups for RRGM and
RRPM were defined as herd-year-seasons because of the extremely low number of cows
within herd-test-day subclasses (1 or 2). This resulted in a total of 2208 contemporary groups
with a minimum size of 4 cows and a maximum size of 36 cows per contemporary group. In

matrix notation, the RRGM and RRPM can be described as follows:
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y=Xb+Z,a,+ Zyp, +e,
where y was a vector of MY and FP monthly test-day phenotypic records, b was a vector of
fixed contemporary group (herd-year-season) subclass effects, calving age regression
coefficient effects, heterosis regression coefficient effects, and third-order Legendre
population regression coefficient effects, a, was a vector of random animal additive genetic
third-order Legendre regression coefficient effects, p, was a vector of random permanent
environment third-order Legendre regression coefficient effects, e was a vector of residuals,
X, Z4, and Z), were incident matrices relating elements of y to elements of b, a,, and p,.
Columns of X related phenotypic records to: a) contemporary group effects through ones and
zeroes, b) calving age regression coefficient effects through calving ages (mo), c) heterosis
regression coefficient effect through animal heterozygosities (i.e., probabilities of one
Holstein allele and one allele from another breed in 1 locus), and d) third-order Legendre
population regression coefficient effects through third-order Legendre polynomials evaluated
at the standardized test-day of the phenotypic record. Columns in Z, related phenotypic
records to elements of a, through third-order Legendre polynomials evaluated at the
standardized test-day of the phenotypic record. Columns in Z), related phenotypic records to
elements of p, through third-order Legendre polynomials evaluated at the standardized test-
day of the phenotypic record. Legendre polynomials evaluated at the standardized test-days

were computed using the following expression (Kirkpatrick et al., 1990):
N 1 [2j+1 ) ; - e~
Pia) = = 2= 2™ (1) (F7m) (@),

where j was the order of polynomial, and a; was the standardized milk test-day (range = -1

to 1). The a; were calculated as follows:
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1

Amax — Qmin
where a; was days in milk at test-day i, a,,;, was the minimum number of days in milk, and
Amax Was the maximum number of days in milk in this population (i.e., @4, = 340). The
third-order Legendre polynomials evaluated at the i standardized milk test-day were: P, =
0.7071 (a;})°, P, = 1.2247 (a})', P, = —0.7906 (a;)° + 2.3717 (a;)?, and P; =
— 2.8062 (a})° + 4.6771 (a;)3.

The assumptions of RRGM and RRPM were:

Ely] = Xb,
ai [C®K, 0 0
Var lpl = 0 I ® K, 0 |,
e 0 0 I®R,

Var (y) = Za(C®Ky)Zy + Z,(I ® K,)Zy, + 1 ® Ry,
where C = H, the genomic-polygenic additive relationship matrix (genotypes and pedigree
information) for RRGM and C = 4, the polygenic additive relationship matrix (pedigree
information only) for RRPM, matrix K, was the 8 x 8 variance-covariance matrix among
additive genetic third-order Legendre regression coefficients for MY and FP, matrix K,, was
the 8 x 8 variance-covariance matrix among permanent environment third-order Legendre
regression coefficients for MY and FP, matrix Ry was the residual variance-covariance
matrix for MY and FP, and ® was the Kronecker product. The variance-covariance matrix
of residual effects was assumed to be homogenous for all animals throughout the lactation
because of the small size of the dataset.
The genomic-polygenic relationship matrix H (Legarra et al., 2009) was equal to:

H= Ay1 + A15453 (Goy — App)A33 Gy A12A521622]

Gy A73 A5, Gy
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where A;; was the submatrix of additive relationships among non-genotyped animals, A4,
was the submatrix of additive relationships between non-genotyped and genotyped animals,
A2 was the inverse of the matrix of additive relationships among genotyped animals, and G,
was the matrix of genomic relationships among genotyped animals. Matrix G, =
ZZ'/2¥ pj (1 —pj), where p; = frequency of allele 2 in locus j, and the elements of matrix Z
for the j™ SNP locus of the i animal were defined as follows: z; i = (0 — 2p;) for genotype =
11 in locus j, z;; = (1 — 2p;) for genotype = 12 or 21 in locus j, and z;; = (2 — 2p;) for
genotype = 22 in locus j (VanRaden, 2008; Aguilar et al., 2010). Matrix G,, was scaled using
the default restrictions imposed by program PREGSF90 from the BLUPF90 family programs
(Misztal et al., 2002). These restrictions were: 1) mean of diagonal elements of submatrix G,
= mean of diagonal elements of submatrix A,,; and 2) mean of off-diagonal elements of
submatrix G,, = mean of off-diagonal elements of submatrix A,,.

