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RESUMO

FARIA, Vinicius Ribeiro, D.Sc., Universidade Federal de Vicosa, julho de 2012,
Inferéncia bayesiana de modelos mistos em genética quantitativa de espécies
vegetais. Orientador: José Marcelo Soriano Viana. Coorientadores: Fabyano
Fonseca e Silva e Marcos Deon Vilela de Resende.

Predicdo de valores genéticos e componentes de variancia via Inferéncia Bayesiana

ainda sdo raras no melhoramento de culturas anuais. Desse modo, 0s objetivos deste

trabalho foram implementar uma estrutura Bayesiana para analise de modelos mistos
aplicada ao melhoramento de espécies anuais e explorar diferentes possibilidades no
uso de informaces a priori. Para ilustrar as ferramentas da Inferéncia Bayesiana no
melhoramento de culturas anuais foram utilizados os dois primeiros ciclos de selecédo
de familias de meios-irméos da populacdo de milho pipoca Vigosa. As ferramentas
estatisticas utilizadas foram o software JAGS e o0 pacote R2jags. Priores nédo
informativas e informativas com base na meta-analise para o inverso dos
componentes de variancia foram utilizadas na analise dos dados do primeiro ciclo.

Para o segundo ciclo, priores ndo informativas e informativas obtidas a partir das

distribuicbes a posteriori das duas analises do primeiro ciclo foram utilizadas,

totalizando trés diferentes analises. Em relacdo ao primeiro ciclo, a utilizacdo de
priores informativas por meio de meta-analise forneceu resultados claramente
distintos em relacdo ao uso de priores ndo informativas apenas para a producéo de

gréos. Em relacdo ao segundo ciclo, os resultados para capacidade de expansédo e

producéo de grdos mostraram diferencas entre as trés analises. As diferencas entre as

analises foram restritas aos componentes de variancia e herdabilidade. As correlagdes
entre os valores genéticos preditos foram quase perfeitas (0,99) e a coincidéncia entre

0s 20 pais superiores de pelo menos 90%.

Palavras-chave: Melhor Predicéo Linear imparcial;, amostrador Gibbs; MCMC.
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ABSTRACT

FARIA, Vinicius Ribeiro, D.Sc., Universidade Federal de Vigosa, July, 2012.
Bayesian inference of mixed models in quantitative genetics of crop species.
Adviser: José Marcelo Soriano Viana. Co-Advisers: Fabyano Fonseca e Silva and
Marcos Deon Vilela de Resende.

Bayesian prediction of breeding values and genetic variances are still scarcer in

annual crop breeding. The objectives were to implement a Bayesian framework for

mixed models analysis applied to crop species breeding and to exploit different
possibilities of informative prior elicitation. The Bayesian inference in annual crop
breeding was illustrated with the first two half-sib selection cycles in the popcorn
population Vicosa. The Bayesian framework was based on the JAGS software and
the package R2jags. For the first cycle, non-informative prior for the inverse of the
variance components and informative prior based on meta-analysis were used. For
the second cycle, non-informative prior and informative prior defined as the posterior
from the non- and informative analyses of the first cycle were used. Regarding the
first cycle, the use of a informative prior from meta-analysis provided clearly distinct
results relative to the analysis with non-informative prior only for grain yield.

Regarding the second cycle, the results for expansion volume and grain yield showed

differences between the three analyses. The differences between the non- and

informative prior analyses were restricted to variance components and heritability.

The correlations between the predicted breeding values were almost perfect (0.99),

determining coincidence between the 20 superior parents of at least 90%.

Keywords: Best linear unbiased prediction; Gibbs sampling; MCMC.
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1. Introduction

The best linear unbiased prediction (BLUP) (Henderson 1974) has been widely used
for genetic evaluation in animal and forestry breeding programs. A common approach for
variance components estimation is the restricted maximum likelihood (REML) (Patterson and
Thompson 1971). Bayesian prediction of breeding values and genetic variances has been also
largely employed (Sorensen 2009; Blasco 2001). Actually, REML/BLUP and/or Bayesian
inference have additional relevant applications in genetics and breeding, as prediction of
breeding values using genome-wide dense marker maps (Meuwissen et al. 2001), mapping
QTLs (quantitative trait loci) (Bink et al. 2008), analysis of population structure (Pritchard et
al. 2000), association mapping (Marttinen and Corander 2010) and inferring levels of gene
expression and regulation (Beaumont and Rannala 2004).

