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Abstract

Genomic selection is promising for plant breeding, particularly for perennial crops. Multivariate
analysis, which considers several traits jointly, takes advantage of the genetic correlations to increase accuracy.
The aim of this study was to empirically evaluate the potential of a univariate and multivariate genomic mixed
model (G-BLUP) compared to the traditional univariate pedigree-based BLUP (T-BLUP) when analyzing
progeny tests of oil palm, the world major oil crop.

The dataset comprised 478 crosses between two heterotic groups A and B with 140 and 131 parents,
respectively, genotyped with 313 SSR. The traits were bunch number and average bunch weight.

We found that G-BLUP with a genomic matrix based on a similarity index had a higher likelihood than
T-BLUP. Also, multivariate G-BLUP improved the accuracy of additive effects (breeding values or general
combining abilities, GCAs), in particular for the less heritable trait, and of dominance effects (specific
combining abilities, SCAs). The average increase in accuracy was 22.5% for GCAs and 18.7% for SCAs. Using
160 markers in group A and 90 in group B was enough to reach maximum GCA prediction accuracy. The
contrasted history of the parental groups likely explained the higher benefit of G-BLUP over T-BLUP for group
A than for group B.

Finally, G-BLUP should be used instead of T-BLUP to analyze oil palm progeny tests, with a
multivariate approach for correlated traits. G-BLUP will allow breeders to consider SCAs in addition to GCASs

when selecting among the progeny-tested parents.

Keywords Elaeis guineensis, genomic selection, multivariate model, empirical data, reciprocal recurrent
selection, accuracy
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1. Introduction

Oil palm (Elaeis guineensis Jacg.) is the main oil crop in the world. It bears fruit bunches all year long,
and palm oil is extracted from the mesocarp of the fruits. Bunch production is a key component of oil yield, and
results from the product of two negatively correlated traits, bunch number (BN) and average bunch weight
(ABW) (Corley and Tinker 2003). Commercial oil palms are hybrids between two heterotic groups called A and
B. Group A is mostly made up of the Deli population (Asia) and group B of various African populations. Group
A palms have a few heavy bunches whereas group B palms have many small bunches, resulting in heterosis of
bunch yield in A x B hybrids. This led to the choice of a reciprocal recurrent selection (RRS) breeding scheme in
the 1950s (Gascon and de Berchoux 1964; Meunier and Gascon 1972). RRS involves progeny tests in which
group A and group B parents are crossed to estimate their general combining ability (GCA), i.e. half their
breeding value in hybrid crosses, for each yield component, from the phenotype of their hybrid progenies. So far,
parental GCAs are obtained using an univariate mixed-model analysis (i.e. considering one trait at a time) taking
pedigree information into account (Soh 1994; Purba et al. 2001). The accuracy of the GCAs (i.e. the correlation
between the estimated and the true GCAS) is high, reaching around 0.9 for all yield components (Cros et al.
2015b). However, the progeny tests require a long generation interval (around 20 years) and low selection
intensity (less than 200 individuals tested per parental group and generation).

Genomic selection (GS) aims to predict genetic values of candidate individuals. In particular, GS can be
applied on candidate individuals without data records, by using their genotype with high density molecular
markers and a model calibrated with a training set made of individuals with records and marker data (Meuwissen
et al. 2001). GS is then particularly promising when traditional breeding requires extensive phenotyping, like
progeny tests, as in this case GS makes it possible to reduce the generation interval and to increase selection
intensity. The potential of GS is particularly high for perennial crops (Grattapaglia 2014; Isik 2014; van Nocker
and Gardiner 2014). In oil palm, previous studies showed that GS could allow selecting individuals without
progeny tests (Wong and Bernardo 2008; Cros et al. 2015b). However, GS also has the potential to improve the
analysis of progeny tests. So far, no empirical study has investigated whether GS can increase the accuracy of
the GCA of progeny-tested oil palms.

The GS model G-BLUP (VanRaden 2007; Habier et al. 2007) is a mixed model that makes use of
molecular information through a genomic matrix (G) of realized relationships. Multivariate analysis using mixed
modeling (i.e. considering several traits jointly) aims to take advantage of the genetic correlation between traits

to increase accuracy (Gilmour et al. 2009). Simulations have shown that multivariate G-BLUP can yield higher
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accuracy than univariate G-BLUP, depending on the heritability of the traits (h?) and their genetic correlation
(Calus and Veerkamp 2011; Jia and Jannink 2012; Guo et al. 2014). When considering two traits with different
h2, bivariate G-BLUP led to a higher increase in accuracy for the trait with the lowest h2. In addition, Jia and
Jannink (2012) and Calus and Veerkamp (2011) found that the stronger the genetic correlation, the greater the
benefit of using a bivariate G-BLUP. However, Jia and Jannink (2012) did not provide evidence for improved
accuracy with multivariate analysis when they used empirical data. In oil palm simulations, Cros et al (2015a)
used multivariate models but did not make comparisons with univariate models.