Variance components for RRGM and RRPM were estimated using restricted
maximum likelihood (REML) procedures with an average information algorithm (program
AIREMLF90; Tsuruta, 2014). The estimated 8 x 8 variances-covariance matrices of third-
order additive genetic Legendre regression coefficients (K,) and permanent environment
Legendre regression coefficients (I?p), and the 2 x 2 residual variance-covariance matrix
(R,) for MY and FP were used to estimate variance components and genetic parameters
for each lactation day and for the complete 305-d lactation.

Estimates of variances and covariances for trait k, k = MY or FP, and lactation
day i, for i = 5 to 305, were computed as follows: 1) additive genetic variances 6%,; =
x},;KyXyi, where x;; was a 1 x 8 vector with 4 non-zero elements for trait k (4 third-order

Legendre polynomials evaluated at standardized lactation day 7) and 4 zeroes; 2) permanent
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environment  variances  65; = x;;K,x;;  3)  phenotypic  variances G5, =

p
2 2 2 SCRTI ~o G2k . )
Oaki + Opri + Ogk and 4) heritabilities hj; = &‘2"“ . Estimates of covariances and

correlations between lactations days i and 1°, for i, i’ = 5 to 305, for traits k and k’, k,

k> = MY or FP, were computed as follows: 1) additive genetic covariances Gqy; gkrir =
X}, Ky Xgsir, Where xg,;, was an 8 x 1 vector with 4 non-zero elements for trait k’ (4 third-
order Legendre polynomials evaluated at standardized lactation day i’) and 4 zeroes; 2)
permanent environment covariances Gpk; pksir = x,’cikpxk,i,; 3) phenotypic covariances

Otkitkrir = Oakiakrir T Opkipkiir T Ockerrs 4) additive genetic correlations Fp; qrrir =

6 k', k i . . A a k" k,'[
——4855 5, 5) permanent environment correlations fypiprii = 5 55> and 6)
(@aki * Fakrir) Cpki * Opkrir)

Otki,thril
=2 .52 05"
(Otxi * Otrerir)

phenotypic correlations iy iprj =

The computation variances and covariances between pairs of traits (i.e., MY and
MY, FP and FP, and MY and FP) for lactation days 5 to 305 resulted in three 301 x 301
additive genetic variance-covariance submatrices, three 301 x 301 permanent
environment variance-covariance submatrices, and three 301 x 301 diagonal residual
submatrices. These submatrices were used to estimate complete 305-d lactation

variance-covariance matrices for MY and FP as follows: 1) 305-d additive genetic

variances and covariances 843954 xkr = 1'Varrs1, where 1" isa 1 x 301 vector of ones and
Vakk: 1s 2 301 x 301 additive genetic variance-covariance matrix for trait pair kk’, k >
k’; 2) 305-d permanent environment variances and covariances Gp3osa ks = 1'Vpkir 1,

where 1" is a 1 x 301 vector of ones and ?pkk, is a 301 x 301 permanent environment

variance-covariance matrix for trait pair kk’, k > k’; and 3) 305-d residual variances
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and covariances Go3054 ks = 1'Verrs 1, where 1" is a 1 x 301 vector of ones and Ve, is a
301 x 301 diagonal residual variance-covariance matrix for trait pair kk’, k >’.
Subsequently, estimates of phenotypic variances, heritabilities, additive genetic
correlations, environmental correlations, and phenotypic correlations for 305-d MY and

FP were computed using the usual expressions.