However, only recently the annual crop breeders have recognized the advantages of
the genetic evaluation by BLUP or Bayesian analysis, as variance components estimation
based on method superior for unbalanced data, relevance of historical data and pedigree
information to increase the prediction accuracy, and possibility of inclusion of prior
information on the parameters to be estimated (Ye et al. 2007; Piepho et al. 2008; Atkin et al.
2009; Bauer et al. 2009; Viana et al. 2012a). Bauer et al. (2006), Flachenecker et al. (2006),
Oakey et al. (2007) and Viana et al. (2010a, b; 2011a, b), among others, have demonstrated
that BLUP has applications in recurrent intra- and interpopulation breeding programs, and in
the development of pure/inbred lines.

Studies on Bayesian inference of mixed models in annual crop breeding are still
scarcer. Bauer et al. (2009) analyzed field and simulated data of spring barley lines
considering genotype-by-environment interaction effects and pedigree information. In
general, Bayesian inference and BLUP resulted in similar breeding values estimates when the

heritability of the trait was high, but for traits with low heritability the Bayesian approach



accounting for relatedness between lines and the genotype-by-environment interaction was
superior. As most Bayesian analyses in genetics and breeding, there was not inclusion of the
prior knowledge. Fortunately, all Bayesian analysis for genetic evaluation in animal and
forestry breeding are adequate to annual crop breeding. Waldmann and Ericsson (2006) and
Waldman et al. (2008) fitted a multi-trait individual model and the additive-dominant model
for partial diallel analyses of real and simulated data of Scots pine progeny. Differences
between REML and Gibbs sampling estimates occurred for both data. With high dominance,
the additive-dominant model had the best fit. With low dominance, an informative prior was
necessary to avoid overestimation of the dominance variance.

The Bayesian approach has some advantages as flexibility in choosing distributions
for sample data and unknown parameters, facilities in interval estimation and possibility of
incorporate prior knowledge about the parameters of interest (Sorensen 2009; Blasco 2001).
Although this latter advantage is widely mentioned in literature as a potentially attractive
feature of Bayesian inference (Beaumont and Rannala 2004), it has been underexplored in a
practical viewpoint in animal and plant breeding, perhaps because of lack of situations in
which this previous knowledge can be naturally incorporated. In our viewpoint too, the
incorporation of background information represents a special feature of Bayesian analysis in
crop species breeding, since the concept of selection cycles characterizes a natural mechanism
for informative prior elicitation. It is because the posterior distribution for the parameters of
interest, like variance components, from a given cycle, could be used as prior distribution in
the analysis of the next cycle, thus forming a knowledge update system.

In relation to computational features of Bayesian inference of mixed models, tools
using Markov chain Monte Carlo (MCMC) algorithms, like Gibbs sampler, have been widely
used mainly in animal breeding. Among these tools, featured software like MTGSAM (Van

Tassell and Van Vleck 1996) and gibbsf90 (Misztal et al. 2002) often cannot be used directly



for crop breeding data analysis because they do not support especial relationship structures as
those from family-based designs and additional random effects like dominance. Furthermore,
these software have no flexibility in choosing distributions for data and parameters, avoiding,
respectively, the use of non-normal distributions and informative prior distributions based on
previous analysis. One attractive solution is the software WinBUGS, which are a general
Bayesian programming environment, highly flexible in relation to these mentioned models
and distributions (Lunn et al. 2009). Damgaard et al. (2007) and Waldmann (2009),
respectively in animal and plant breeding, have implemented mixed models analysis in this
software, but it does not allows a direct handling of incidence and relationship matrices from
mixed model equations, being necessary using indirect ways based on algebraic notations that
decreases the computational efficiency. One interesting alternative is the JAGS (Just Another
Gibbs Sampler) software (Plummer 2012), which has the same flexibility and facilities of
WinBUGS, but with the advantage of allowing a matrix language programming.

Given the above, the objectives of the present study were to implement a Bayesian
framework for mixed models analysis applied to crop species breeding, to exploit different
possibilities of informative prior elicitation and to present a general computational feature

based on software JAGS.



2. Materials and methods
2.1. Experimental data
The Bayesian inference in annual crop breeding was illustrated with the first two half-
sib selection cycles in the popcorn population Vicosa. The two trials with 196 progenies were
designed as a 14 x 14 simple lattice and performed in the experimental station of the Federal
University of Vicosa (UFV) at Coimbra, Minas Gerais state, in the 1999/2000 and 2001/2002
growing seasons. Each plot corresponded to a 5 m row with 25 plants (ideal stand). The traits

analyzed were expansion volume (EV) and grain yield.

2.2. Model and Bayesian inference
In agreement with the experimental design, in the present study was fitted the
following mixed model

y=XB+Zu, +Zu, +e, (Eq. 1)

where y is the vector of phenotypic values, X and [ are, respectively, the incidence
matrix and the correspondent vector of fixed effects (population mean and replication effects),

Z, and Z, are the incidence matrices of the random effects, Ui is the vector of half of the

u

additive genetic value of the common parent, ~2 is the vector of block within replication

effects and e is the residuals vector.

|62 ~N(0,15%)

Assuming € , the sample distribution of the observed data (likelihood

function) is

V1B, u, u,, 6%, 0%, 62 ~ N(XB+Zyu, + Z,u,,Io?) (Eq. 1.1)

o5, =(1/4)cA

2
where and CA is the additive variance.