The aim of the present study was to compare the potential of univariate and bivariate G-BLUP with that
of the current univariate pedigree based BLUP for the analysis of BN and ABW traits in oil palm progeny tests

using real data.
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2. Material and methods
Experimental population and phenotypes
The progeny test involved 146 group A parents crossed with 155 group B parents according to an
incomplete factorial design with 478 crosses. The crosses were planted between 1995 and 2000 in 26 trials
located in the same area, at the Aek Loba estate (SOCFINDO, North Sumatra). All the vegetal material belonged

to the PalmElit breeding program (www.palmelit.com). Annual bunch production data, i.e. bunch number (BN)

and average bunch weight (ABW), were collected on 30,872 progeny palms of type tenera (thin-shelled
commercial type) from 6 years old up to 11 years old. More details on the experimental design are given in Cros
et al. (2015b). Phenotypic correlation between ABW and BN was -0.682. The narrow-sense heritabilities h? of
ABW and BN varied with the parental population, h?gy was higher than h2agy in A (h?gy = 0.31 £ 0.04 [s.e],

h2agw = 0.23 + 0.04) and lower than h2 gy in B (h2gy = 0.5 £ 0.05, h2pgyw = 0.57 £ 0.04) (Cros et al. 2015b).

Molecular data

Among the progeny-tested parents, 140 group A and 131 group B individuals were genotyped.
Supplementary Table S1 lists the distribution of these individuals among the populations constituting the
parental groups. Genotyping was performed with 313 simple sequence repeat markers (SSR) (Billotte et al.
2005; Tranbarger et al. 2012; Zaki et al. 2012). Phenotypic observation of the fruit type (i.e. shell thickness) was
included as a two-allele marker, corresponding to the Sh gene (Singh et al 2013). Missing data (1.7% in group A
and 2.9% in group B) were imputed with BEAGLE 3.3.2 (Browning and Browning 2007). Finally, group A had
265 polymorphic SSR (mean 3.05 alleles + 0.89 (standard deviation)), and group B had 289 polymorphic SSR

(mean 6.25 alleles + 2.35). For each group only the polymorphic markers were used for the genomic models.

Prediction models

Univariate T-BLUP

The traditional pedigree-based mixed model or T-BLUP was used to predict the genetic effects, i.e. the
general combining abilities (GCAS) in A x B crosses of the progeny-tested parents and the specific combining
abilities (SCAs) of the crosses (dominance effects). The model was:

P=Xp+Wb+Zxga+Zggs +Zpste [1]
where P is the vector of hybrid phenotypes (BN or ABW), X and W are incidence matrices of the experimental

design effects, p and b are the vectors of fixed and random effects due to the experimental design, respectively,

5
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Za, Zg and Zp are incidence matrices of the genetic random effects, g and gg are the vectors of GCA of
parents A and B, respectively, s is the vector of SCA of crosses, and e is the vector of residual effects.

The random genetic effects followed the model of Stuber and Cockerham (1966), with ga ~ N(O,
a2, % An), s ~ N(0, o, x Ag) and s ~ N(0, oZx D), where 623 and o4 are the additive variances of the A and
B parents in A x B hybrid crosses, respectively, and ¢2; is the variance of the dominance effects in the A x B
population. Given the hybrid nature of the crosses, the A matrices contain Malécot’s coefficient of coancestry f
(Malécot 1948), such as A,y = { f,, } between individuals x and y. They were built from the pedigrees with the R
package synbreed (Wimmer et al. 2012). The D matrix is the dominance coancestry matrix between crosses,
obtained as D = Ax ® Ag [2], i.e. with elements Daga's' = faafes’, @S A and B individuals are unrelated
(Stuber and Cockerham 1966; Lynch and Walsh 1998).

Fixed effects were: overall mean, “trial” (26 levels), “block” (152 levels) and “age” (6 levels). Random
effects associated with the experimental design were “elementary plots” (3,464 levels), “individual” (30,872
levels), interaction *age*cross” (“a*s”, 2,855 levels); with “individual” nested in “elementary plots”,
“elementary plots” nested in “block”, and “block™ nested in “trial”. The random experimental design effects
followed a normal distribution of the form N(O, 2 x 1), where | is the identity matrix and ¢? the associated
variance, with the exception of a*s that followed N(0, 62,; X lgx¢ ® D). The errors e followed N(0, o2, x
1 180872x180872), Where o2, is the residual variance.

