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Abstract Development of selection methods that opti-

mises selection differential subject to a constraint on the

increase of inbreeding (or coancestry) in a population is an

important part of breeding programmes. One such method

that has received much attention in animal breeding is the

optimum contribution (OC) dynamic selection method. We

implemented the OC algorithm and applied it to a diallel

progeny trial of Pinus sylvestris L. (Scots pine) focussing

on two traits (total tree height and stem diameter). The OC

method resulted in a higher increase in genetic gain (8–

30%) compared to the genetic gain achieved using standard

restricted selection method at the same level of coancestry

constraint. Genetic merit obtained at two different levels of

restriction on coancestry showed that the benefit of OC was

highest when restriction was strict. At the same level of

genetic merit, OC decreased coancestry with 56 and 39%

for diameter and height, respectively, compared to the level

of coancestry obtained using unrestricted truncation

selection. Inclusion of a dominance term in the statistical

model resulted in changes in contribution rank of trees with

7 and 13% for diameter and height, respectively, compared

to results achieved by using a pure additive model. How-

ever, the genetic gain was higher for the pure additive

model than for the model including dominance for both

traits.

Introduction

One of the most difficult issues in breeding programmes is

to find optimal balance between increased genetic merit

and the rate of inbreeding (Robertson 1961; Toro and

Pérez-Enciso 1990; Lindgren and Mullin 1997). An

aggressive selection strategy with few highly ranked indi-

viduals will reduce genetic variation and may cause high

levels of inbreeding depression, which in turn might

jeopardise the long-term response to selection. On the other

hand, a restrictive strategy with larger number of selected

individuals results in lower genetic gain, especially during

the initial generations of selection. For species with long

generation time, for example most forest tree species, it is

crucial to use efficient breeding strategies that yield good

initial selection response in a few generations. The effi-

ciency of a breeding strategy depends on many parameters

that have been studied in detail; among the most important

are genetic parameter and breeding value predictions,

selection method and mating design (e.g. Meuwissen 1997;

Fernandez and Toro 1999; Waldmann et al. 2008).

Nevertheless, non-optimal methods are still used in prac-

tical tree breeding programmes despite the advancement of

methodological development in the animal breeding liter-

ature (Gianola 2001; Woolliams 2007).

Many tree breeding strategies are based on breeding value

prediction and selection from family designs. A strict within-

family selection procedure is known to maintain highest

possible genetic variability in the breeding population if the

parental contributions to each generation are equal (Sánchez

2000). However, the short-term response to selection will be

low compared to a more intensive selection strategy.

Furthermore, a fixed parental contribution results in a

static selection scheme which has been shown to produce a

non-optimal short term increase in selection response
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(Woolliams 2007). A more favourable alternative is a

dynamic selection scheme which finds the number of can-

didates and their respective mating proportions that

maximises genetic gain in the breeding population given a

restriction on the level of coancestry of each generation (e.g.

Meuwissen 1997).

One successful dynamic approach used in animal

breeding is the optimum contribution (OC) algorithm

which maximises selection response while constraining the

level of inbreeding in the population by optimising mating

proportions of the parents (Meuwissen 1997; Grundy et al.

1998; Hinrichs et al. 2006). In tests, the OC method has

outperformed standard truncation BLUP selection at the

same predefined rate of inbreeding and improved the long-

term response to selection by 20–60% (Meuwissen 1997).

The method has been used in practical animal breeding, for

instance selection in UK Holstein dairy cattle population

(Kearney et al. 2004), selection in two British livestock

populations of sheep and beef cattle (Avendaño et al. 2003)

and selection in a large salmon fish breeding stock

(Hinrichs et al. 2006). Because of the differences in mating

systems between trees and animals, Kerr et al. (1998)

extended the OC algorithm to a tree breeding context.

However, the OC algorithm has rarely been used in prac-

tical applications outside the animal breeding framework.

In the field of forest tree breeding, large emphasis has

been devoted to develop selection methods and apply these

methods to breeding situations (e.g. Lindgren and Mullin

1997; Rosvall et al. 2003; Lstiburek et al. 2005). Mathe-

matical linear programming has been used to select

candidates over one generation in Eucalyptus globulus

(Fernandez and Toro 2001) and Pinus sylvestris (Andersson

et al. 1999). Fernandez and Toro (2001) investigated the

maximum reduction in coancestry at a given level of genetic

gain, whereas Andersson et al. (1999) optimised selection at

a restricted level of relatedness. Unfortunately, the method

used in Andersson et al. (1999) is limited to family designs

and cannot handle complex breeding designs or pedigrees

over multiple generations. Lindgren and Mullin (1997) used

a weight between group coancestry and genetic gain to

maximise a population merit criterion by using an iterative

search approach. However, they did not allow for varying

number of matings for each generation in the optimisation

of the long term response to selection, and they used a static

selection approach of candidates (i.e. fixed number of

selections for each generation). The method of Lindgren

and Mullin (1997) has been further developed to dynami-

cally select individuals in different breeding applications,

and applied to both simulated and real data (e.g. Zheng et al.