The prior distributions for the location parameters (fixed and random effects) of the

model were given by

2 2
Blrg Ly ~N(py, Iyop) (Eq. 1.2)
2 2
u,|/Ac, ~N(O, Ac, ) (Eg. 1.3)
2 2
uzlleuZNN(oa Ibcuz) (Eq. 1.4)

2
where ¢ and ¢ are the known parameters (hyperparameters) of a multivariate

2
normal distribution with covariance matrix given by IBGﬁ, in which ly is a diagonal matrix; A
= {2rij} is the additive relationship matrix and rij is the coefficient of coancestry between the

common parents of progeny i and j; Ib is a diagonal matrix, which represents the

2 2
. e . . - () (&)
independence between blocks within replications. For the variance components %, ~“and

¢ the following scaled inverted chi-square distributions were assumed, respectively, as
prior,

u1|Vul’ Vulsulx;/zu1 (Eq 15)

032 V2SS~ Vuzs‘uzx_vzu2 (Eg. 1.6)

2 -2
O, |Ve 9Se Vesexve . (Eq 17)

Under the Bayes’ Theorem, the joint posterior distribution of all unknown parameters

B.uy,u,, o ,cs and ¢

( ¢) is proportional to the product of the likelihood function (Eq. 1.1)

and the prior distributions (Eq. 1.2 to 1.7). Thus, the general formulation of this theorem is

P(B’ u1'uZ’Gu’6u ’ e|y) (y’B u, UZ,GU, u,? e)XP(B“‘Ba ) (u1|A61211)X
P(Gﬁlwulﬁsul)XP(uz | Ibcu2 )XP(Gu2|Vu2’Su2)XP(G§|Ve’Se)'
Using the respective probability density of these prior distributions, the formula of the

joint posterior distribution can be obtained as



([} u,u, G 6 |y) ( 2)'Nzexp{[y'(XB+lell+Z2u2):|t[y_(XB+Z1u1+Z2u2):|]X

20°
2\ ™% p-n t B-n 2\ "% Ay, 2 _%A wSu
(Gﬁ)[ /jexp{—( BZ)G(E B)]x(cul)[ /jexp[—%jx(cul)[ ]exp[_vailjx
(o) %) exp[—%}x(oﬁz i exp[—%}(ci)_@ﬂj eXp[—V;—:;]. Eq()

The statistical inference on parameters from Eq. 2 is realized on the posterior marginal

distributions, P("y), for each one of these parameters. Therefore, in order to obtain these

distributions, the following integrals must be solved

P(BuY) o [[[]IP(B w0l o0, ol 1y) dy,dyd,d o d . d,

(Eg.2.1)

P(ugly) < [[[[[[P(B. up v, 0%, 0%, 02 1y) dyd, d, ded,d., (Eq.22)
UZle H”” B.u, v, 0 “’ 5 ely)dﬁd“d“ duld uzd5’ (Eq. 2.3)
P(otly)oc [T [P (B w0l ol of [¥)ydyd,d . d s, (Eq. 2.4)
P(os,lv) e [[]JP(B, w07, 0, oF |y My, d,d L d s (Eq. 2.5)
G |y .[J.I.[.[P(B u;, u,, 6 Giz’ Gs |yﬁ[3du duzdc 1d (Eq 26)

Since these integrals do not have analytical solutions, the MCMC algorithms can be
used to generate random samples from these marginal distributions indirectly from the full
conditional posterior distributions (f.c.p.d), which is the posterior distribution for a given

parameter (Eq. 2) conditional on the data and the remaining parameters. In general terms,

.. = 0 0 .
defining [ v "] the full set of p parameters, the f.c.p.d. for a particular parameter 6k

is denoted by P(e"|91"“’9'<'1’9'<+1""’ep’y). Once these f.c.p.d. are characterized as known



families of probability distributions, therefore presenting closed forms, the Gibbs sampler

algorithm can be used.

2.3. Computational features
The Gibbs sampler begins with 6(0), some start values for parameters, while 6(t) are
the values generated at t-th iteration of this algorithm, which are obtained by collecting the

t t t t-1] t-1 O = o® O ®
00~P(0,109,....09,,0¢2.....0¢ y) 00=[00,09....0% .

draws from each f.c.p.d , SO that

T the Markov chain property

Thus, defining T as the total number of iterations, if
ensures that, after discarded some initial iterations (burn-in period), the values generated for a

given parameter 0k are characterized as samples from its marginal posterior distribution,

P(6,]y).