Variance parameters were estimated by restricted maximum likelihood (REML) and solutions of the
mixed model were obtained by resolving Henderson’s mixed model equations (Henderson 1975), using R-

ASReml (Gilmour et al. 2009; R Core Team 2014).

Univariate G-BLUP

In the genomic selection model G-BLUP, the pedigree coancestry matrices used in [1] were replaced by
additive genomic coancestry matrices G and Gg for groups A and B, respectively.

As some progeny-tested individuals were not genotyped, their pedigree coancestry had to be combined
with the molecular coancestry of the genotyped individuals. For this purpose, we used the single-step approach
with matrices H, Hg and Dy designed to combine both genomic and pedigree information (Legarra et al. 2009;

Christensen and Lund 2010). For each parental group, H inverse was built as follows:

0 0
-1 _ A-1
H™ =4 +[o G-I—A;%]
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where A is the pedigree coancestry matrix including all the individuals in the group, A, and G are the pedigree
and the genomic coancestry matrices, respectively, containing only the genotyped individuals. Then Hp was
built in the same way as in equation [2]:

Dy=Ha ® Hsg

This led to ga ~ N(0, 6244 X Ha), 9 ~ N(0, 624 x Hg) and s ~ N(0, ¢%s x Dy).

Three different genomic additive coancestry matrices G were compared: Gais, Gor and Gy. Gays used
a similarity index (Lynch 1988; Li et al. 1993) and was defined as:

G = YNA
aIs = 57

where Z is the genotypic matrix with as many columns as alleles, with the individuals in rows, and containing in
the i™ column the number of copies of the i" allele (Zxy € {0,1,2}), and L is the total number of markers. This
index estimates coancestry from alike-in-state (AIS) alleles, and assumes that each allele was unique in the
founder population that generated the population under study (Eding and Meuwissen 2001).

Gor was obtained according to VanRaden (2007; 2008), with a modification for multiallelic markers:

o (Z-P)(Z-P)*
o 4y (1 -%i2ap?)

where P is a matrix containing twice the observed allelic frequency (OF) of the i allele in the genotyped
individuals in the i" column.

The coancestry matrix of VanRaden (2007; 2008) normally requires the allele frequencies in the founder
population. As these frequencies are usually not known, they are commonly replaced by the observed
frequencies, as we did in our study. Gy was derived from Gor, with normalization to provide more realistic
variance and accuracy estimations (Forni et al. 2011):

1 (Zz-P)(Z-P)!
) % {trace[(Z — P)(Z — P)!]}/n

Gy

where n is the number of genotyped individuals.

Multivariate models

Multivariate models were built from [1], as follows (Mrode 2005):
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Pex1=0 25100 wleml+ (o )]+ (G ol [& 2o
[

177 In multivariate T-BLUP, genetic effects were structured as:

[ggA:BW] ~N (0, [ S?ABW ] ®A,)
BN gA QABN
o2
[ggB;Bw] ~N(0, [ !?ABW ] ® Ag)
BN 8B gBBN

a? Cs
ABW SABW
~N (0, D
[ SBN ] ( [ Cs a? SBN] ®D)

178  where Cya and Cgg are additive genetic covariances and C; is the dominance genetic covariance. Residual effects

179 were structured as:

[ABW] N(O[ €ABW GZC: ]@l)

€BN Ce
180
181 For multivariate G-BLUP, A, Ag and D were replaced by Ha, Hg and Dy, respectively.
182  Non-genetic random effects had unstructured variances-covariances.
183

184  Variances and covariances of both non-genetic effects and genetic effects were estimated by REML.

185
186 Comparison of models
187 For a given type of model (i.e. univariate for ABW, univariate for BN and bivariate), the G-BLUP

188  approaches based on the three additive genomic matrices were compared between themselves and with the T-
189 BLUP model. At this stage, for computational reasons, the SCA effects were considered uncorrelated between
190 traits in the multivariate models. Only the additive genetic variance-covariance structure matrix varied, while the
191 number of observations and estimated parameters remained constant. The models were consequently directly
192 compared based on their deviance (-2LogLikelihood), which was the equivalent of comparing their Akaike
193 information criterion and Bayesian information criterion. The convergence of REML algorithm was also
194  considered.

