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Abstract

An individual tree model with additive direct and competition effects is introduced to account for
competitive effects in forest genetics evaluation. The mixed linear model includes fixed effects as
well as direct and competition breeding values plus permanent environmental effects.
Competition effects, either additive or environmental, are identified in the phenotype of a
competitor tree by means of ‘intensity of competition’ elements (IC), which are non-zero
elements of the incidence matrix of the additive competition effects. The ICs are inverse function
of the distance and the number of competing individuals, either row-column wise or diagonally.
The ICs allow standardization of the variance of competition effects in the phenotypic variance of
any individual tree, so that the model accounts for unequal number of neighbors. Expressions are
obtained for the bias in estimating additive variance using the covariance between half-sibs, when
ignoring competition effects for row-plot designs and for single-tree plot designs. A data set of
loblolly pines on growth at breast height is used to estimate the additive variances of direct and
competition effects, the covariance between both effects, and the variance of permanent
environmental effects using a Bayesian method via Gibbs sampling and Restricted Maximum
Likelihood procedures (REML) via the Expectation-Maximization (EM) algorithm. No problem
of convergence was detected with the model and ICs used when compared to what has been

reported in the animal breeding literature for such models. Posterior means (standard error) of the
estimated parameters were 65,= 12.553 (1.447), 6%, = 1.259 (0.259), 6,,,.= —3.126 (0.492),
62 =1.186 (0.289), and 7= 5.819 (1.07). Leaving permanent environmental competition effects

out of the model may bias the predictions of direct breeding values. Results suggest that selection

for increasing direct growth while keeping a low level of competition is feasible.
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Introduction

The additive genetic variance is a parameter of uttermost importance in the genetic
improvement of forest trees as it affects the gain and the precision of selection. In order to avoid
bias when estimating additive variance, the statistical model of analysis should include all other
sources of genetic variation as well as all identifiable environmental effects. Tree competition for
resources may bias breeding value estimation from competing individuals (see for example,
Magnussen, 1993; Foster et al., 1998; Radtke et al, 2003) by inducing a negative correlation
between either individual trees or neighbor plots. Competition is defined as the stress suffered by
a plant due to the genotype and the spatial arrangement of neighboring trees (Hinson and Hanson,
1962), and is caused by genetic and environmental sources (Magnussen, 1989). Usually genetics
effects of competition are not accounted for in the model of evaluation in spite of evidence of
their existence (see the references in the discussion of Magnussen, 1993 and Foster et al., 1998).
Cannell (1978) suggested selecting for non-competitive genotypes in order to increase yield per
unit of area in forest trees. This breeding strategy is most effective if direct effects for growth are
negatively correlated to competition effects. In this scenario, plants with a large genetic potential
for growth tend to induce less competition, so that tree density may be increased and, as a result
of both increases, the yield per unit area would be augmented. On the other hand, if the
correlation between direct and competition effects is positive, selection for higher growth will
result in more competitive individuals. As a consequence, total yield per unit area may be
affected as the faster growing individuals would hinder the growth of their neighbors, which in
turn would decrease total production. Inclusion of genetic effects of competition results in an
increased number of additive dispersion parameters in the model of genetic evaluation compared

with those models where competition effects are absent.
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In a series of papers, Griffing (1967, 1968a, 1968b) described models that include genetic
effects of competition among individuals or groups of individuals, and analyzed the consequences
of using such models for the response to selection. In these models, the phenotype of an
individual is a linear combination of its genetic effects (“direct genetic effects”) plus the genetic
contributions from other genotypes (“indirect genetic effects”’). Whereas direct genetic effects are
expressed in the phenotype of an individual, indirect genetic effects are expressed only in the
phenotype of another individual. A common example of indirect effects is the maternal effect in
mammals (Willham, 1963; Lynch and Walsh, 1998, chapter 23), which is expressed in the
offspring from birth to weaning. When looking at the genetic evaluation of trees, competition is
an indirect genetic effect. Wright (1986) obtained expressions for the covariance between
relatives in the model of Griffing (1967), including additive, dominance and epistasis, for direct
and competition effects. For a single trait individual tree model, 22 genetic (co)variance
components have to be estimated: 3 for additive effects, 3 for dominance effects, and 16 for
epistatic effects. Attempting to fit a model with all 22 parameters to data with the usual family
relationships (full and half-sibs) commonly found in trees seems to be hopeless. Instead, it may
be feasible to fit additive effects, as it requires estimating only three (co)variance components
plus the error term. Muir and Schinckel (2002) described an animal model with direct and
competitive effects. Van Vleck and Cassady (2005) used simulation and a fixed number of
competitors, to determine whether Restricted Maximum Likelihood (REML, Patterson and
Thompson, 1971) with relationships could untangle the covariance structure of direct and
competition genetic variances and the covariance between them, whereas Arango et al. (2005)
attempted to estimate the three (co)variance components to a swine population during a growth
test. The results of both studies suggest that the additive relationships among competing

individuals present in the data may be essential in disentangling the information to estimate the



98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

(co)variance components. Muir (2005) wrote down the mixed model equations with competition
effects to analyze forest tree data, but he ignored the consequences of a variable number of
competitors (due for example to mortality or thinning) on estimating the additive genetic variance
for competition. All in all, when fitting a model with competition effects it is essential to report a
measure of the variability of the estimates of the dispersion parameters.

A shortcoming of REML is that the variability of estimation has to be measured
approximately using large sample theory by means of the inverse of the information matrix from
the marginal or restricted likelihood, as there is no analytic solution for the variance of the
estimating equations: there is no exact sampling distribution for the REML estimators. From a
Bayesian perspective REML can be seen as the mode of the joint posterior distribution of all
(co)variance components after integrating out the fixed effects using a flat prior for the dispersion
parameters (Harville, 1974). Alternatively, a full Bayesian approach by means of the Gibbs
sampler can be attempted for estimating the (co)variance components for additive direct and
indirect effects, by exploiting the similarity with the model of maternal effects (Sorensen and
Gianola, 2002, section 13.3). The basics of the Gibbs sampling is discussed by Casella and
George (1992), whereas Soria et al. (1998), Gwaze and Woolliams (2001), Zeng et al. (2004) and
Cappa and Cantet (2006) developed some applications of the sampler to the genetic improvement
of forest trees. The goals of this research are: 1) to introduce an additive genetic individual tree
model that includes direct and competition effects, accounting for the number and position of
competitor trees; 2) to estimates the dispersion parameters of the model (additive variances for
direct and competition effects, and the covariance between both effects) using a Bayesian
approach by means of the Gibbs sampler. Developments are illustrated with data on the diameter

at breast height in Pinus taeda L. at 13 years of age.
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The model

Breeding values for direct and competition effects.