2.4. Animal EBV, prediction accuracies and animal rankings

Firstly, RRGM and RRPM lactation day animal EBV for MY and FY were computed
for lactation days 5 to 305 as follows: EBV ;= x;8aki » Where xp; isa 1 x 8 vector with 4
non-zero elements for trait k (4 third-order Legendre polynomial coefficients evaluated at
standardized lactation day i) and 4 zeroes, and dy; is an 8 x 1 vector of third-order Legendre
regression coefficient animal EBV for trait k (k = MY or FP) and day of lactation i.
Prediction error variances for each EBV,;; and covariances between EBV,;,; and EBV;,;, for
i > i’ were computed as PEVyy; arri = Xii PEVarixrirXirir» Where PEVg i, is the 8 x 8
submatrix of PEV for third-order Legendre regression coefficient animal EBV between trait
k (k =MY or FP) and lactation day 1, and trait k> (k> = MY or FP) and lactation day 1’.

Secondly, RRGM and RRPM animal EBV for 305-d MY and 305-d FP and their PEV
were computed as follows: 1) EBV305qx = 1'EBVyy, where 1" isa 1 x 301 vector of ones
and EBVy, is a 301 x 1 vector of lactation-day EBV for animal a; 2) PEV3¢5qx =
1'PEV 1, where 1" is a 1 x 301 vector of ones, and PEV,, is a 301 x 301 matrix of
PEV variances and covariances among all lactation days for trait k (k = MY or FP)

within animal a. Prediction accuracies for trait k = MY or FP, animal a, were computed as
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1— PEV 43054,k

= , where PEV,3054 k 1S the PEV for trait k, and 643054 ki 1S the estimate of the
a305d,kk

additive genetic variance for trait k (k =305-d MY or 305-d FP).

Lastly, animal EBV and prediction accuracies from RRGM and RRPM were also
compared with a standard cumulative 305-d genomic-polygenic model (SCGM). The SCGM
was chosen because it had the highest prediction accuracy for milk yield and fat yield among
standard cumulative models in this population (Jattawa et al., 2015). The SCGM included
contemporary group (herd-year-season) subclass, calving age regression coefficient, and
heterosis regression coefficient as fixed effects, and animal additive genetic and residual as
random effects. The SCGM animal EBV were computed using REML additive genetic and
residual variance components estimated using program AIREMLF90 (Tsuruta, 2014).
Additive genetic variance components were: var(305-d MY) = 170,400 kg?, var(305-d FP) =
0.06 %2, and cov(305-d MY, 305-d FP) = -20.2 kg*%. Residual variance components were:
var(305-d MY) = 480,710 kg?, var(305-d FP) = 0.18 %?2, and cov(305-d MY, 305-d FP) = -

PEV g

429 kg*%. Prediction accuracies were computed as [1—

, Where PEV,, was the

ak
prediction error variance for animal a, trait k, and J,;, was the estimate of the additive
genetic variance for trait k, k = 305-d MY or 305-d FP from SCGM.

Rank correlations were calculated for 305-d MY and 305-d FP EBV from RRPM,
RRGM, and SCGM for all animals in the population, only sires (top 5%, 15%, 25%, and all
sires), and only cows (top 5%, 15%, 25%, and all cows). Associations between rankings
from the three models within population segments and the complete population were

evaluated using Spearman’s rank correlations (SAS CORR procedure; SAS, 2003).

3. Results and discussion
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3.1. Variance components, heritabilities and genetic correlations

Estimates of variances throughout the lactation (day 5 to 305) for MY and FP from
RRGM and RRPM are shown in Fig. 1 for additive genetic effects, Fig. 2 for permanent
environmental effects, and Fig. 3 for phenotypic effects. The pattern of daily variances
estimated with RRGM and RRPM was similar within traits (MY or FP) throughout the
lactation. Additive genetic variances for MY increased during the first three months,
declined during the next four months, and then increased again after seven months until the
end of the lactation. Similar additive genetic variances were obtained for FP from the
beginning of the lactation until day 245, then values sharply increased until the end of the
lactation. Daily permanent environmental variances (Fig. 2) and phenotypic variances (Fig.
3) showed the same patterns for MY and FP throughout the lactation, except during the first
month of lactation where both variances decreased for MY, but were low and similar for FP.
After the first month, daily permanent environmental and phenotypic variances for both traits
changed little during the next eight months and then increased until the end of the lactation.