After the descriptions of statistical and computational features, note that the obtaining
of f.c.p.d. is a key point in Bayesian inference. Assuming normal distributions for the data and
location parameters, and scaled inverted chi-square distributions for variance components,
some references (Garcia-Cortés and Sorensen 1996; Sorensen and Gianola 2002) bring a
detailed mathematical handling of Eqg. 2 in order to derive general classes of f.c.p.d. for some
mixed models with one and two random effects. These distributions have been used in some
animal breeding software like MTGSAM and gibbsf90.

However, these software cannot be used directly for analysis of crop breeding data,
due to the fact that they not offer ways to work with relationship structures from family-based
designs, additional random effects like dominance, and other distributions different of those
postulated by Garcia-Cortés and Sorensen (1996) and Sorensen and Gianola (2002), including
informative prior distributions defined by previous analyses. Thus, using these special model
structures, the obtaining of f.c.p.d. is required in order the apply MCMC algorithms, and it

can be really an arduous task for many animal and plant breeders. Thinking in these problems,



Damgaard et al. (2007) and Waldmann (2009) proposed using the software WinBUGS as a
flexible and easy alternative to Bayesian inference of mixed models, since its requires only
specifications of the data listing, likelihood function and prior distributions. However, despite
the facilities, these approaches not allowed a direct handling of incidence and relationship
matrices, being necessary using alternative parameterizations based on algebraic notations
that are not usual and with low computational efficiency.

An attractive alternative is the JAGS software (Plummer 2012), which has the same
flexibility and facilities of WinBUGS, but with the advantage of working under a full matrix
approach, allowing a direct handling of incidence and relationship matrices. Thus, the
distributions for the data and unknown parameters can be specified exactly in the same way of
theory (equations 1.1 to 1.7), as showed with details in Figure 1. Other interesting feature of
JAGS is its special link with R software (R Development Core Team 2012), by the package
R2jags (Su and Yajima 2012), which presents relevant facilities in relation to data reading
(phenotypic values, incidence and relationship matrices and initial values) by function
read.table, avoiding working with object’s listing that are impracticable with larger data sets.
Furthermore, other advantage of R2jags is the possibility of using directly R packages for
MCMC convergence diagnostic, like boa (Smith 2007) and coda (Plummer et al. 2012). A
detailed tutorial about R2jags using the model specified in Figure 1 is showed in the

Appendix.



model

{

#likelihood function
Y ~ dmnorm(mu[1:N,1],1[1:N,1:N]*tau_e)

2 2

yIB u,u, 0,0, , 0, ~N(uIs?)  Eq. (L.1)

mu[1:N,1] <- X[1:N,1:nbeta]%*%beta[1:nbeta,1] + Z1[1:N,1:nul]%*%ul[1:nul,1] + Z2[1:N,1:nu2]%*%u2[1:nu2,1]
p=Xp+Zu +Z,u,

#prior distribution for fixed effects
beta[1:nbeta,1] ~ dmnorm (mean_beta[1:nbeta,1], Ibeta[1:nbeta,1:nbeta]*0.00001)

Bty 1,07 ~NGty, Iiop)  Eq. (12)

#prior distributions for random effects
ul[l:nul,1] ~ dmnorm (mean_ul[l:nul,1], A[1:nul,1l:nul]*tau_ul)

ullAcslzJl ~N(0, Acﬁl) Eq. (1.3)

u2[1:nu2,1] ~ dmnorm (mean_u2[1:nu2,1], Ib[1:nu2,1l:nu2]*tau_u2)

U, 1,02, ~N(0, 1,6%)  Eq. (1.4)

#prior distributions for the inverse of variance components
tau_ul ~ dgamma(vul/2, Sul/2)

Gﬁl|vu1’su1N Vu1su1X-V2u1 Eq (1 5)

tau_u2 ~ dgamma(vu2/2, Su2/2)

OialV 2580~ VuZSuzx-vzuz Eq. (1.6)

tau_e ~ dgamma(ve/2, Se/2)

e[V S~ VSex Eq. (1.7)

#Definition of variance components and heritability
sigma2_e <- 1/tau_e
sigma2_ul <- 1/tau_ul
sigma2_u2 <- 1/tau_u2
sigma2_a <- 4*sigma2_ul
h2<-sigma2_ul / (sigma2_ul +sigma2_e/2 )
}
Figure 1 Schematic illustration of the model file to be used in JAGS software, where Y is the phenotypic values
vector; X, Z1 and Z2 are, respectively, incidence matrices for B, u; and u,; N, nbeta, nul and nu2 are,
respectively, the numbers of observations, of fixed effects, of families and of blocks; mean_beta, mean_ul and
mean_u2 are, respectively, the mean vectors of prior distributions for B, u; and up; 1, Ibeta, A, Ib are,
respectively, matrices related with covariance of prior distributions for e, B, u; and u,; and v_and S, are the
hyperparameters for the inverse of the variance components.