195 The univariate G-BLUP and multivariate G-BLUP models were compared based on their accuracy,

196  which is the correlation between the predicted genetic effects (GCAs or SCASs) and their true value (unknown).
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The accuracy of the genetic effect predicted for the x™ level (i.e. parent for GCA or cross for SCA) was

estimated from its relation with the prediction error variance (PEV) (Clark et al. 2012):

PRV

r =
* 022,y

where o2 is the variance of the genetic effect, X, is the x™ term of the diagonal of the associated variance-
covariance matrix and PEV, = (0 — u)2, with u the genetic effect considered. PEVs were computed from the
elements of the inverse of the mixed model equations, based on theoretical derivations from Henderson (1975)
(i.e. not obtained by cross-validation). Consequently, for any progeny-tested individual x, the accuracy

associated with its GCA for a given trait was:

| _ PVeca,
Gxx0}

(3]

Iceca, =

where agz is the estimated additive variance of the trait for the parental group of x. For the univariate and
multivariate G-BLUP and for each trait, we computed the mean rgca Over the 140 group A parents and the 131
group B parents that were genotyped. For each group and each trait, the mean rgca Of univariate and multivariate
models was compared using a t-test and a Bonferroni correction. We also compared the accuracy of SCA, which

for cross x x y and a given trait, was:

PEV
Isca,, = [1— SCAXZ [4]
xy D xy xy0s

where Dy, = Gy, Gy, and o2 the estimated dominance variance for the trait. For the univariate and

multivariate G-BLUP and for each trait, we computed the mean rsca Over the 478 crosses evaluated in the
progeny test and over 256 crosses that had not been evaluated. These 256 crosses were sampled from the
unevaluated crosses among all possible crosses between the 140 A and 131 B parents, with a balanced
representation of the parents of both groups (i.e. each parent occurred once or twice among the 256 unevaluated
crosses). To obtain the PEVgca of the 256 unevaluated crosses and compute their rsca, these crosses were added
to the D matrix prior to analyzing the mixed models, following Henderson (1977). The mean rsca Of the
univariate and multivariate models was compared using a t-test for each group and trait, and a Bonferroni

correction was applied to adjust the p-values.

Marker density
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We studied the effect of marker density on the prediction of GCAs by the multivariate G-BLUP model.
This was investigated independently in the two parental groups by varying the number of markers for one group,
while keeping the maximum number of markers for the other group. The number of markers m varied from 10 to
265 in group A and from 10 to 289 in group B, with a step of 10. At each density, five replicates were made, for
each replicate, we used a random subset of m markers chosen among all the available polymorphic markers for
the group. For each replicate, the additive coancestry matrix of the group concerned was calculated using the m
markers, and the dominance matrix was calculated using the m markers for the group concerned and all the
markers of the other group. To assess the effect of the number of markers on the prediction of GCAs, we
calculated the prediction accuracy of the model, i.e. the correlation between the predicted GCAs (for the group
whose marker density varied) and the reference GCAs. The reference GCAs were obtained from the most
accurate model previously identified (actually the multivariate G-BLUP) using all the markers, so that the
prediction accuracy was the best approximation of accuracy. The different levels of marker number, of replicates
per level of marker number and the two parental groups meant the calculations had to be repeated many times,
S0, to speed up the process, no covariance was specified for the dominance effects in the multivariate G-BLUP

model used here.

10
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3. Results

Coancestry matrices

The distribution of coancestry estimates in group A and group B is shown in Figure 1. Coancestry
estimates in Ga;s and A belonged to [0, 1], as expected, as coancestry is the probability that two alleles on a
random locus of two individuals are identical by descent (Wright 1922; Malécot 1948). The median value of the
two VanRaden matrices (Gor, Gn) Was below 0, meaning that more than half the coancestry estimates were
negative. The REML algorithm converged with A and Ga;s matrices. The smallest deviance was obtained with
Gais (Table 1). The Gor and Gy matrices were not positive definite and the REML algorithm did not converge,
leading to higher deviances than with Ga;s and A. Therefore, for our dataset, the Gas matrix appeared to be
more appropriate than the other genomic matrices Gor and Gy, and than the genealogical matrix A. For the rest
of the study, we consequently only used G,,s in the G-BLUP.

For both A and B groups, coancestry estimates in Ga;s were higher than in matrix A. Gas did not
contain any null coancestry estimates, whereas A contained 73.6% null coancestry estimates for group A and
42.9% for group B. The coancestry estimates for group A were lower than those for group B in the A matrix, but

were higher in Gs. The variability in coancestry estimates was higher in group A than in group B.

Multivariate G-BLUP

The multivariate G-BLUP revealed very high additive correlations, reaching -0.997 in the parental
group A and -0.917 in group B, very high dominance correlations (-0.987) and low residual correlations (-0.158).