Consider a trait mostly affected by additive genetic effects, with a direct and a
competition component (Wright, 1986). The dynamics of the joint genetic variability for additive
effects with an indirect component has been developed by Willham (1963) for maternal effects,
and more generally discussed by Wolf (2003) within an evolutionary framework. Let the direct
component of the breeding value for individual i be a4, and let the competition breeding value be
a.;. The greater the magnitude of a.; the higher the competition effects exerted by tree i. The
phenotypic record of tree i (y;..) 1s affected by the a.;‘s of neighbor trees j (j = j1, j2,..., jm), In @
similar fashion to maternal effects which are expressed in the progeny’s phenotype. Thus, yj .
depends on the a. of its neighbors but not on its own a.. As an individual tree suffers
competition from more than a neighbor, let m; be the number of competitors of the i” tree. For
plantations in a regular grid, the maximum value m; can take is 8. The assumption is that any tree
does not compete with other trees than its nearest neighbors (see Figure 1). The notation R-C
indicates that the competitor lies, either in the same row or in the same column, and is represented
with the symbol ‘ « ’ in Figure 1. In the same way, the letter D refers to competitors that lie
diagonal, and these are represented with the diagonal arrows in Figure 1. To exemplify, in Figure
1 the R-C competitors of tree 5 are plants 2, 4, 6 and 8, whereas individuals 1, 3, 7 and 9 are D
competitors of 5.

[Insert Figure 1 about here]
The total additive genetic competition that is exerted over plant i from trees ji, j2, ..., jm: 1S

equal to
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;
f;l acl +f;2 acz Tt im acm :Zj;i acj [1]
j=l

The element f;; is interpreted as the intensity of competition (IC) that a.; (j = ji, j2,..., jm) €xerts
over the phenotype of the i neighbor tree (¥ij.jn)- To obtain the IC values, consideration should
be given to the fact that, in the absence of inbreeding and of genetic relationships among

competitors and regardless of the number of competitors,

Var(i fya. J =0, [2]

jal
where o>, is the additive variance for competition breeding values. This implies that the

potential genetic strength for competing with the neighbors, i.e. a., is split proportionally to m;.
Let fijr-c be the IC in [1] for R-C and f;p for D competitors to i. Also, let ng.c and np be the
respective numbers of R-C and D competitors, and ngr.c + np = m;. Under all these premises, and

on using the variance operator in [2], we obtain
Va{ifa a, j = (nR-C Jyee * 1 S ) i = (iﬁﬁ jﬁic [3]
j= 7=
where k£ = R-C or D. By equating [2] to [3], the ICs are such that
S 1 = Snctm S =1 [4]

Now, it seems reasonable to assume that in trees IC is related to the inverse of the distance
between i and j (i.e. Radtke et al., 2003). If d is the regular spacing of the planting design, for R-
C competitors the IC is proportional to 1/d. However, the distance of a tree located diagonal to i
is 22 d by the Pythagorean theorem, so that competition is proportional to 1/(2"? d) for D
competitors. Now, fir-c= 1/d and f;p = 1/(2"* d). On solving for d in both equalities we get d = 1/

fir-c and d =1/ f,-jD21/2. Next is to equate the resulting expressions so as to obtain
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\/Efisz Jirc [5]
Finally, by replacing with [5] in [4] and solving for f;jp and fjjr-c produces
N 2 fin 0y fin =1 or (2 ¢ +mp) =1

Thus

Jip= ———— (6]

2ng .ty
A similar argument is used to obtain

Jimc= 2 [7]

2ng oty

Notice that f;; is not necessarily equal to f; as i and j may have different number of competitors.
An interesting feature of expressions [6] and [7] is that the intensity factors end up being
independent on the distance d. The reason is that in row-column arrays there is a relation between
the RC-distance and the D-distance based on the theorem of Pythagoras, and the value of d
cancels out when obtaining [5]. This approach can be simply extended to planting designs when
the distance between rows and columns is not the same, i.e. when drow # dcolumn.

Griffing (1967) and Wright (1986) observed that the covariance between a,; and a.; from

the i-th tree is equal to:
cov(ad,,acl ) = A,0\un.
where Aj; is the additive genetic relationship between tree i and its j neighbor, and ©,,, is the

covariance between direct and competition breeding values. Moreover, as the genetic model is

exclusively an additive one, we have that

1

Var(adi):(1+F)oid Var(ac/)=(1+Fj)G,2\c
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(Kempthorne, 1969; page 349). In this expression, F; and F; are the inbreeding coefficients of i
and j, respectively; 0%, is the additive variance for direct effect. In terms of the covariance matrix
of breeding values we have

(1+E)Gid Az‘jGAdAc

A0, (1+F)0l,

Additive individual tree mixed model with direct and competition breeding values

On inserting [1] into an additive individual tree model (Borralho, 1995) for the record of

tree i competing with neighbors ji, j», ...,, jm produces
Vit jm = X, B+ a, + ny (acj + P ) te (8]
j=1

In [8], yji.j» 1s the phenotype of i (i = 1, ...., n; n is the total number of trees with data recorded).
The p x 1 vector P contains fixed effects such as site or block, and is associated to the data by the
i" row of the incidence matrix X (n X p). The breeding values a,; and a.; and the f; are as defined
above. Model [8] includes permanent environmental effects through the random variable p.;, so
that a,; + p. is the phenotypic effect of competitor j over the phenotype of i (Muir, 2005).
Finally, e;; ;. is the random error term.