2 2 2
. . _ . . o, ,0 .
In relation to prior distributions for the variance components (~“’~v2 and ®¢) in

Figure 1, note that is being used a reparameterization of original scaled inverted chi-square

2
(Scale* ) distribution because the JAGS does not works directly with this distribution. This

distribution is a special case of the inverse gamma distribution (inv Gamma). Thus, assuming

? ~ Scale x*(v,S)

that © , where S = v62* and 62* is the prior most likely value to 62, one

2 .
equivalent distribution is © ~ NV Gamma(v/2.8/2) g,rancen and Gianola 2002, p.85),

— 2

as defined in Figure 1.
2.4. Informative prior distributions

The present study also evaluated the influence of using informative and non-
informative prior distributions on genetic parameter estimation. The use of prior knowledge
has especial interest for Bayesian analysis in crop breeding, because the posterior distribution
for the parameters (variance components) in a given selection cycle could be used as prior
distribution in the analysis of the next cycle, characterizing a knowledge update system.

In order to perform the analysis involving different prior distributions, for the first

cycle were initially used non-informative prior for the inverse of the variance components,

defined byFl/G2 NGamma(O'OOI’O'OOI). Since the same population and phenotypes were
analyzed by ANOVA/BLUE (best linear unbiased estimation) or REML/BLUP (Arnhold et
al. 2010; Viana et al. 2012a), informative prior based on meta-analysis (Whitehead 2002) was
used too. This statistical method integrates the results of several independent studies,

synthesizing them into a single measure. For this, the inverse of the average value of a given

— 1 /=2 2
variance component (T_l/ © ) and its respective variance (Sf) were calculated from a set of

values reported in these studies, and equalized to expectation and variance of a gamma (a,f3)

10



T=— S = azs—% =__

o 2 _ O T T
2
distribution: P and G Thus, it was possible to define

in 1=1/6° ~ Gamma(a.,p)

, Which is an informative prior such as its expectation and variance
are coincident, respectively, with mean and variance of the data set containing the reported
values in the referenced papers.

This same system of equality was used in order to exploit the results of the first cycle
as prior information for the second cycle. For this, the mean and variance of the marginal
posterior distributions for the inverse of the variance components (t) obtained from the
analysis with or without informative prior were equalized to expectation and variance of a
gamma distribution, from which the values of o and  were calculated. Thus, the expectation
and variance of these gamma distributions are coincident, respectively, with mean and
variance of the posterior distributions from the first cycle, characterizing an incorporation of

prior knowledge coming from the previous cycle.

A total of three analyses were performed for each trait in the second cycle: non-

_ 2
w=1/0" ~ Gamma(0.001,0.001). ;ntormative prior defined as the

informative prior using
posterior from the non-informative analysis of the first cycle; and informative prior defined as
the posterior from the informative analysis of the first cycle. Under this approach, it was
possible to define different levels of prior knowledge at second cycle: non-informative prior,
non-informative prior in first cycle and informative prior in second cycle, and informative
prior in the first (meta-analysis) and second cycles. It is worth noting that the prior

information was only exploited for the additive and error variances, because does not make

sense to use prior information from blocks, which change from one experiment to other.

11



2.5. Bayesian analysis
Based on previous analyses of some MCMC chains, we decided to use one chain of
70,000 iterations per trait. We set the burn-in to 20,000 iterations and thinned every 5th
iteration, resulting in a total sample of 10,000 iterations for both traits. In each chain we
analyzed the posterior mean, standard deviation (SD), 95% HPD (high probability density)
intervals and convergence criterion statistics (Geweke 1992; Raftery and Lewis 1992) for

breeding values, additive, blocks within replication and error variances, and heritability.

12



3. Results

In relation to convergence criteria, it was verified that the absolute values of Geweke's
Z statistics were below 1.96, and the dependence factor of Raftery and Lewis were below 5.0
for all parameters, indicating its convergence (Tables 1 and 2). Regarding the first cycle, the
analyses of EV showed that the use of a informative prior from a meta-analysis did not
provided clearly distinct results relative to the analysis with non-informative prior (Table 1).
The estimates and precision of the genetic parameters were equivalent, since the values of
standard deviation and 95% HPD (high probability density) interval were similar. However,
for grain yield both analyses provided distinct results. For additive variance and heritability
the analysis with prior information provided estimates 1.7 times higher than those found when
we used non-informative prior and there was an increase in precision. The coefficient of
variation for the additive variance and heritability decreased from 58.9 to 33.1% and from
52.3 to 26.4%, respectively.