The GCA accuracy of the univariate and multivariate G-BLUP are depicted in Figure 2A. For all
combinations of groups and traits, mean GCA accuracy was higher with the multivariate G-BLUP model than
with the univariate G-BLUP (p<10™®). The average increase was 22.5%, ranging from 13.2% for ABW in
group B to 32.1% for BN in group B. There were differences in GCA accuracy between traits within a parental
group with univariate G-BLUP, but the multivariate G-BLUP model increased the GCA accuracy of both traits
to the same level, i.e. 0.83 in group B and 0.88 in group A. Thus, the trait with the lowest GCA accuracy in the

univariate models (ABW for group A and BN for group B) benefited the most from the multivariate model.

As the multivariate G-BLUP model predicted GCAs best, we used the GCAs predicted by this model as
reference GCAs. The Pearson correlation coefficients between GCAs predicted by any of the models (univariate
or multivariate, T-BLUP or G-BLUP) and reference GCAs are listed for each trait and each group in Table 2, as

well as the Spearman’s rank correlation of the 10% best individuals (“best” when evaluated by the reference

11



268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

Postprint

Version définitive du manuscrit publié dans / Final version of the manuscript published in :
Molecular Breeding, 2016, 36(1), 36:2 http://dx.doi.org/10.1007/s11032-015-0423-1

model). The GCAs obtained with univariate T-BLUP were generally the least correlated with the reference
GCAs, with an average Pearson correlation coefficient of 0.946 and Spearman’s correlation coefficient of 0.527.
According to the Pearson correlation, the GCAs obtained with the multivariate T-BLUP and univariate G-BLUP
models were highly correlated with the reference GCAs (average Pearson correlation coefficient of 0.978 and
0.966, respectively). However, the Spearman’s correlation coefficients computed on the top 10% individuals
were not as high, with an average value of 0.595, ranging from 0.213 to 0.978. This indicated that the model
impacted the selection of the progeny tested individuals, and was therefore of importance for practical breeding.
In addition, the multivariate T-BLUP gave GCAs with ranks that were more correlated with the ranks of the
reference GCAs than the univariate G-BLUP (Spearman’s rank correlation coefficient of 0.696 and 0.562,
respectively). Therefore, the improvement obtained in the GCA estimates when using a multivariate genomic
approach compared to the conventional univariate T-BLUP resulted more from the multivariate analyze than
from the use of the genomic data.

SCA accuracy was higher with the multivariate G-BLUP than with the univariate G-BLUP (p<107%)
(Figure 2B and C). The average increase in SCA accuracy was 18.7%, ranging from 12.9% (trait BN,
unevaluated crosses) to 24.6% (trait ABW, evaluated crosses). With the multivariate G-BLUP model, SCA

accuracies were on average 0.76 for evaluated crosses and 0.68 for unevaluated crosses.

The h? obtained with the multivariate genomic model were h2gy = 0.53 and h2,gy = 0.35 in group A,

and h%gy = 0.4 and h2agyw = 0.79 in group B (see Supplementary Table S2 for the detail of variances).

Marker density

Figure 3 shows the effect of marker density on the prediction accuracy of GCAs with the multivariate
G-BLUP for ABW. The results obtained for BN were very similar (Supplementary Fig. S1), certainly due to the
high genetic correlation between ABW and BN. As marker density increased, the prediction accuracy of
multivariate G-BLUP also rapidly increased before reaching a plateau slightly above the prediction accuracy of
multivariate T-BLUP. To outperform the prediction accuracy of the multivariate T-BLUP model, multivariate G-
BLUP required 110 markers for group A and 70 markers for group B, for both ABW and BN traits. The
prediction accuracies exceeded 0.99 with 160 markers for group A for both ABW and BN, and with 80

(respectively 90) markers for group B for ABW (respectively BN).

4. Discussion
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The general combining ability (GCA) for bunch number (BN) and average bunch weight (ABW) of
progeny-tested oil palms is currently obtained with a pedigree-based univariate mixed model analysis of
phenotypic data of hybrid individuals. In this study, we showed that using a multivariate model and replacing the
genealogical coancestry matrices by molecular matrices of realized coancestry improved the analysis, leading to
better estimated GCAs. In addition, the accuracy of the SCAs, usually neglected, reached interesting levels. We
also found that this could be achieved with a reduced marker density. Indeed, the number of SSR markers that
enabled G-BLUP to reach the same prediction accuracy as T-BLUP was 110 for group A and 70 for group B;
while 160 markers in group A and 90 in group B were needed to achieve the maximum benefit offered by the

genomic approach.