Substantially larger changes in estimates of daily variance components for MY and
FP existed during the first 45 d and the last 45 d of lactation, especially for permanent
environmental effects. Implausibly high additive and permanent environmental variances at
the beginning and end of the lactation were also reported for MY, FP, and other dairy traits
(fat yield, protein yield, somatic cell count) in previous studies that fitted lactation curves
with Legendre polynomials (Lopez-Romero and Carabafio, 2003; Lopez-Romero et al., 2004;
Strabel and Jamrozik, 2006; Bohmanova et al., 2008, 2009). Large changes of variances at
the boundaries of the lactation curve have been attributed to low number of records during
these periods (Misztal et al., 2000; Strabel et al., 2005; Bohmanova et al., 2008) and to

artifacts of Legendre polynomials evaluated at extremes days in milk (Misztal et al., 2000;



285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

14

Lopez-Romero et al., 2004). Lower numbers of records after day 250 of the lactation may
have contributed to the implausible values of additive genetic and permanent environmental
variances at the end of the lactation. Poor adjustment of the third-degree Legendre
polynomial may have been responsible for the unlikely variance component values at the
beginning of the lactation. Other factors that may have contributed to the poor estimates of
variance components at the extremes of the lactation curve were unaccounted effects of
preferential treatment, stage of gestation, and variation among shapes of lactation curves
across herds (Jamrozik et al., 2001; de Roos et al., 2004; Bohmanova et al., 2008).

Heritability estimates for daily MY and FP from RRGM and RRPM are shown in Fig.
4. Heritabilities for daily MY tended to follow the same pattern as that of daily additive
genetic variances, i.e., they increased from the beginning of the lactation until the ninth
month, then they decreased during the tenth month of lactation. Conversely, heritabilities
estimates for daily FP increased from the beginning until the end of the lactation.

The pattern of MY heritability values here was in agreement with heritability patterns
obtained in Dutch Holstein (Pool et al., 2000), Polish Black and White (Strabel and Jamrozik,
2006), and Tunisian Holstein populations (Hammami et al., 2008). Opposite patterns of high
heritability at the beginning and end of the lactation were reported in Finish Ayrshire
(Kettunen et al., 2000) and in Spanish Holstein (Lopez-Romero and Carabaiio, 2003).
Patterns with low heritability at the extremes of the lactation may be more realistic because
they indicate that MY at the extremes of the lactation were more highly influenced by
environmental effects than in the middle of the lactation (Strabel et al., 2005).

Estimates of additive genetic, permanent environmental, and phenotypic variances
and covariances for 305-d MY and 305-d FP computed using RRGM and RRPM are shown

in Table 2. Estimates of additive genetic variances and covariances for 305-d MY and 305-
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d FP were larger for RRGM than for RRPM. Conversely, estimates of permanent
environmental variances and covariances from RRGM were lower than those from RRPM.
However, phenotypic variances and covariances estimated for 305-d MY and 305-d FP from
both models were similar. This indicated that the information from 74,144 actual and
imputed genotypes helped the RRGM explain more 305-d MY and 305-d FP additive genetic
variation than that explained by the RRPM using only pedigree and phenotypes.

The RRGM higher additive genetic and similar phenotypic variances to RRPM
resulted in higher RRGM heritabilities (0.27 for 305-d MY; 0.16 for 305-d FP) than those
from RRPM (0.21 for 305-d MY; 0.12 for 305-d FP; Table 3). The heritability estimate for
305-d MY obtained here with RRGM was similar to one previously estimated in this Thai
population with a cumulative 305-d genomic-polygenic model with 74,144 actual and
imputed SNP genotypes (0.26; Jattawa et al., 2015). This estimate was also within the range
of heritabilities obtained using genomic models in various Holstein populations from
temperate environments (0.23 to 0.33; VanRaden et al., 2009; Gao et al., 2012; Karoui et al.,
2012; Rodriguez-Ramilo et al., 2014; Sun et al., 2014; Tsuruta et al, 2014). However, the
RRGM heritability for 305-d FP obtained here was somewhat lower than heritabilities
reported in other temperate dairy populations. Sun et al. (2014) reported 305-d FP genomic
heritability of 0.54 for Jersey population in USA. Genomic heritability estimates for Holstein
were 0.5 in France (Karoui et al., 2012), 0.25 in Germany (Wittenburg et al, 2015), and
ranged from 0.45 to 0.5 in USA (VanRaden et al., 2009; Sun et al., 2014).