The differences between the two analyses are highlighted from the posterior densities
of the genetic and non-genetic parameters (Figure 1). For EV there was a tendency of
overlapping between the curves, indicating little influence of the prior information. However,
for grain yield the difference in the distributions promoted by the inclusion of prior
information was evident. In the analysis with prior information the distributions were more
symmetric compared to the analysis without prior information.

Regarding the second cycle, the results for EV and grain yield showed differences
between the three analyses (Table 2). In relation to EV, the inclusion of prior information
provided lower estimates of the additive variance and heritability and increased the precision
of the estimates. The 95% HPD interval of the additive variance fell from 8.3, with no prior

information, to 5.0 and 4.5. For heritability, the amplitude decreased from 0.36 to 0.18. The

13



decreases in the standard deviations were 40.7 and 45.7 for the additive variance, and 48.2
and 49.0 for heritability. The posterior densities of the genetic and non-genetics parameters
with prior information have a higher probability density for the mean value compared to the
analysis without prior information (Figure 2).

In relation to grain yield, there were differences in the estimates and precision of the
variance components and heritability (Table 2). The inclusion of prior information clearly
determined lower heritability and more precise estimates of the additive variance and
heritability. However, compared to the analysis with non-informative prior, there was relevant
decrease (42.0%) in the estimate of the additive variance with informative prior and posterior
from cycle 1, and significant increase (59.6%) with informative prior and posterior from cycle
1 with meta-analysis. By visual analysis of the posterior densities it is also evident that there
are differences between the three analyses, since the highest probability densities are at
different values for all parameters (Figure 2).

For EV the breeding values obtained from the analyses with informative prior showed
higher precision (Tables 1 and 2). This also occurred for grain yield, but only in the analysis
of the second cycle with informative prior as the posterior from cycle 1. The differences
between the analyses with informative and non-informative prior were restricted to variance
components and heritability. The correlations between the predicted breeding values were
almost perfect (0.99), determining coincidence between the 20 superior parents of at least

90%.
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4. Discussion

We will ignore here, intentionally, any comparison between Least Squares/BLUE
(best linear unbiased estimation), REML/BLUP and Bayesian inference for estimation or
prediction of genetic parameters. Since breeders in general are interested in tools to increase
selection efficiency, it is not necessary again to discuss on the most efficient statistical
approach for genetic evaluation. First because we have only one balanced dataset and second
because none approach should be systematically superior in all situations. As stated by Blasco
(2001), both Bayesian and frequentist schools of inference are well established, neither of
them has, in general, operational difficulties, and there is software available to analyze a large
variety of problems from both points of view. However, we should show that with an
adequate statistical tool, it is possible, although not necessarily ease, to use Bayesian
inference for genetic evaluation in crop species, as we and others have done with
REML/BLUP (Bauer et al. 2006; Flachenecker et al. 2006; Oakey et al. 2007; Viana et al.
2010a, b; 2011a, b), using the ASReml (Gilmour et al. 2009) and SAS (Littell et al. 2006)
software.

The possibility of using informative priors in genetic analysis is the most important
aspect of Bayesian inference. When there is prior information, the credibility intervals are
narrower than the confidence intervals, and the significance tests are more powerful (Foulley
and Gianola 1990), increasing the confidence about the estimates. When to the parameters of
the mixed linear model are assigned non-informative uniform distributions, REML/BLUP and
Bayesian inference should be identical (Sorensen and Gianola 2002). When no previous
information regarding the base population is available, it is important to obtain the prior
information from a meta-analysis. In our study, the use of prior information through meta-

analysis promoted greater precision in the estimates of the genetic parameters for grain yield.
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Giannotti (2002) also recommended meta-analysis techniques for quantitative reviews of
genetic parameters.

In recurrent intra- and interpopulation breeding programs and in the development of
pure/inbred lines the priori information for a given selection cycle should be based on the
posterior distribution of the parameters from the previous cycle. Wang et al. (1993) showed
that the parameter estimates were more precise when using higher levels of a priori
information. However, in the study of Rodriguez et al. (1996) the external information was
not important on the inferences. The results of the analyses that assigned a greater weight to
external information were identical to those obtained with flat priors. According to Van
Tassel et al. (1995), using a priori information may contribute to the variance components
estimation, especially in those situations where the data set is small and any additional
information with respect to parameters is available.