Genomic versus genealogical coancestries

We observed many null coancestry estimates in A, whereas all coancestry estimates in G were higher
than zero. This reflected the fact that the pedigrees used to estimate the A matrices did not reach the base of the
unrelated founders of the different populations. Consequently, the pedigree-based coancestries underestimated
the real coancestries, whereas the genomic coancestries were able to capture these hidden relationships, which
did not appear in the pedigree. However, as Gas considered identity by state and A identity by descent, the
values in Gps were actually overestimated if several copies of some alleles were present in the founder
populations (Eding and Meuwissen 2001). Nevertheless, the G-BLUP model using G;s was more appropriate
for the data than the T-BLUP model, as shown by its higher likelihood.

The Deli individuals, which made up most of group A, originated from four oil palms planted in 1848 in
Indonesia, while the African populations in group B can be traced back to the first half of the 20" century, with
around 15 to 20 founders (Corley and Tinker 2003). The higher Gas values found in group A than in group B is
not surprising, given the longer history of inbreeding, drift and artificial selection of Deli individuals. However,
the coancestry estimates for group A were lower than those for group B in the A matrix. This resulted from the
depth (number of generations) of the pedigree and from the history of the populations constituting the parental
groups. In group B, the data available on the pedigrees referred roughly to the initial generation, but the longer
history of the Deli population was not covered by its pedigree, which did not go back far enough in time. This
explained why, according to the pedigrees, there were fewer coancestries in group A than in group B. This also
explained the fact that the number of relationships hidden in the pedigree but captured by the markers was higher

in group A than in group B. This increased the benefit of using the genomic models more for group A than for
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group B, as shown by the bigger increase in the correlation with reference GCAs in group A when the G-BLUP

model was used instead of the T-BLUP, than in group B.

Multivariate model

This is the first study to investigate the benefit of using multivariate genomic models for oil palm
breeding. Using empirical data, we demonstrated that multivariate genomic models improved the prediction
accuracy of additive effects (GCAs). In addition, we showed that in each parental group, the trait with the lowest
heritability (ABW in group A and BN in group B) benefited the most from the use of a multivariate model. Both
findings are in agreement with the results of previous simulations (Calus and Veerkamp 2011; Jia and Jannink
2012; Guo et al. 2014) but, in addition to the results of these studies, we showed that genomic multivariate
models also increased the prediction accuracy of dominance effects (SCAS).

In the multivariate G-BLUP model, covariance between traits is considered to be identical at each
marker. This could reduce the efficiency of multivariate G-BLUP relatively to a multivariate Bayesian method
that would allow marker specific covariances between traits (Guo et al. 2014). An empirical comparison of these

two statistical approaches with oil palm data would thus be useful.

Density and type of molecular markers

In the conventional pedigree-based analysis of progeny tests, the GCA of a progeny-tested individual
results from the phenotypes of its progeny and the progeny of its relatives. The measure of coancestry used in
this conventional approach is an expected value, as it is based on pedigree, and may thus differ from the true
coancestry. The genomic approach improves this situation as it uses the realized coancestry between progeny-
tested individuals. We found that even small numbers of markers (110 in group A and 70 in group B) gave
GCAs similar to those obtained with a conventional pedigree-based model, which was likely a consequence of
the small effective size of the parental groups of oil palm (<10) (Cros et al. 2015b). The respective history of the
parental groups, with the longer history of inbreeding, drift and artificial selection in group A than group B, led
to less variable realized coancestries in group A and, as we used SSR markers instead of SNPs as in the other GS
studies, to fewer alleles per marker in group A. As a consequence, group A required more markers to capture the
realized coancestries than group B. This difference between groups therefore resulted from their contrasted

history and from the use of a multiallelic type of markers.
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When all the markers were used, we achieved higher prediction accuracy than with the pedigree-based
model. However, the improvement was very limited thus indicating that the phenotypic data of the hybrid
progenies play a major role in the quality of the estimation of the GCAs, while the coancestry matrices used in
the model play a secondary role.

In the present study, the progeny-tested individuals were genotyped using SSR markers. This type of
marker is suitable for genotyping a relatively small number of individuals with a low coverage of the genome,
but the practical application of GS for breeding implies large scale genotyping capabilities, at reasonable cost.
Therefore, future GS studies in oil palm will likely use SNP markers, as this would reduce the cost per data point
and speed up the genotyping process. Although more SNPs are needed to achieve the same GS accuracy as with
SSR markers (Solberg et al. 2008), the efficiency of the current genotyping technologies ensures that SNP
density will not be a limiting factor to implement GS in oil palm. Thus, two SNP arrays have been developped
for this species, with 4.5 K (Ting et al. 2014) and 200K SNP (Teh 2015); while Pootakham et al. (2015)

identified over 20 K SNP using the genotyping-by-sequencing approach.