1997; Olsson et al. 2000; Rosvall et al. 2003; Wei and

Lindgren 2006; Stoehr et al. 2007). One limitation with

their approach is that even for moderately large data sets,

iterative search approaches tend to become computationally

very time consuming. Furthermore, it is not straightforward

to evaluate the weight between genetic improvement and

group coancestry, which is important for the outcome of the

approach of Lindgren and Mullin (1997). None of these

studies have, however, considered simultaneously selecting

candidates and their mating proportions dynamically. Kerr

et al. (1998) used OC selection on simulated data, but did

not compare the OC selection to any standard strategy at the

same level of increase in inbreeding. In addition, due to the

need of inverting additive relationship matrix between

candidates in each iteration in the selection procedure, they

were forced to preselect a number of selection candidates in

each generation, and as a result, optimal solution achieved

from OC could not be guaranteed. Hence, there is a need

to further develop the approach of Kerr et al. (1998) and

apply it on real data.

In breeding most attention has been focussed on the

additive genetic variation since it determines the heritability

and the possible response to selection. Non-additive vari-

ances have generally been ignored because non-additive

effects are difficult to utilise in breeding programmes and

require high-quality pedigrees as well as good computational

resources (Misztal 1997). However, the rank of selection

candidates might be considerably altered if non-additive

genetic interaction terms are included in the statistical model

because the breeding values will be more accurately pre-

dicted (e.g. Wall et al. 2005; Serenius et al. 2006; Waldmann

et al. 2008). Additionally, if the breeding population contains

large full-sib families, which often is the case in forest tree

breeding populations, it is erroneous to assume a purely

additive covariance structure (Lynch and Walsh 1998).

The main objective of the current study is to implement

the flexible and powerful pedigree OC approach of Kerr

et al. (1998) and show how the method can be used to

select breeding candidates in a large tree breeding popu-

lation. The OC dynamic selection algorithm maximises the

genetic gain at a predefined level of coancestry increase

and the obtained mating proportions are converted into

actual number of crosses. Application of the method is

illustrated using a large unbalanced diallel progeny trial of

Scots pine from the Swedish tree breeding program. We

evaluate the performance of the OC method by comparing

it with an existing restricted selection breeding strategy and

strict truncation selection. To obtain predictions of breed-

ing values in the breeding population, the individual tree

model is used in a mixed model equation (MME) frame-

work including a dominance term. Because the method is

employed in a large data set, the relationship between

included candidates (i.e. the additive relationship matrix) is

computed using parental contributions to save computa-

tional time. In addition, we will examine how inclusion of a

dominance term into the genetic evaluation procedure

affects the outcome of the OC method.
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Methods

Selection procedure

Meuwissen (1997) introduced the optimum contribution

(OC) algorithm for simultaneous selection of candidates

and calculation of their respective mating proportion, given

a restriction on relatedness in the breeding population.

First, the additive relationship matrix, At (of order

ns 9 ns), is obtained between all selection candidates from

the additive relationship matrix between all individuals in

the pedigree, where the number of selected candidates is ns.

Additionally, a vector at of order ns containing the esti-

mated breeding values (EBV) of the selection candidates is

constructed based on the BLUP evaluation (see below). To

maximise the genetic merit of the offspring, Gt?1, the

following linear relationship is used

Gtþ1 ¼ c0tat; ð1Þ

where ct
0 is a vector containing the mating proportion of

each candidate in the current breeding population. The

restriction on group coancestry is quadratic and gives

Ctþ1 ¼ c0tAtct

�
2; ð2Þ

which holds if the increase in group coancestry is small

between generations. Additional constraints are: (1) the

sum of all contributions is one (i.e. 10ct = 1), where 1 is a

ns 9 1 vector of ones (2) one particular individual, i,

cannot transfer a negative contribution to the next

generation (ct,i C 0). The optimisation problem is solved

by introducing two LaGrangian multipliers, k0 and k1, and

by maximising the corresponding objective function

f ctð Þ ¼ c0tat � k0 c0tAtct � 2Ctþ1

� �
� k1 c0t1� 1

� �
: ð3Þ

The individual having the most negative mating

proportion after finding the maximum in (3) is removed

from the process and the system is solved again. This

iteration procedure continues until all remaining individuals

have non-negative contributions which imply that the final

solution is obtained. For further details regarding how to

maximise (3), see Meuwissen (1997) and Kerr et al. (1998).