Genetic, permanent environment, and phenotypic correlations between 305-d MY
and 305-d FP estimated with RRGM and RRPM were all low and negative (Table 3). The
estimate of RRGM additive genetic correlation was slightly higher (-0.24) than that from

RRPM (-0.19), whereas estimates of permanent environmental correlations where nearly
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identical (-0.31 for RRGM and -0.32 for RRPM) and phenotypic covariances were identical
(-0.14) for the two models. Thus, inclusion of SNP genotypes in addition to pedigree and
phenotypes in random regression models had a very small impact on additive genetic,
permanent environmental, and phenotypic correlations between 305-d MY and 305-d FY in
this population. The negative additive genetic correlations between 305-d MY and 305-d FP
from RRGM and RRPM obtained here indicated that cows with higher MY tended to have
lower FP and vice versa. The negative additive genetic correlations between 305-d MY and
305-d FP here were somewhat lower than polygenic estimates from several Holstein
populations in tropical environments (-0.32 to -0.42; Boujenane, 2002; Othmane et al., 2004;
Hashemi and Nayebpoor, 2008) and in temperate environments (-0.40 to -0.55; Chauhan and
Hayes, 1991; Welper and Freeman, 1992; Miglior et al., 2007; Loker et al., 2012).

The development of the single-step genomic-polygenic evaluation procedure
(Aguilar et al., 2010) as well as its integration into the BLUPF90 family of programs (Misztal
et al., 2002) enormously facilitated the analysis and implementation of an animal random
regression genomic-polygenic evaluation system in this Thai dairy population. Random
regression MY and FP variance components and genetic parameters were estimated using all
available test-day phenotypic, pedigree, and genotypic information from this population.
The higher estimates of additive genetic variances and heritabilities for 305-d MY and 305-
d FP from RRGM indicated broader additive genetic differences among individual animals,
thus increasing the opportunity of selecting genetically superior animals more accurately for
305-d MY and 305-d FP than with RRPM. In particular, including genotypic information in
RRGM would increase the accuracy of genetic evaluation and selection of genetically

superior young bulls and cows, thus shortening generation intervals. Consequently, higher
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rates of genetic change for 305-d MY and 305-d FP could be expected with genomic-

polygenic than with polygenic random regression models in this population.

3.2. Accuracy of genomic-polygenic and polygenic EBV for 305-d milk yield and 305-d fat
percentages

Fig. 5 shows the EBV accuracies for 305-d MY and 305-d FP computed with RRGM,
RRPM, and SCGM for all animals, sires, and cows. The RRGM had the highest mean EBV
accuracy for all animals (49.3% for 305-d MY and 38.6% for 305-d FP), RRPM was second
(45.7% for 305-d MY, and 36.1% for 305-d FP), and the least accurate was the SCGM
(39.5% for 305-d MY, and 30.5% for 305-d FP). Similarly, RRGM had the highest mean
EBYV accuracy for sires (44.3% for 305-d MY and 37.2% for 305-d FP) and for cows (49.7%
for 305-d MY and 38.8% for 305-d FP), followed by RRPM (sires: 39.5% for 305-d MY and
31.3% for 305-d FP; cows: 46.2% for 305-d MY and 36.6% for 305-d FP). The lowest mean
EBYV accuracies for sires (37.3% for 305-d MY and 30.5% for 305-d FP) and for cows (39.6%
for 305-d MY and 30.5% for 305-d FP) were from SCGM.

Higher EBV accuracies for RRGM than for RRPM (3.6% for 305-MY and 2.5% for
305-d FP) indicated that including genomic information in genetic evaluations increased
prediction accuracies over genetic evaluations based only on pedigree and phenotypic data
in this population. This agreed with results from previous research showing that utilization
of genomic information in addition to pedigree and phenotypic information to evaluate dairy
cattle yielded higher prediction accuracies in various dairy populations (VanRaden et al.,
2009; Van Doormaal et al., 2009; Wiggans et al., 2011; Su et al., 2012; Thomasen et al.,
2012; Bauer et al., 2014, 2015; Ptibyl et al., 2014; Jattawa et al., 2015). Mean accuracies of