Comparison of models

We must emphasize that, as shown by formulas [3] and [4], accuracy based on prediction error
variances (PEV) cannot be used to compare models that differ in their genetic variance covariance matrices, as
the estimated variances refer to a different base population. Here, the base population implicitly used with the T-
BLUP model was made up of the individuals with no known parents in the pedigrees, while with the G-BLUP
model, it was made up of genotyped individuals. In other words, even for methods that yield the same estimated
breeding values, accuracies obtained from the PEVs are not invariant to parameterization (Stranden and
Christensen 2011). Consequently, the fact that the accuracies we obtained from the PEVs for the G-BLUP
models were lower than the accuracies of T-BLUP, which were around 0.90 (Cros et al. 2015b), was not
meaningful. When evaluating the potential of GS to predict the GCA of individuals that have not been progeny-
tested, accuracy is often estimated using a cross-validation approach, like that used in Cros et al. (2015b) for oil
palm. However, in the present study, this was not possible as we were interested in the ability of GS to predict
the GCA of progeny-tested individuals, and so the approach we chose was to compare T-BLUP and G-BLUP
models based on their likelihood, and to trust the best model. Similarly, when considering either G-BLUP or T-

BLUP, it was not possible to use likelihood to compare the univariate and multivariate versions of the model, as
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the datasets (phenotypic observations) differed, but using PEV-based accuracy was relevant as the variance

covariance matrices were the same for the univariate and multivariate models.

Implications for breeding

The choice of the model to analyze the progeny tests impacted the practical breeding work, as it affected
the ranking of the evaluated individuals and therefore the set of the selected individuals. Here, we focused on BN
and ABW, two major traits determining oil yield, but genomic models could be used instead of the traditional
pedigree based models for all the traits recorded in progeny tests, i.e. bunch quality, height increment, disease
symptoms (Corley and Tinker 2003; Durand-Gasselin et al. 2010), annual profile of bunch production measured
by the Gini coefficient (Cros et al. 2013), etc. In addition, correlated traits should be analyzed jointly in a
multivariate model. Here we considered two traits but a higher number of correlated traits could easily be used.
In oil palm, several traits are known to be correlated including the number of fruits per bunch and the average
fruit weight, the percentage of pulp and the percentage of kernel in the fruits. As indicated by the literature, the
benefit of using a multivariate approach will result from the h2 of the traits included in the model and from their
correlation. Using the same dataset, Cros et al. (2015b) showed that GS could predict the GCA of non-progeny-
tested individuals for some traits in group B, in particular when the candidate individuals were highly related to
the training set. Here, we showed that GS was also useful to predict the GCA of progeny-tested individuals and
the SCA of crosses. GS is therefore a highly valuable method for oil palm breeding, even with low marker
density.

Our experimental design involved a mean number of 65 hybrid individuals per cross. It would be
interesting to study the effect of decreasing the number of hybrid individuals per cross in the progeny tests, as we
would expect the G- BLUP model to be less affected than the T-BLUP, thanks to the extra information provided
to the G-BLUP (realized coancestries). Reducing the number of hybrid individuals per cross would also allow
progeny-testing more parents, thus increasing the selection intensity without increasing the cost of the progeny
tests. The importance of hybrid phenotypes in the prediction of GCAs also suggests that the number of markers
required to predict the GCAs of non-progeny-tested individuals might be higher than the number required for
progeny-tested individuals. However, this point requires further investigation.

To our knowledge, this is the first report of accuracy of SCA for oil palm crosses. It appeared to be
lower than the accuracy of the GCAs, with the mean accuracy of SCA of crosses that were not evaluated in the

fields reaching 0.68 with the multivariate model. The low proportion of dominance variance in total genetic
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variance (Purba et al. 2001; Cros 2014) indicates that dominance effects are much smaller than additive effects,
making the number of individuals per cross insufficient to accurately estimate SCAs. Our results question the
fact that oil palm breeders only use progeny-tests to select parents with the highest GCA, without taking SCAs
into consideration, or only those of the crosses that were actually tested in the trials, which represents a small
proportion of possible crosses. Although the first paper dealing with BLUP methodology in oil palm dates from
the 1990s (Soh 1994), many breeding companies have not yet started using BLUP for practical breeding
decisions and, those that have started, did so relatively recently. Without BLUP taking coancestries into account,
the analysis of the progeny-tests only provides SCA estimates for the crosses that were evaluated. When the
BLUP model is provided with pedigree information, most of the dominance relationship matrix D contains zero
elements due to the numerous null coancestries in the A matrices. In these conditions, the BLUP model will
yield no estimates of SCA at all or only very inaccurate estimates for crosses that were not evaluated in the trials.
However, as markers are more efficient than pedigrees at capturing coancestries, the accuracy of SCAs obtained
with GBLUP is high enough to make selection possible, particularly with multivariate analysis of correlated
traits. For these reasons, oil palm breeders should also consider SCAs when selecting among progeny-tested
parents, since, although relatively small, the extra genetic gain obtained compared to selection based only on