According Waldmann (2009), one reason that limits the use of Bayesian inference in
guantitative genetics is the lack of a user-friendly software that researchers can use without
having a deep statistical knowledge. The author presents a "flexible and easy" way to
implement the Bayesian analysis using the WinBugs software. However, this software has the
limitation of not allowing direct matrix operations. This aspect is the greatest advantage of
using the JAGS software in quantitative genetic analyses, as this software allows the
programming models involving matrix operations directly, as is the case of the Mixed Model
Equations, where the relationship matrices are used as weighting factors. Furthermore, there
is the advantage of working in the R interface through the package R2Jags, with a simple and
easy routine to implement (see appendix). The JAGS software also allows that all chains of
the Gibbs sampler and its iterations be saved. This allows the use of such iterations in
convergence analysis using the R package boa, which is a procedure easy to perform and

interpret. Moreover, through these chains the breeders can plot the posterior distributions of a
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selection cycle and obtain the parameters for the prior distributions of the next cycle. Lastly,
based on the presented code, is straightforward to fit the individual model in non inbred and
inbred populations (Viana et al. 2010a; Viana et al. 2012b), the full-sib family model, the
gametic model and the inbred family model (Viana et al. 2010a; Viana et al. 2012a), and the
models for testcross (Viana et al. 2011a) and diallel analyses (Viana et al. 2011c). The
adequate models for interpopulation half- and full-sib progeny include one (general
combining ability (gca) effects) and three (gca effects of populations A and B and specific

combining ability effects) random genetic vectors (Viana et al. 2013), respectively.
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Appendix (Tutorial about R2jags using the model file presented in Figure 1)

Y = as.matrix(read.table("Ypl.txt")) #reading phenotypic observations ()
X = as.matrix(read.table("X.txt")) #reading incidence matrix of

Z1= as.matrix(read.table("Z.txt")) #reading incidence matrix of u;

Z2= as.matrix(read.table("Jp.txt")) #reading incidence matrix of u,

#specifying dimensions
N=nrow(Y) # number of observations in Y
nbeta=ncol(X) # number of fixed effects ()

nul=ncol(Z1) # number of families (u,)
nu2=ncol(Z2) # number of blocks (u,)

#mean vectors of prior distributions for location parameters
mean_beta=matrix(100,nbeta,1) # pg in Eq. 1.2

mean_ul =matrix(0,nul,1) # 0 in Eq. 1.3

mean_u2 =matrix(0,nu2,1) # 0 in Eq. 1.4

#matrices related with covariance of prior distributions for location parameters

I =diag(N) # 1 in Eq. 1.1
Ibeta=diag(nbeta) # IBin Eq. 1.2

A = as.matrix(read.table("A.txt")) # A in Eqg. 1.3
Ib=diag(nu2) # 1, in Eq. 1.4

#specifying hyperparameters for the inverse of variance components (non-inf analysis)
v1=0.001; v2=0.001; ve=0.001; S1=v1*1; S2=v2*1; Se=ve*1;

library(R2jags) #loading R2jags packgage

#listing JAGS input

jags.data = list("Y", "X", "Z1""Z2","N","nbeta","nul", "nu2","mean_beta", "mean_ul","mean_u2", "lbeta",
"A" IR, vl 2t e, ST S 21 M Se™)

#listing JAGS output

jags.params=c("beta","ul","u2","sigma2_ul","sigma2_a","sigma2_u2", "sigma2_e","h2")

#listing initial values for MCMC simulation

jags.inits = function() {

list("beta" = structure(.Data = ¢(4500,100,300), .Dim = c(nbeta, 1)), "ul" = structure(.Data = mean_ul, .Dim =
c(nul, 1)),

"u2" = structure(.Data = mean_u2, .Dim = c(hu2, 1)), "tau_ul"=c(0.0001), "tau_u2"=c(0.001),
"tau_e"=c(0.00001))}

#calling jags function of R2jags packgage

bayes = jags(data=jags.data, jags.params, inits=jags.inits, n.chains=1, n.iter=70000, n.burnin=20000, n.thin=>5,
model.file="bayes_model.txt") # “bayes_model.txt” is txt file containing model specified in Figure 1.

#saving MCMC output
1. write.table(as.mcmc(bayes),"prod_noninf.txt" ,row.names=FALSE,quote=FALSE)
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Table 1 Mean, 95% highest probability density interval and standard deviation (SD) of the
posterior densities of the genetic parameters for EV (ml.g™") and grain yield (kg.ha™) relative
to the first cycle, and statistics of convergence