305-d MY genomic-polygenic EBV computed with single-step cumulative 305-d models
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were 7.2% higher than the mean accuracy from polygenic EBV in this same Thai population
(Jattawa et al., 2015). Similarly, prediction accuracy for 305-d MY from a single-step
random regression genomic-polygenic model was 6.8% higher than that from random
regression polygenic evaluation in a population of 1,854,275 Czech Holstein using 40,653
SNP from 2,236 genotyped sires (Bauer et al., 2015). This 6.8% increase in accuracy was
higher than the value of 3.6% obtained here although the number of genotyped animals was
smaller than the 2,661 animals genotyped in this Thai population. This difference was likely
related to the higher level of relationships that existed in the Czech Holstein population
between genotyped and non-genotyped animals (genotyped sires that had an average 240
daughters each) compared to the population here (genotyped parents had an average of 10
progenies each). A second reason may be that only 139 animals in this population had actual
80k genotypes, the rest (n = 2,522) had combinations of actual and imputed 80k genotypes.
Previous studies have indicated that high levels of relationship between genotyped and non-
genotype animals can improve the accuracy of genomic evaluations (Habier et al., 2010;
Pszczola et al., 2012; Wu et al., 2015). Thus, increasing the fraction of genotyped animals
with high-density SNP chips that are highly related to animals in the rest of the population
would likely help increase genomic-polygenic prediction accuracies in future years.

Fig. 5 also shows that RRGM and RRPM yielded higher EBV accuracies for 305-d
MY and 305-d FP than SCGM. On the average, RRGM EBV were 9% more accurate (9.8%
for 305-d MY and 8.1% for 305-d FP) and RRPM EBV were 6% more accurate (6.2% for
305-d MY and 5.6% for 305-d FP) than SCGM EBV. These higher EBV accuracies for
RRGM and RRPM than for SCGM agreed with previous studies that indicated that random
regression models yielded more accurate 305-d EBV than standard cumulative 305-d models

(Schaeffer et al., 2000; Santos et al., 2014a, b). The gains in accuracy from SCGM to RRGM
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(9.8%) and from SCGM to RRPM (6.2%) for 305-d MY EBV were higher than the gain
obtained from polygenic cumulative 305-d to polygenic random regression models in
Guzerat (3.0% to 3.6%; Santos et al., 2014a, b). The higher EBV accuracies of the RRGM
make it the model of choice for genetic evaluation of 305-d MY and 305-d FP in the Holstein-

upgraded Thai population.

3.3. Rank correlations between genomic-polygenic and polygenic EBV for 305-d milk yield
and 305-d fat percentage

Table 4 shows Spearman rank correlations among all animal EBV rankings from the
RRGM, RRPM, and SCGM for 305-d MY and 305-d FP. The highest rank correlations were
between EBV from RRGM and RRPM (0.94 for 305-d MY, and 0.78 for 305-d FP), followed
by those between EBV from RRGM and SCGM (0.66 for 305-d MY, and 0.57 for 305-d FP),
and the lowest ones were those between EBV from RRPM and SCGM (0.61 for 305-d MY,
and 0.45 for 305-d FP). Rank correlations between animal EBV from RRGM and RRPM
indicated that genotypic data had little impact on EBV rankings for 305-d MY, but somewhat
higher impact on EBV rankings for 305-d FP. Inclusion of genomic information in dairy
genetic evaluations had higher impact on the accuracy of EBV for animals without
phenotypes than for animals with phenotypes (Schaeffer, 2006; Pollott et al., 2014; Bauer et
al., 2015). All cows had 305-d MY records but 3,942 cows had no 305-d FP records. The
lower rank correlation between RRGM and RRPM EBYV for 305-d FP (0.78) than for 305-d
MY (0.94) was largely due to bigger changes in ranking for 305-d FP in animals without FP
records (mean = 2,355) compared to smaller changes in ranking for 305-d MY for these same

animals (mean = 1,105) because they had MY records.
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The rank correlation between 305-d MY animal EBV from RRGM and RRPM here
(0.94) was higher than the value of 0.84 previously obtained in this same population between
animal EBV from genomic-polygenic and polygenic cumulative 305-d models (Jattawa et
al., 2015). The rank correlations between 305-d MY animal EBV from RRGM and SCGM
(0.66) and from RRPM and SCGM (0.61) here were substantially lower than the rank
correlation between animal EBV from polygenic random regression and cumulative 305-d
models (0.89) in Brazilian Guzerat (Santos et al., 2014a). This indicated that utilization of
genomic information in cumulative 305-d models had a higher impact on animal EBV values
and rankings than in random regression models in this Holstein-upgraded Thai population.