GCAs, would come at no extra cost.
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444
445 Tables

446

447  Table 1 Deviance of the mixed model according to the coancestry matrices (Gass, Gor, Gy and A), for average

448 bunch weight (ABW), bunch number (BN) and multivariate analysis

GAIS GOF GN A
ABW univariate  401,211.2 418,110 418,997  401,355.2
BN univariate 656,032.6 661,026.2 661,367.8 656,174.2
Multivariate 1,053,287.4 1,053,539 1,053,471.8 1,053,557.2
449
450

451  Table 2 Pearson correlation (top) and Spearman’s rank correlation of the top 10% individuals (bottom) between
452 predicted GCAs produced by a G-BLUP or T-BLUP, univariate or multivariate model and the reference GCAs
453  from the multivariate G-BLUP. The Pearson correlation coefficients were calculated based on the 140 group A
454 genotyped parents and the 131 group B genotyped parents. The top 10% individuals represented 14 individuals

455 in group A and 13 in group B

Pearson correlation Group A Group B
ABW BN ABW BN mean
G-BLUP
Multivariate 1 1 1 1 1

T-BLUP 0.971 0.971 0.986 0.983 0.978
G-BLUP 0.963 0.980 0.976 0.946 0.966
T-BLUP 0.905 0.960 0.969 0.947 0.946

Univariate

Spearman’s rank correlation

on the top 10% individuals Group A Group B

ABW BN ABW BN mean
G-BLUP 1 1 1 1 1

Multivariate = bl Up 0732 0424 0978 0648 0.696

o G-BLUP 0789 0218 0830 0412 0562

Univariate T-BLUP  0.635  0.213 0.890  0.368 0.527
456
457
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Figure legends

Figure 1 Distribution of pairwise estimates of coancestry in group A (left) and group B (right) calculated from
pedigree data (A) and markers (Gas, alike-in-state, Gor, VanRaden matrix calculated from observed frequencies

and Gy, normalized VanRaden matrix)

Figure 2 Mean accuracy of GCA and SCA predictions obtained with univariate and multivariate G-BLUP, for
bunch number (BN) and average bunch weight (ABW): (A) GCA of genotyped parents, (B) SCA of crosses
evaluated in trials and (C) SCA of unevaluated crosses. All G-BLUP models used the Gas coancestry matrix.
Bars indicate standard deviation (in panel A, n=140 in group A and 131 in group B, in panel B n=478 crosses

and in panel C n=256 crosses)

Figure 3 Prediction accuracy of the GCAs of genotyped parents predicted with multivariate models, depending
on marker density, for variable ABW in groups A (left) and B (right). The solid line shows the mean prediction
accuracy of the multivariate G-BLUP, using Gas. Dotted lines represent the standard deviation (n=5 replicates

of random samples of polymorphic markers)
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Figure 1 Distribution of pairwise estimates of coancestry in group A (left) and group B (right) calculated from
pedigree data (A) and markers (G s, alike-in-state, Gor, VanRaden matrix calculated from observed

frequencies and Gy, normalized VanRaden matrix)
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Figure 3 Prediction accuracy of the GCAs of genotyped parents predicted with multivariate models, depending
on marker density, for variable ABW in groups A (left) and B (right). The solid line shows the mean prediction
accuracy of the multivariate G-BLUP, using Gajs. Dotted lines represent the standard deviation (n=5 replicates

of random samples of polymorphic markers)
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Figure S1 Prediction accuracy of the GCAs of genotyped parents predicted with multivariate models, depending
on marker density, for variable BN in groups A (panel A) and B (panel B). The solid line shows the mean
prediction accuracy of the multivariate G-BLUP, using Gajs. Dotted lines represent standard deviation (n=5

replicates of random samples of polymorphic markers)
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Table S1 Details on the 271 parents used in the study, per group and population. All these individuals were

present in the pedigree and genotyped.

Group Population Total
A
Deli 131
Angola 9
Total 140
B
La Mé 93
Yangambi 24
Nigeria 2
La Mé x Yangambi 5
La Mé x Sibiti 7

Total 131
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Table S2 Variances estimated with the multivariate genomic model for average bunch weight (ABW)
and bunch number (BN): additive variances for parental groups A (¢?,,) and B (¢?,,) and dominance

variance (%) in A X B crosses

0 ga 0 gg 0s
ABW 1.15 2.62 2.81
BN 3.11 2.34 7.99
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