Trait Parameter No informative prior Informative prior (meta-analysis)
Mean SD Z- DFRL Mean SD Z- DFRL
Gewek Gewek
EV Additive 7.8387 3.7674 0.7400 0.98 6.4737 3.8308 - 1.03
var. (0.9802- (0.5050- 0.7558
14.6581) 13.5140)
Block|Rep. 2.6342  1.0740 - 0.97 2.6066 1.0565 0.9732 0.99
var. (0.9126- 1.4641 (0.8997-
.8569) 4.6551)
Error var. 125642 1.2419 0.5924 0.98 12.6878 1.2546 0.0200 0.98
(10.1622- (10.2474-
14.9576) 15.1336)
Heritability 0.2318 0.0952 0.4676 0.99 0.1966 0.1018 - 1.01
(0.0511- (0.0183- 0.7419
0.4085) 0.3747)
Add. valuge? -3.6; 2.4582 - - -3.0; 2.2832 - -
3.2 2.6
Grain Additive 386,745 227,780 0.4880 1.03 656,679 217,637 - 1.02
yield var. (38,121- (254,778- 0.4494
822,410) 1,069,416)
Block|Rep. 75,908 41,858 2.2062 1.00 80,989 43,668 0.9394 0.99
var (16,635- (18,179-
' 153,991) 161,467)
Error var. 900,829 84,614 - 1.02 784,676 69,568 0.1286 0.98
(733,565- 0.7064 (650,397-
1,062,399) 919,638)
Heritability 0.1718 0.0898 0.5601  0.99 0.2906  0.0768 - 1.01
(0.0248- (0.1403- 0.4246
0.3392) 0.4329)
Add. valuge? -646; 564 - - -1,078; 1,368 - -
1086 1,818

1Z-Geweke: z-score of the Geweke test; DFRL: Dependence Factor of Raftery and Lewis;
minimum and maximum additive value and average SD.
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Figure 2 Posterior distributions of genetic parameters of the first cycle. a. heritability for EV; b. additive variance for EV; c. error variance for
EV; d. heritability for grain yield; e. additive variance for grain yield; and f. error variance for grain yield.
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Table 2 Mean, 95% highest probability density interval and standard deviation (SD) of the posterior densities of the genetic parameters for EV
(ml.g™%) and grain yield (kg.ha™) relative to the second cycle, and statistics of convergence®

Trait  Parameter No informative prior Informative prior (posterior from Informative prior (posterior from
cycle 1) cycle 1 with meta-analysis)
Mean SD Z- DFRL Mean SD Z- DFRL Mean SD Z- DFRL
Gewek Gewek Gewek

EV Additive var. 45306 2.3166 -0.9793 1.01 3.8331 1.3739 0.5493 1.03 2.6920 1.2568 -0.2048 0.99
(0.4882- (1.6314- (0.7119-
8.8265) 6.5953) 5.1734)

Bl.|Rep.var. 13862 05779 -0.9049 0.98 18636 0.5100 -0.5722 0.98 17340 0.4858 1.2948 0.97
(0.4324- (1.0163- (0.9094-
2.4974) 2.8905) 2.6872)

Error var. 7.7155  0.7720 1.7570 0.98 9.6341  0.5994 -2.2280 1.01 9.7512  0.6080 0.8548 0.99
(6.2800- (8.4841- (8.5847-
9.2592) 10.7829) 10.9617)

Heritability 0.2209  0.0967 -1.1494 0.99 0.1639  0.0501 0.7753 0.99 0.1194  0.0493 -0.1936 0.99
(0.0364- (0.0774- (0.0403-
0.3963) 0.2636) 0.2198)

Add. value® -2.9;2.4  0.9400 - - -2.2;1.8 0.8982 - - -1.6;1.3  0.7696 - -
Grain Additive var. 166,435 70,756  0.5635 0.95 96,487 31,187 0.1915 0.95 265,653 49,301 0.5567 1.01
ield (34,755- (43,236- (172,664-

y 300,017) 156,879) 362,333)
Bl.|Rep. var. 103,093 39,204 -0.0066 1.03 65,475 24,073 -1.4281 1.00 67,160 23,945 0.8873 0.95
(40,595- (29,149- (29,551-
180,718) 116,513) 115,966)
Error var. 196,555 20,904 0.3514  0.99 487,976 29,007 1.2728  0.98 458,476 26,964 3.1158  0.96
(157,157- (434,601- (404,618-
237,749) 547,013) 509,766)
Heritability =~ 0.2903  0.1023 0.3938  0.96 0.0894  0.0263 0.1901  0.95 0.2237  0.0332 -0.3041  0.99
(0.0805- (0.0418- (0.1603-
0.4693) 0.1397) 0.2887)
Add. value? -590; 173 - - -180; 148 - - -436; 228 - -
560 170 420

1Z-Geweke: z-score of the Geweke test; DFRL: Dependence Factor of Raftery and Lewis; “minimum and maximum additive value and average
SD.
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Figure 3 Posterior distributions of genetic parameters of the second cycle. a. heritability for EV; b. additive variance for EV; c. error variance for
EV; d. heritability for grain yield; e. additive variance for grain yield; and f. error variance for grain yield.
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