The variance of y, . in [8]is equal to

Var (yl.jl»_jm») = Var [“d,. + ify acjj + Var(ifij ch]"' Var( e,.jl»_jm)
J=1 j=1

where the first variance is for the additive effects, the second one for the permanent
environmental effects, and the remaining one for the error. It is shown in the Appendix that total

additive variance in model [8] is equal to



203 Var{”d,. + Z.fijk a, J = (1 + E)Gid '{(”R—c f,ii_(, +ny, fi) )(1 + F/) +2 Z fyk im/cAjj' GZAC +2Zfijk Aij O pdac
j=1 J=1

J#J

204 [9]
205  When: 1) all individuals are not inbred (£; = F; = 0), 2) tree i is unrelated to its competitors (4;; =
206 0, for all ), and 3) the competitors are unrelated among themselves (4;» = 0), expression [9]

2 2
207  reduces to 65, + 0, .

208 In matrix notation, the individual tree model [8] is

209 y=Xp+Za,+Za +Z,p te [10]
210  where y = [y;.j.] (n X 1) contains the data; X is the n X p incidence matrix relating records to the

211  vector of fixed effects B, p. is a vector such that p.=[p;]j=1, ..., n, such that p. ~ N, (0, I, Gi ),

212 and e (n % 1) is the random vector of i.i.d. errors distributed as N, (0, I, 026), being Oze the error
213  wvariance. Direct breeding values are included in the random vector a; = [a;] and competition
214  breeding values are in a. = [a.;]. The same ¢ individuals having direct breeding values in a, are
215 also in a., and in the same order. Direct and competition breeding values are related to y by the n
216 X g incidence matrices Z,; and Z,, respectively. Every row of Z, has all elements equal to 0 except
217  for a1 in the column belonging to a,;. Similarly, matrix Z. has rows with 0 elements but the f;; ‘s
218 in the columns for the a, of the m; competitors of tree i. To exemplify, suppose that in Figure 1

219  there is a missing plant in position 3. The row of Z. relating the record of 5 (i = 5) to its

220  competitors is Z s = [/\/ﬁ */y i \/y (5 0 \/7 0 %/ﬁ ~/7 0o %/ﬁ}’ were the columns are related to

221  the competition breeding values of trees 1, 2, 4, 5, 6, 7, 8, and 9. As plant 3 is missing, its

222 competition breeding value is not included in a.. Also the direct breeding values will not be in a,.

223 Using [7] results in fs;r.c = [2/(2*4 + 3" = % for R-C trees 2, 4, 6 and 8, whereas using [6]
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produces fs;p = 1/ [2%4 + 3]"* = y\/ﬁ for D trees 1, 7 and 9. The 0 in the fourth column reflects

that the competition breeding value of 5 is not related to its own record. Matrix Z, is composed of
the non-zero columns of Z, and has order equal to n x n.

The covariance matrix of a is A0%as. The ¢ X ¢ matrix 4 = [4;] has diagonal elements
equal to 1 + F;, and off-diagonals equal to the additive relationships A;. Also, a. ~ (0, Ao®s.) and
cov (ay4, a.) = AOGxqa.. Now, we are able to write the total additive covariance matrix in a more

compact manner as follows

2
Y AdAc 6 Ac

a 2
Va{ "} = { Ond GMAC} 0A=G,04
Taking into account the random effects in model [10], the (co)variance matrix (V) of y is
given by:
V=2,A42,0,,+(2,AZ.+Z.AZ,)0,, +Z.AZo) + Z,Z,5.+1,C [11]
Bayesian estimation of (co)variance components

As in Soria ef al. (1998), Gwaze and Woolliams (2001), Zeng et al. (2004) and Cappa and

Cantet (2006), we will estimate the dispersion parameters OzAd, OAdAcs OZAC, Gi and 02@ using a

Bayesian approach by means of Gibbs sampling (Sorensen and Gianola, 2002). Under normality
of breeding values and errors, the conditional likelihood of the observed data can be written as

being proportional to:

p(ylﬁaawadapc’Go’GiﬂGi )D
_n , [12]
(Gi) ? exp[—ﬁ(y—XB ~Z,a,-Z.a.-Z, Pc) (.V_XB —Z,a, _anc_prc)j|

Conjugate prior densities are chosen for all parameters. In order to reflect a prior state of

uncertainty for the fixed effects and to obtain a proper posterior distribution (Hobert and Casella,



244 1996), we take p ~ N, (0, K). Matrix K is diagonal with large elements (k;; >10%). Also, the joint

245  prior distribution of the direct and competition breeding values (a4, a.) is

a, 0
246 | 4,6, ~N|| |,G,04
a, 0

247  On defining @ = [a,4’, a.']’, the corresponding density can be written as

-9

248 pla] 4,G,) O G2 exp{—%a’(G;lDA_l)a} [13]
249 Let
250 s, = a,A'a, aA'a,

o |a,A%a, aAla,
251  Then

4 ‘Aa [a
252 (G 0a)a=[a, a0 O Gl (G,
0 a,A'a, aA'a | a. 0

253  Therefore, [13] can be expressed as

-4 1
254 p(al AG,)0G? exp{—ztr(G;ISg)} [14]
255 A priori the permanent environmental effects are distributed as p. ~ N, (0, Gi L,):
2 2\; PP
2 —Tc Fc
256 p(Pc |0p)|:|(0p) eXp{ 20;} [15]
257 The matrix of the additive (co)variance components G, follows a priori an Inverted

258  Wishart (IW) density: Gy ~ IW (G, v,) where G is the prior covariance matrix and v, are the

259  degrees of freedom. Thus:

(U +3)
- 1 * el
260 p(G0|Sg,Ug)D[GOD 2 exp{—ztr(G0 G, )} [16]
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A priori the permanent environmental variance has as a scaled inverted % density so that:

] { USZ}
exps ——L [17]

2
20p

p(a2lv,s2)0 (Gf,)

with ‘hyperparameters” U , the ‘degree of belief’ and Sf, the hypervariance. Finally, and

p°

following the approach of Jensen et al. (1994), the residual variance is assumed to follow a priori

a scaled inverted % with density proportional to:

+1
p(e2]v.82)0(c?) ] eXP{-%‘SE} [18]

V]
e
2

where U, and S? are the ‘hyperparameters’.
Multiplying [12] with [14], [15], [16], [17], and [18], produces the joint posterior density
for all parameters, and this is proportional to

p(B.a,.a..p,.G,.c%.6!| y)O

p(»IB.a..a,.p..G,.02.0) p(a,.a,14.G,) p (p.15}) p (G,1S,.0,) p (531820, ) p (021 82.0,)
[19]