If the above procedure is employed in pedigrees with

large number of selection candidates, the required inver-

sion of At in (3) might be very time consuming and

memory demanding. To overcome this hurdle, Hinrichs

et al. (2006) derived an algorithm to compute At
-1 by

expressing the additive relationship between two candi-

dates based on their parents’ relationships, which would

significantly speed up the iteration procedure when solving

(3).

Since LaGrangian multipliers are used to solve the

object function, recommended values of the mating pro-

portions (ct
0) are not integer values. Hence, ct

0 needs to be

converted into actual number of crosses for each tree. The

number of crosses for each tree was obtained by first

multiplying ct
0 to twice the number of desired offspring

Noff, and then 2Noffct
0 was rounded off to an integer value

below the real value. The tree having the highest deviation

between the integer and real value of 2Noffct
0 had its

number of crosses increased by one until the number of

offspring sum to Noff. This procedure resulted in that some

trees with a very small contribution did not get selected at

all. However, if all trees selected by OC were allowed to

contribute, over 8,000 matings in total were suggested,

which might be well out of range for most practical

breeding situations.

Scots pine data

The OC method was applied to a real data set of a Scots

pine (P. sylvestris L.) progeny trial, which has previously

been studied by Olsson et al. (2000), Waldmann and

Ericsson (2006) and Waldmann et al. (2008). The Forestry

Research Institute of Sweden, Skogforsk, selected 52 par-

ent trees from natural stands and crossed them according to

a partial diallel design in 1971. The 4,970 surviving off-

spring represent 202 families. Furthermore, all parent trees

were assumed to be unrelated and non-inbred. To better

handle the environmental effects in the statistical analysis,

the plantation was divided into 70 squared blocks which

represent a fixed effect. Two traits were analysed in the

current study: trunk diameter at 130 cm (DBH) and total

tree height (H), both traits were measured at the age of

16 years. The mean values of DBH and H were 114 mm

and 70.5 cm, respectively. For a detailed description of the

crossing design, see Waldmann and Ericsson (2006).

The estimation of breeding values was based on the

individual tree model under a multivariate mixed model

framework with Gaussian assumptions (Henderson and

Quaas 1976; Henderson 1985)

y1

y2

� �
¼

X1 0

0 X2

� �
b1

b2

� �
þ

Z1 0

0 Z2

� �
a1

a2

� �

þ
Z1 0

0 Z2

� �
d1

d2

� �
þ

e1

e2

� �
;

ð6Þ

where i = 1, 2 refers to the trait being analysed, yi contains

the individual phenotypic records, ai and di are location

vectors of individual additive and dominance genetic

values, respectively. bi is a location vector containing

systematic environmental block effects. Xi and Zi are

known incidence matrices relating bi, ai and di to yi, and ei

is a vector containing the individual residual errors. In

addition, the incidence matrices are identical for each trait

(i.e. X1 = X2 = X and Z1 = Z2 = Z). The matrices

a0 = [a1
0a2
0]0, d0 = [d1

0d2
0] and e = [e1

0e2
0] follow joint
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multivariate normal distributions with mean null matrix

and covariance structure

Var
a
d
e

2

4

3

5 ¼
GA � A 0 0

0 GD � D 0
0 0 R0 � I

2

4

3

5; ð7Þ

where A and D are the additive and dominance relationship

matrices, respectively. I is the identity matrix and 0 is the

null matrix, GA and GD are 2 9 2 matrices including

additive and dominance (co)variance components, respec-

tively, and R0 is a 2 9 2 matrix including residual

(co)variance components. See Waldmann et al. (2008) for

details on how to calculate D. The software used in the

genetic evaluation procedure was ASReml (Gilmour et al.

2006). To obtain reliable starting parameter values for the

bivariate evaluation, univariate analyses were first con-

ducted for both traits considered here.

Current breeding strategy

In general, the Swedish Scots pine breeding strategy is

based on within-family selection and progeny trial of

selection candidates to increase accuracy of genetic eval-

uations (Wilhelmsson and Andersson 1993). In the

breeding population, selected trees are crossed using single

pair mating where each tree contributes equally to the

breeding population of the next generation. Because com-

pletion of one breeding cycle of Scots pine is very time

consuming in Sweden, the strategy to perform progeny

tests of selection candidates has been questioned (e.g.

Olsson et al. 2000; Hannrup et al. 2007). To speed up the

time of one rotation, Skogforsk performed selections in one

sub-population of Scots pine without using progeny trial to

obtain EBV, which was based on the individual perfor-

mances instead.

For our comparative study, we defined the current

breeding strategy by first ranking families according to

their average EBV. Then the two highest ranked individ-

uals within each of the 25 best families were selected for

further breeding, resulting in a future breeding population

of totally 50 trees. We refer to this selection procedure as

the RES strategy. To maintain a reasonable level of genetic

variability, 2/3 of the 52 founder trees were represented as

parent trees of the selected to keep a large number of

founder alleles within the breeding population. Addition-

ally, to avoid selecting individuals from half-sib families,

parents were not allowed to contribute more than twice.