Rank correlations for 305-d MY and 305-d FP among RRGM, RRPM, and SCGM
for sires only are shown in Table 5 (top 5%, 15%, 25%, and all sires) and for cows only in
Table 6 (top 5%, 15%, 25%, and all cows). In addition, these two tables present percentages
of animals in common for 305-d MY and 305-d FP in the top 5%, 15%, and 25% of animals
ranked by the two models in each rank correlation. Rank correlations between EBV for sires
(Table 5) and for cows (Table 6) between pairs of followed the same pattern as rank
correlations obtained for all animals (Table 4). Rank correlations between EBV from RRGM
and RRPM tended to be higher across the top 5%, 15%, 25%, and all animals (0.57 to 0.94
for sires; 0.62 to 0.94 for cows), than those between EBV from RRGM and SCGM (0.42 to
0.69 for sires; 0.43 to 0.66 for cows), and those between EBV from RRPM and SCGM (0.38
to 0.65 for sires; 0.39 to 0.61 for cows). The top 5% of sires and cows had the lowest
percentages of animals in common between pairs of models, and these percentages tended to
increase as the fraction of sires and cows increased from 5% to 15% to 25% to 100%. The
highest percentages of animals in common in the top 5% were between rankings from RRGM

and RRPM (305-d MY: 83% for sires and 81% for cows; 305-d FP: 65% for sires and 64%
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for cows). The second highest set of percentages of animals in common was the one between
rankings from RRGM and SCGM (305-d MY: 58% for sires and 52% for cows; 305-d FP:
46% for sires and 45% for cows). The lowest percentages of animals in common were
between rankings from RRPM and SCGM (305-d MY 54% for sires and 46% for cows; 305-
d FP: 44% for sires and 40% for cows). Lower percentages of animals in common between
sires and cows ranked for 305-d FP than for 305-d MY were likely the result of larger changes
in 305-d FP EBV across models due to lower EBV accuracies for this trait than accuracies
for 305-d MY EBYV in this population. Genetic parameters, EBV accuracies, and animal
rankings obtained here will help explain Thai dairy producers and stakeholders the
motivation for changing the current standard cumulative polygenic model to a genomic-

polygenic model based on genotypes, pedigree, and phenotypes.

4. Conclusions

Similar patterns of daily variance components and heritabilities for MY and FP were
obtained using random regression genomic-polygenic and polygenic models. The RRGM
yielded higher estimates of genetic variances and heritabilities than RRPM estimates for both
daily and cumulative 305-d MY and FP. Similarly, EBV accuracies were higher for RRGM
than for RRPM, and EBV accuracies from both random regression models were higher than
those from the SCGM. Considering the higher heritabilities and EBV accuracies of the
RRGM than the RRPM and SCGM, selection based on RRGM animal EBV would be
expected to achieve faster rates of genetic change for 305-d MY and 305-d FP than with

RRPM and SCGM animal EBV in this Thai dairy population.
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673  Table1l
674  Description of datasets used for the two random regression models and the standard

675  cumulative 305-d model

Item n Mean SD

Random Regression Models

Cows 7,206
Milk yield, kg 69,029 13.8 49
Fat percentage, % 29,878 35 0.9

Standard cumulative 305-d model

Cows 7,206
305-d Milk yield, kg 7,206 4,243 1,112
305-d Fat percentage, % 3,264 3.5 0.7

676

677
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678  Table 2
679  Additive genetic, permanent environmental, phenotypic variances and covariances for 305-
680  d milk yield (305-d MY) and 305-d fat percentage (305-d FP) estimated using two random

681  regression models

Model?
Variance component
RRGM RRPM
Additive genetic
Var (305-d MY), kg 279,893.2 217,247.9
Cov (305-d MY, 305-d FP), kg% -41.3 -24.9
Var (305-d FP), %” 0.10 0.08
Permanent environment
Var (305-d MY), kg 556,455.4 612,728.6
Cov (305-d MY, 305-d FP), kg% -72.9 -90.4
Var (305-d FP), %” 0.10 0.13
Phenotypic
Var (305-d MY), kg 1,023,747.6 1,017,384.8
Cov (305-d MY, 305-d FP), kg% -114.1 -115.2
Var (305-d FP), %” 0.66 0.66