Sorensen and Gianola (2002, page 575) gave the posterior distribution for all parameters
of maternal models. On expanding their model to include permanent competition effects, the
posterior conditional density for the Gibbs sampling of B, a,, @, and p, is equal to

-1

B B X'X+K Xz, Xz Xz,

a, | s ot || % Z, X Z,Z,+k,A" Z,Z +k,A" z,z, 20
a, Y, G09Gpa0(_» ~ a, 5 ZC'X ZC'Zd +k21A—1 ZC'ZC +k22A—l ZC'ZP

p. p. z,x z,Z, Z,Z, z,Z,+ IH

k, k N ~
where [ ! 12} =G,'c’,and B, a,, a,and p_are the solutions of the following system of

21 22
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equations
XR'X+K" XR'Z, XR'Z XR'Z, B XR'y
Z,R'X Z,R"'Z,+k,A" Z,/R7'Z +k,A" Z,R'Z, a, Z,/Ry
ZR'X ZR'Z,+k, A" Z'R'Z +k,A" Z ' R'Z, a, Z'Ry
"y — "y — "y — [ o2 'p-l
| ZR7X Z,R"'Z, Z,R"'Z, Z/R"'Z, +1H p.] |Z Ry

Expression [20] may suggest that sampling of B, @,, a_and p. is in block. However, it is simpler

to sample the elements of those vectors individually, as discussed by Sorensen and Gianola
(2002, page 566, expressions (13.11) and (13.12)), which was the way it was done in the current
research.

Collecting the second and third terms in the right of [19], the full conditional posterior

distribution of G is equal to

_(Ug+ q+3)

p(GolBaca,. 03,0 y)0G  exp-SuG' (s, +6;) 1]

2
Expression [21] is the kernel of a 2 x 2 scaled inverted Wishart distribution, with degrees of
freedom equal to (U, + ¢ + 3) and scale matrix S, + G,.

For the permanent error variance, the full conditional posterior distribution is

[)1+U +2+1J ) 82
v
p (Gil B)ada acspcaGO,Ggay) D (Gi) exp{_ 21;217} [22]
P

which is a scaled inverted 5 density with D , =n+U, degrees of freedom and scale parameter

5 (pp.70,5)
p (0, +)

Finally, the full conditional posterior density of the residual variance is proportional to
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[n+u +2
— e

)
exp{—u"—é"} [23]

p (o218, ac,ad,pc,Go’Gi’y)D(Gi) 26°

which is a scaled inverted * density with 0, =n + v, degrees of freedom and scale parameter

5, _l€et+v,d
e

At each iteration, the Gibbs algorithm proceeds by first sampling B, a@,, @ and p, from
[20], then 0% from [23], Gi from [22], and finally 0°a4, Oadac and 074, from [21]. A program

was written in FORTRAN to perform all these calculations with the data and model described

below.

An application to Loblolly pines

Data

An additive individual tree mixed model with direct and competition breeding values was
applied to a progeny data set derived from 20 open-pollinated families of Loblolly pine (Pinus
taeda L.), originated from Marion (Florida, USA) and belonging to CIEF (Forestry Research and
Experimentation Centre). Five lots of commercial seeds were used as control populations. The
trait analyzed was diameter at breast height (1.3 m, DBH) measured at age 13 from 932 trees. The
trial site was located in Villa Olivari (lat. 27° 36' S long. 56° 55' W), northern Corrientes province
Argentina, where soils are deep, sandy, yellowish and quartzous. Families were arranged in
randomized complete blocks, with eight replicates of 5 trees in line per plot, and the spacing was
3.5 m x 3.5 m. The data available are summarized in Table 1.

[Insert Table 1 about here]
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Model and posterior inference

Besides a4, a. and p., the individual tree model included a vector B with 8 block effects.

The order of Z; and Z. was 932 x 957, and of Z, was 932 x 932. Whenever a tree had all 8
neighbor competitors, nr.c = np = 4. On replacing with these values into [7] and [6] produces the

non-zero elements of Z,: fir.c = [2/(2*4+ 4)]"* = y\/g and fjp = 1/ [2*4+ 4]"* = y\/ﬁ

As there no other estimates of Oaga. and GzAc, several Markov chains with different prior
values of Oagac (+, 0, and —) and of O°ac (high and low relative to czAd) were run. Results were
quite similar so the chain with the best convergence properties was used to estimate the

(co)variance components. The prior variance for 0> () was chosen to be equal to the prior

value for %4 A single Gibbs chain of 1 010 000 samples each were drawn as discussed above,
and the first 10000 iterates were discarded due to burn-in. The autocorrelations were calculated
with “Bayesian Output Analisis” (BOA version 1.0.1, Smith 2003) for all lags from 1 to 100. To
account for the impact of autocorrelations in the chain on measures of variability, posterior
standard errors of each parameter were corrected for an ‘effective sample size’ (ESS, Neal in
Kass et al., 1998), which was calculated as:

1000000

100

1+2; p(i)

ESS =

where p(i) is the autocorrelation measured at lag i. The marginal posterior densities for all

parameters were estimated using the Gaussian kernel method (Silverman, 1986; chapter 2):

10000 z e
7(8)= IOOOOhZ\/E[ { (hﬂ [24]
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where f (9) is the estimated posterior density, 0, (i =1,..., 10 000) is a sampled value and # is the

window width estimated by cross-validation. The basic idea of this procedure is to withdraw one
observation at a time and estimate the density. After repeating the procedure n times the average
of the logs of the estimated densities is maximized with respect to 4. Further details can be
consulted in Silverman (1986, section 3.4.4). The procedure is implemented in the function

density within the free-software R (http://www.r-project.org/). Mean, mode, median, standard

deviation (SD), and 95% high posterior density interval (95% HPD), were obtained with BOA for

all parameters from the individual marginal posteriors, under R.

Results

Posterior statistics for o2

2 2 2 :
ad »Onc s Taanc 20, and o are shown in Table 2. For all parameters

posterior means and medians were quite similar, whereas the modes were somewhat smaller.
Therefore, the marginal posterior distributions were slightly right skewed (Figure 2). The

marginal posterior means and SDs of 62, and 63 were respectively equal to 12.553 and 1.259,
and 1.447 and 0.259. The marginal posterior mean of r,,  was moderate to large and negative —

0.788 and the SD was 0.056. The posterior means of Gi and 0” were equal to 1.186 and 5.819,

Padac >

respectively, and their SDs were 0.289 and 1.070. None of the 95% HPD for 6%,, o4

Ac
Gi , or 62 included 0, which suggests that these parameters are different from zero.

[Insert Table 2 about here]

[Insert Figure 2 about here]
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Discussion

It has been observed that competition among trees may bias the estimated breeding value
of a plant from those of its competitors (Magnussen, 1993; Foster et al., 1998; Radtke et al,
2003, among others). In the current research, we presented an individual tree mixed model that
allows disentangling breeding values for direct and competition effects and estimating their
variances plus the covariance between both effects, as well as the variance of permanent
environmental competition effects. Estimation of the dispersion parameters was accomplished
using a Bayesian method with the Gibbs sampler originally proposed by Jensen et al. (1994) for
maternal effects in animals. For direct and competition effects, Van Vleck and Cassady (2005),
Arango et al. (2005) and Muir (2005) estimated the (co)variance components by REML. We did
not find problems of convergence and sensitivity to starting values, as reported by Van Vleck and
Cassady (2005) and Arango et al. (2005) when estimating the competitive (co)variance
components. It is unlikely that the difference in performance is due to the use of a different
method of estimation, but to different amount of information on competitive effects for forest
trees compared with animals. In trees, each individual may be competing with 8 others at
different intensities (see [6] and [7]), as compared with animal breeding data for individuals
managed in common pens where all ICs are equal. This informativeness of the IC through matrix
Z, allowed estimating additive effects of competition and permanent environmental competitive
effects.

Posterior means of the (co)variance components for a model without permanent

environmental competitive effects were 6%,= 13.527, 6%, = 1.488, 7,,,.= —0.659, and 6=

5.417. Notice that the estimate of 65, was larger (13.527 vs. 12.553) and the estimate of 6 was

smaller (5.417 vs. 5.819) than when permanent environmental competitive effects were fitted.
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This may suggest that leaving those environmental effects out of the model may bias the
predictions of direct breeding values. A possible evidence of this bias is that the predictions of
permanent environmental competition effects of trees having less than 8 competitors (for
example, those plants nearby a site without a tree) were almost a quarter of a standard deviation
larger than the same effects but for trees having all 8 competitors. Thus, the presence of dead
trees promotes a less stressful environment for the surrounding plants that may bias the prediction
of direct breeding values, if permanent environmental effects are not accounted for in the model.
As expression [9] shows, ignoring the number of competitors, the additive relationships
between the individual with the competitors, and the relationships among the competitors
themselves results in biased estimates of the dispersion parameters. Arango et al. (2005)

accounted for different number of competitors by including the covariable 1/n or y I whereas

Van Vleck and Cassady (2005) did not account for a variable number of competitors. As progeny
tests in forest trees last several years, mortality or tree stand failure are quite common, and this
results in variable number of competitors. We accounted for unequal number of neighbors (m; <

8) for either mortality or border location by adjusting fjzx so that always

Zl f; = Mg e ;R_C +np, f;D =1. We also accounted for the additive relationships between any tree
=

and its competitors and among the competitors themselves. Van Vleck and Cassady (2005) did

not account for additive relationships between individuals in the management unit, which bias the

estimation of 63, .

An individual tree model that includes directs and competition breeding values, taking
into account a variable number of competitors and the relationships among all trees, allows
different selection goals and schemes which capitalizes on (or attenuates) the impact of

competition effects. Compared to a model with direct breeding values, the application of the
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model discussed here to forest breeding data requires only the positions (row and column) of all

the trees in the trial. The estimated value of 6%, was almost ten times higher than the magnitude
of o4, whereas the magnitude of the genetic correlation between direct and competitive effects

was sizable (—0.788). Therefore, selecting for high direct effects and low competitive effects to
increase the yield per unit area is facilitated for a relatively high negative correlation between
both types of effects.

Of further note is the fact that ignoring competitive effects would result in biased

estimates of the additive variance (63,). To specify the covariance between relatives in the

additive model two individuals (x and y) are required. If indirect effects are involved more
individuals are needed. For example, the covariance between relatives with maternal effects
requires four animals (x, y, and respective dams w and z), and up to 18 individuals have to be
considered in the additive model with competition effects in [8]: x and its competitors wy, ..., ws,
and y and its competitors zj, ..., zg. On applying the covariance operator on the additive effects of
model [8] results in the following expression for the genetic covariance between the records of x

and y

8 8
cov[a‘,x +wa’_acwi 4, +nyzjaczj]
i=1
8 : . N [25]
= cov(adx,ady) +cov me’_acw‘_,ady +cov adx,nyz/acz/ +cov fow‘.acwianyzjaoz,

i=1 Jj=1

8 8 8
2 2
= AxyGAd + [Z fxm Aywl + Z .f:vz/ szj JGAdAc + [Z fxw, fyzj Aw,zj JGAC
i=1 j=1 j=1

Expression [25] is of general form and parameters are associated to additive relationships

between individuals in the following way: o3, with x and y; the covariancec,, with the

relationships between the individual x () and competitors w; (z)), and G2 is associated with the
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relationships among the members of both groups of competitors. To get further insight into the
model with competition consider the situation where x and y are direct competitors.
Schematically

‘W w,=z, *W,=2z, °®Z

0W4 0x:Z4 .y:WS .ZS

W, *w, =z, W=z, °®z

Trees x and y are in the center, surrounded by their respective competitors wy, ..., ws, z1, ..., Z7,

and zg. Notice that 6 individuals are common competitors, implying that w, = z;, X = z4, and so on.