682 * RRGM = Random regression genomic-polygenic model; RRPM = Random regression

683  polygenic model



684 Table3

685  Heritabilities and correlations for 305-d milk yield (305-d MY) and 305-d fat percentage

686  (305-d FP) computed using two random regression models

Parameter
RRGM RRPM
Heritability (305-d MY) 0.27 0.21
Heritability (305-d FP) 0.16 0.12
Additive genetic correlation (305-d MY, 305-d FP) -0.24 -0.19
Permanent environmental correlation (305-d MY, 305-d FP) -0.31 -0.32
Phenotypic correlation (305-d MY, 305-d FP) -0.14 -0.14

687 *RRGM = Random regression genomic-polygenic model; RRPM = Random regression

688  polygenic model

689
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Table 4
Rank correlations between animal EBV for 305-d milk yield (305-d MY) and 305-d fat
percentage (305-d FP) evaluated using two random regression models and a standard

cumulative 305-d model

a

Rank correlations

Trait
RRGM, RRPM RRGM, SCGM RRPM, SCGM
305-d MY 0.94 0.66 0.61
305-d FP 0.78 0.57 0.45

* RRGM = Random regression genomic-polygenic model; RRPM = Random regression
polygenic model; SCGM = Standard cumulative 305-d genomic-polygenic model; All rank

correlations were significant at P < 0.0001.
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Table S
Rank correlations between sire EBV for 305-d milk yield (305-d MY) and 305-d fat
percentage (305-d FP) evaluated using two random regression models and a standard

cumulative 305-d model

Rank correlations®

Trait Sires?
RRGM, RRPM  RRGM, SCGM RRPM, SCGM

305-d MY  top 5% (52) 0.78 (83) 0.50 (58) 0.50 (54)
top 15% (155) 0.82 (86) 0.62 (59) 0.56 (58)
top 25% (259) 0.88 (88) 0.63 (61) 0.64 (59)

100% 0.94 0.69 0.65
305-d FP top 5% (52) 0.57 (65) 0.42 (46) 0.38 (44)
top 15% (155) 0.66 (76) 0.46 (59) 0.40 (55)
top 25% (259) 0.74 (75) 0.48 (60) 0.52 (53)

100% 0.82 0.58 0.47

# Numbers in brackets are numbers of sires in the top 5%, 15%, and 25%.

® RRGM = Random regression genomic-polygenic model; RRPM = Random regression
polygenic model; SCGM = Standard cumulative 305-d genomic-polygenic model. All rank
correlations were significant at P < 0.0001, except for top 5% between sire EBV for 305-d
MY and 305-d FP that were significant at P < 0.005. Numbers in brackets are percentages

of sires in common in the top 5%, 15%, and 25% of sires ranked by each pair of models.
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Rank correlations between cow EBV for 305-d milk yield (305-d MY) and 305-d fat

percentage (305-d FP) evaluated using two random regression models and a standard

cumulative 305-d model

Rank correlations®

Trait Cows*
RRGM, RRPM  RRGM, SCGM  RRPM, SCGM

305-d MY  top 5% (624) 0.81 (81) 0.45 (52) 0.40 (46)
top 15% (1,873) 0.82 (84) 0.50 (58) 0.41 (54)
top 25% (3,121) 0.83 (86) 0.52 (63) 0.45 (60)

100% 0.94 0.66 0.61
305-d FP top 5% (624) 0.62 (64) 0.43 (45) 0.39 (40)
top 15% (1,873) 0.67 (66) 0.46 (52) 0.39 (48)
top 25% (3,121) 0.68 (70) 0.44 (57) 0.38 (52)

100% 0.77 0.57 0.45

# Numbers in brackets are numbers of cows in the top 5%, 15%, and 25%.

® RRGM = Random regression genomic-polygenic model; RRPM = Random regression

polygenic model; SCGM = Standard cumulative 305-d genomic-polygenic model. All rank

correlations were significant at P < 0.0001. Numbers in brackets are percentages of cows in

common in the top 5%, 15%, and 25% of cows ranked by each pair of models.
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Fig. 5. Accuracy of estimated breeding values for 305-d milk yield (305-d MY and 305-d fat
percentage (305-d FP) in a Holstein-upgraded dairy cattle population using random regression
genomic-polygenic (RRGM), random regression polygenic (RRPM), and standard cumulative 305-d
genomic-polygenic (SCGM) models