Expression [25] is now equal to

8 8
Cov(adx + fomacm 2 ady + nyz/aczl ]
i=1

7 7

:Axycid +|:fxy (1+Fy)+ »x (1+Fx)+nyw,.Aywi +foz/szj:|GAdAc + [26]

i=1 j=1

+[ Z Sond ) (V+E )Y fu frn Are ]Gic

W%z g

Alternatively, if x and y are distant from each other the scheme is as follows

L] Wl L] W2 L] W3 DY L] Z] L] Zz L] Z3
L] W4 L] x L] W5 ce L] Z4 L] y L] Z5
L] W6 L] W7 L] W8 “ee L] Z6 L] Z7 L] Z8

The dots (...) in the scheme stress the fact that trees are separated by at least a column, or they
may be even positioned in totally different rows, or in any other position within the trial. The

covariance in [25] reduces to

8 8
Cov[adx + Z fxw,.acw,- > ady + z yz/-acz/- j
i=1 Jj=1
) 8 8 8 8 )
= AxyGAd + fowiAyw, + nyz/ szj GAdAc + z Z fxw,-fyzj Aw,zj GAc
i=1 j=1

i=l j=1

[27]
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Formula [26] may be applied to row-plot designs where related individuals are planted nearby, an
example of which is the structure in the data set analyzed in the current research. On the other
hand, expression [27] is associated with single-tree plot designs where individuals of the same
family are positioned distant to each other. Consider the estimation of heritability in a single-tree
plot design using half-sib families. The additive variance will be estimated as 4 times the
covariance between half-sibs, i.e. the variance between mothers. Trees x and y have a relationship
equal to Ay, = ” and are distant to each other, and this defines the first term in [27]. In order for

the covariance between half-sibs to be an unbiased estimator of the additive variance, all terms
related with ©,,, and o4 should be equal to zero. The second term will be null as long as

competitors of any individual (x, say) are unrelated with a distant half-sib (y). However, it is
unlikely that all competitors of any plant x are unrelated to the competitors of all possible y, and
this will introduce bias in the estimation of additive variance. All sources of variation and
covariation that are not accounted for the covariance between half-sibs will fall into the error
term. Of particular interest is the covariance between any two unrelated and distant individuals x
and y. It is most likely that the second and third terms in [27] are not zero as some x’s are related
to any of the z-competitors, or some y’s are related to any of the w-competitors, or some w-
competitors are related to any of the z-competitors. Any of these covariances will go into the error
and will bias the error variance upwards. Therefore, even if the bias on the additive variance is
small, the estimate of heritability will be affected as the error variance is most likely biased.

However, the direction and magnitude of the bias will depend on the sign and the magnitude of
G s s compared with the magnitude of o5 . In comparison, in data structures where related

individuals are next to each other and competing such as in the row-plot field design, the

covariance between half-sibs will be more affected than in the case of the single-tree plot. This is
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due to the fact that the third term in [26] will not be null as the competitors of x are related to the
competitors of y, being many times the same individuals (x = z4, y = ws ). Also the second term in
[26] will not be zero as when looking at the covariance between x and the competitors of y (or y
and the competitors of x), x is also a competitor of y and y a competitor of x. Hence, f, and f;, are
not zero. For the error variance we will look at the covariance between unrelated individuals (A4,
= 0) that are either competing or distant. As in the case of single-tree plot, in the row-plot design
the error variance will also be affected, as the second and third terms in [26] will not be zero: any
pair of unrelated x and y will have relatives competing to the other individual in the pair, i.e. there
will be z-competitors related to x, w-competitors related to y, and z-competitors related to w-

competitors. The size of the bias when estimating the additive and error variances will depend on
the sign and the magnitude of &,,, as compared with the magnitude ofc%, . When looking into
the data analysis, estimates of the dispersion parameters in the model with competition effects

were G2

Ad AdAc

=12.553, 6,,,.,= —3.126, 65 = 1.259, 6°=1.186, and G2=5.819. On the other hand,
the estimated variances in the model with direct effects only (no competition) were 65\ .= 10.644,
and 6°= 9.257. The difference between the estimates of 6%, can be explained by the negative
sign and the absolute value (3.126) of o, relative to the small value of 6%, which gives more
weight to the 2™ than the 3™ term in [26]. As a consequence, 6%, in the model with competition

was higher than in the model excluding competitive effects. The value of 62 in the model were

competition effects were absent was larger than in the model with competition. This is probably
due to the larger number of covariances related to 3™ as compared to 2™ term in [26]. A quick

look at this formula shows that, whereas a maximum of 16 elements are related to o up to 64

AdAc >

elements are associated withco?_ . Therefore, even tough &,,, was negative and larger in absolute
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value thanG2_, the higher number of elements in the third term gave more weight to 63 than

t0G ,yn. -

In the current research, a Bayesian procedure coupled with a Markov Chain Monte Carlo
technique (Gibbs sampling), has been used to estimate the (co)variance components. An
alternative approach for estimating dispersion parameters is the use of REML. Comparison of
frequentist and Bayesian estimators is difficult due to the fact that central issues related to the
comparison of frequentist estimators (such as repeated sampling or bias) do not have the same
meaning in the Bayesian school (Gelman et al., 1995, page 108). When comparing REML vs
Bayes Gibbs sampling for estimating (co)variance components in mixed models by stochastic
simulation, both methods were seemingly unbiased (Van Tassell et al., 1995; Duangjinda et al.,
2001). Models compared included different genetic or environmental effects, and different data
based selection policies were performed. For the sake of completeness, we obtained REML

estimates of the dispersion parameters using the EM algorithm (Dempster et al., 1977), using

formulae described in Appendix B. The estimated (co)variance components were G5,= 13.889,

6. a0 = —3.335, 65 = 1.521, 622 1.150, and 6= 3.997. On the other hand, the estimated

AdAc
REML-EM variances in the model with direct effects only (no competition effects) were 63, =

7.572, and 6§= 12.496. Although there were some differences, both sets of estimates of the

(co)variance components for the model with competition effects obtained were similar. For the
model without competition effects, the REML-EM estimate of the additive variance was smaller
and the estimated error variance was larger than corresponding Bayesian estimates. An analytical
comparison can be established for the prediction of breeding values using either REML+BLUP or

Bayesian posterior means. Arora and Lahiri (1997, theorem 1, page 1056) showed that BLUP
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prediction of random effects from a general mixed model with estimated variance components
(for example, those resulting from the use of REML) have the same expected value as the
Bayesian posterior means from the same model. However, the mean square error of the Bayesian
posterior mean is always smaller than the one obtained from the REML+BLUP predictions. Thus,
one may expect the predictions to be similar on average, but the mean square of the Bayes
posterior means will be smaller than their BLUP counterparts. The exclusion of competition
effects introduces bias in the prediction of breeding values for direct effects, either in an
individual tree model or in a parental or family model. If the individual tree model with
competition effects is difficult to fit, the same predictions of breeding values can be calculated by
means of an equivalent model (Henderson, 1977) that has a reduced number of equations: the
number of fixed effects plus the number of parent trees. This is the topic of a future publication.
Another subject for research in the future is the search for optimal experimental designs to
estimate direct and competition (co)variance components, as for example the use of single-tree
plot vs lineal or squared plots. In all cases the additive relationships between competing

individuals should be of major concern.

Acknowledgments

This research was supported by grants of Agencia Nacional de Ciencia y Tecnologia
(FONCyT PICT 08-09502) and Universidad de Buenos Aires (UBACyT G018, 2004-2007), of
Argentina. The authors would like to thank to Forestry Research and Experimentation Centre
(CIEF, Buenos Aires, Argentina) for kindly providing the Pinus taeda L. data set used for the
study, and to two anonymous reviewers for constructive comments on an earlier version of this

manuscript.



521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

References

Arango, J., I. Misztal, S. Tsuruta, M. Culbertson and W. Herring (2005): Estimation of variance
components including competitive effects of Large White growing gilts. J. Anim. Sci. 83:
1241-1246.

Arora, V. and P. Lahiri (1997): On the superiority of the Bayesian method over the BLUP in
small area estimation problems. Statistica Sinica 7: 1053-1063.

Borralho, N. M. G. (1995): The impact of individual tree mixed models (BLUP) in tree breeding
strategies. In Proceedings of the CRC-IUFRO Conference: Eucalypts plantations: Improving
fibre yield and quality. 12-24 February. 1995, Hobart, Tasmania, Australia. Edited by B.M.
Potts, N.M.G. Borralho, J.B. Reid, R.N.

Cantet R. J. C., D. Gianola, I. Misztal, R. L. Fernando (1993): Estimates of dispersion parameters
and of genetic and environmental trends for weaning weight in Angus cattle using a maternal
animal model with genetic grouping. Livest. Prod. Sci. 34: 203-212.

Cappa E. P. and R. J. C. Cantet (2006): Bayesian inference for normal multiple-trait individual-
tree models with missing records via full conjugate Gibbs. Can. J. For. Res. 36: 1276-1285.

Casella, G. and E. I. George (1992): Explaining the Gibbs Sampler. Am. Stat. 46: 167-174.

Dempster, A. P., N. M. Laird and D. B. Rubin (1977): Maximum likelihood from incomplete data
via EM algorithm. Journal of the Royal Statistics Society, 39: 1-38.

Duangjinda, M., 1. Misztal, J. K. Bertrand, S. Tsuruta (2001): The empirical bias of estimates by
restricted maximum likelihood, Bayesian method, and method R under selection for additive,
maternal, and dominance models. J. Anim Sci. 79: 2991-2996

Foster, G. S., R. J. Rousseau and W. L. Nance (1998): Eastern cottonwood clonal mixing study:

intergenotypic competition effects. Forest Ecology and Management. 112: 9-22.



539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

Gelman, A., J. B. Carlin, H. S. Stern and D. B. Rubin (1995): Bayesian data analysis. Chapman
and Hall. New York, USA.

Griffing, B. (1967): Selection in reference to biological groups. 1. Individual and group
selection applied to populations of unordered groups. Aust. J. Biol. Sci., 20: 127-139.

Griffing, B. (1968a): Selection in reference to biological groups. II. Consequences of selection in
groups of one size when evaluated in groups of a different size. Aust. J. Biol. Sci. 21: 1163-
1170.

Griffing, B. (1968b): Selection in reference to biological groups. III. Generalized results of
individual and group selection in terms of parent-offspring covariances. Aust. J. Biol. Sci. 21:
1171-1178.

Gwaze, D. P. and J. A. Woolliams (2001): Making decisions about the optimal selection
environment using Gibbs sampling. Theor. Appl. Genet. 103: 63—69.

Harville, D.A. (1974): Bayesian inference for variance components using only error contrasts.
Biometrika 61: 383-384.

Henderson, C. R. (1977): Best linear unbiased prediction of breeding values not in the model for
records. J. Dairy Sci. 60: 783-787.

Hinson, K. and W. D. Hanson (1962): Competition studies in soybeans. Crop. Sci. 2: 117-123.

Hobert, J. P. and G. Casella (1996): The effects of improper priors on Gibbs sampling in
hierarchical linear models, J. Amer. Statist. 91: 1461-1473.

Jensen, J., C. S. Wang, D. A. Sorensen and D. Gianola (1994): Bayesian inference on variance
and covariance components for traits influenced by maternal and direct genetic effects, using
the Gibbs sampler. Acta Agric. Scand. 44: 193-201.

Kass, R. E., B. P. Carlin, A. Gelman and R. M. Neal (1998): Markov chain Monte Carlo in

practice: a roundtable discussion. Amer. Stat. 52: 93-100.



563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

Kempthorne O. (1969): An Introduction to Genetic Statistics. lowa State Univ. Press, Ames
Iowa.

Lynch, M. and B. Walsh (1998): Genetics and Analysis of Quantitative Traits. Sinauer
Associates. Sunderland M/A.

Magnussen, S. (1989): Effects and adjustments of competition bias in progeny trials with single-
tree plots. Forest Science 35(2): 532-547.

Magnussen, S. (1993) Bias in genetic variance estimates due to spatial autocorrelation. Theorical
and Applied Genetics 86: 349-355.

Muir, W. M. and A. Schinckel (2002): Incorporation of competitive effects in breeding programs
to improve productivity and animal well being. CD-ROM Communication No. 14—07 in Proc.
7th World Cong. Genet. Appl. Livest. Prod., Montpellier France.

Muir, W. M. (2005): Incorporation of competitive effects in forest tree or animal breeding
programs. Genetics 170: 1247-1259.

Patterson, H. D. and R. Thompson (1971): Recovery of inter-block information when block sizes
are unequal. Biometrika 58: 545-554.

Radtke, P. J., J. A. Westfall and H. E Burkhart (2003): Conditioning a distance-dependent
competition index to indicate the onset of intertree competition. Forest Ecology and
Management 175: 17-30.

Silverman, B. W. (1986): Density estimation for statistics and data analysis. Chapman and Hall.
London.

Smith, B. J. (2003): Bayesian Output Analysis Program (BOA) version 1.0 user’s manual.

Available from http://www.public-health.uiowa.edu/boa/Home.html.

Sorensen, D. and D. Gianola (2002): Likelihood, Bayesian, and MCMC Methods in Quantitative

Genetics. Springer-Verlag, New York.



587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

Soria F., F. Basurco, G. Toval, L. Sili6, M. C. Rodriguez and M. Toro (1998): An application of
Bayesian techniques to the genetic evaluation of growth traits in Eucalyptus globulus. Can. J.
For. Res. 28: 1286-1294.

Van Tassell, C. P., G. Casella and E. J. Pollak (1995): Effects of Selection on Estimates of
Variance Components Using Gibbs Sampling and Restricted Maximum Likelihood. J. Dairy
Sci. 78: 678-692.

Van Vleck, L. D. and J. P. Cassady (2005): Unexpected estimates of variance components with a
true model containing genetic competition effects. J. Anim. Sci. 83: 68—74.

Willham, R. L. (1963): The covariance between relatives for characters composed of components
contributed by related individuals. Biometrics 19: 18-27.

Wolf, J. B.(2003): Genetic architecture and evolutionary constraint when the environment
contains genes. Proc. Nat. Academy of Sciences 100: 4655 - 4660.

Wright, A. J. (1986): Individual and group selection with competition. Theoretical and Applied
Genetics 72: 256-263.

Zeng, W., S. K. Ghosh and B. Li (2004): A Blocking Gibbs Sampling Method to Detect Major

Genes Affecting a Quantitative Trait for Diallel Mating Design. Genetical Research 84: 1-12.

Appendix A

Derivation of the additive genetic variance with additive competition effects

The additive genetic variance for direct and competition breeding values in (6) is:

var(a, ) +Var{ifijk a, ] +2 COV(adi,ifijk aqj [A.1]
j=1

J=1



609  Using the variance operator in the first term produces
610 var(a, )=(1+F)0?, [A.2]

1

611  For the second term in [A.1] we have

m;
Var(z f;'jkacj J = Var(«ft"lD acl + i2R-C acz t.. +j;mk acm )
j=1

612 = Var(f”D a, ) +Var(fi2R_c a, ) +.. +Var(fimkacm) + Z[Cov(f,.lD . fim-c d., ) +.. +C0V(flj,kacf s fom@e, )J
=1

Var(ac1 ) +..+ f7 Var(a,,) + Z[fim Sorpoc Cov(acl .a,, ) +..+ ,.j,kfikaOV(acf .a, )}

613 = i I Var(acf ) + Zi f,,kﬁkaOV(ac,aacm)
j=1 ’ JEJ
614 =X £2(14F)02 +2D 1y fon Ay O

J=1 J*J'

615  where 4;; indicates the relationship between competitors j and j . Therefore

616 Var(z fua, J =[(nR_C 12wy 2 )(1+F) 42 S fon Ay |02 [A3]
J=l J£J'

617  For the third term in [A.1] we use the covariance operator so that

m;
COV(adi ’Zf;'jk ac/- j = COV(ad, ’f;‘lD acl + i2R-C a02 t.. +f;m acm )
=

= Cov(adl_ fon a, ) + Cov(adl_ Soorc a, ) +... +COV(adl_ S A, )

= fip Cov(adl,acl)+ R.C Cov(adl,acz)+...+fimk Cov(adl,acm)

m;
= Z fijk A{/’ O paac
J=1

618 [A.4]

619  Now, by replacing in [A.1] with [A.2], [A.3] and [A.4] gives the additive variance terms for the

620  variance of y, , in[9]as

7 =

621 Va{”d,- * quk a, ] =(1+F)o%, '{(”R—c Jo ¥, )(1 * FJ) *+2 Z SinFoAy | O * 2fojk A; O panc
j=1
622



623 Appendix B

624  REML-EM equations for the (co)variance components in a model with additive direct, additive

625 competition breeding values and permanent environmental competition effects.
626
627 In order to obtain REML-EM of dispersion parameters in model [10], we take a similar

628  approach to Cantet ez al. (1993). Let the mixed model equations for the mixed model [10] be:

XR'X XR'z, XR'Z, XR'Z, gl [XR'y
20 Z,R"'X Z,R'Z,+kA" Z,R"'Z +k,A" Z,R'Z, |, Z,R'y (B.1]
' _ ' _ — ' _ _ ' — d = .
Z'R'X ZR'Z,+k,A" Z'R'Z +k,A" Z ' R'Z, i Z'Ry
ZR'X  ZR'Z, z,R'Z,  Z,R'Z,+1% | p.| |Z, Ry

630  The inverse of the coefficient matrix in [B.1] is

XR'X XR'Z, XR'Z xr'z, T CP® By B P

631 Z,R"'X Z,R'Z,+k,A" Z,R'Z +k,A" Z,R'Z, e cmm o g
"p-l 'p-l -1 'p-l -1 ' p-l =

ZR'X ZR'Z,+k,A" Z'R'Z +k,A Z R'Z, CP e oo

ZR'X  ZR'Z, Z,R'z,  zR'Z,+1[%| [c* crmocre o

632  Then, the REML-EM estimating equations of the dispersion parameters in the K™ iteration are

I:&d'A_lﬁd :|[k] + tr(A_IC”d“d ) Gi[k_l]

633 52l -
q
634 52 1 = [aa%a ]+ a7 coe ) 62
Ac ;
635 5 = I:&d'/l_ldc }[k] + tr(A_lC“f"d ) 65[/‘_1]
AcAd .
b p | +tr(cPr ) g2l
636 gl - 15, b.] r}E )&

L& +(prag-f1 o) it
637 1 _

n



638  where ol = y— xpl"l - de[f] —Zcﬁ[,k] - Zpi’!;k] , and

639 f[k] :[tr(A—ICdd)gdd +2tr(A—lCdc)gdc +tr(A—lCcc)gcc +tr(cp(.p(.)6.1—)2j|

cd cc

dd de
640  with GO”:F & }
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