Applying this selection method to the Scots pine data

resulted in a level of group coancestry of 2.1% for both

traits. This level was used as a restriction in the OC scheme

(i.e. C2 = 0.021). Furthermore, a more aggressive breeding

strategy was also considered where three selections were

made from the best ranked one-third of the families and

only one selection was made from the worst ranked one-

third of the families. Two selections were made from the

intermediate ranked families, which are in line with the

standard approach. This resulted in an expected group

coancestry of 2.6%. In both strategies, all selected indi-

viduals were expected to contribute equally to the next

generation, i.e. equal mating proportion of 1/50 for each of

the selected trees. We additionally performed standard

unrestricted truncation selection on the same pedigree,

where all trees were ranked according to EBVs and the top

50 candidates were selected. No restrictions on the relat-

edness of the selected cohort were imposed on these trees.

The truncation selection is referred to as TRU throughout

the study.

Results

Comparison of selection methods

The results obtained from the genetic parameter evalua-

tions of the Scots pine data can be found in Table 1.

Table 2 shows the performances of the different selection

strategies on the expected increase in genetic merit (G2)

and group coancestry in next generation (C2). The opti-

mum contribution algorithm (OC) outperformed the

restricted selection approach (RES) at the same coances-

try restriction for both traits. For H, OC gave a relative

increase in G2 of 16 and 8% compared to the results

obtained by RES when C2 was 2.1 and 2.6%, respec-

tively. The corresponding results for DBH showed that

the attained G2 by OC was 30 and 18% higher than RES

at the same C2. Hence, the improvement of OC was

greatest at the lower level of coancestry, which agrees

well with the conclusion made by Meuwissen (1997) and

Avendaño et al. (2004).

Figure 1 shows the number of matings of the selected

trees and their respective EBV obtained by OC, whereas

Fig. 2 shows the total achieved number of crosses of the

selected families and their respective average EBVs for H

(results similar for DBH). The family contribution for the

RES strategy was equal among the represented families

when C2 = 2.1% and unequal with proportions 3-2-1 when

C2 = 2.6% as described in the section ‘‘Current breeding

strategy’’. The explanation for the marked differences in G2

between the strategies is partly revealed in Figs. 1 and 2,

where it is shown that OC utilises the higher ranking

individuals more heavily while selecting trees in lower

ranked families to reach the predefined level of C2. Addi-

tionally, this difference can be seen in Table 2, where OC

selected 254 and 188 trees from 77 to 44 families,

respectively, to keep within the predefined level of group

coancestry for DBH. On the other hand, with RES, 50
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individuals from 25 families were always selected. Fur-

thermore, Table 2 shows the total number of founders

contributing to the selected cohort of trees, where OC

picked out more contributing founders than RES and TRU

when C2 = 2.1%. This result suggests that given the

restrictions in coancestry, OC better utilises the genetic

variation to give higher genetic improvement in the

breeding population. However, when C2 = 2.6%, the

number of founders selected by OC was similar to RES for

H and even lower for DBH. For TRU, selections were

made from very few families and very few founders were

allowed to contribute to future generations, which will

result in a quick loss of genetic variation in the breeding

population.

Effect of different levels of group coancestry on OC

Figures 1 and 2 show the impact of the predefined level of

coancestry on the number of selected individuals and their

respective number of crosses produced by OC. More

individuals were selected and the average EBV of the

selected cohort was lower for C2 = 2.1% than for

C2 = 2.6%. Due to the high restrictions in the optimisation

scheme, OC selected individuals from families having

negative average EBV to maximise G2. Furthermore, the

number of matings that maximised G2 increased for DBH

compared to the optimal number of matings for H (Fig. 1;

Table 2: Nc). The explanation for this might be the low

heritability for DBH (Table 1). Table 2 shows that 35%

more trees were selected when C2 = 2.1% than when

C2 = 2.6% for both traits, but similar pattern for optimal

number of crosses could not be found. Hence, when

C2 = 2.1%, the number of crosses per tree was lower than

when C2 = 2.6% (Fig. 1). A decrease of Nc, so that only a

subset of the suggested cohort of trees was selected, will

result in departure from the optimal solution for OC.

Figure 3 shows the relationship between obtained G2 at

different levels of C2 with Nc = 300 for H and Nc = 400

for DBH. At lower levels of C2 (1% \ C2 \ 4%), G2 fol-

lows the expected log linear relationship. At higher levels

of C ([ 4%), the output of OC seems to differ from the

expected optimal levels of G2 probably due to noise

(Fig. 3) induced by the rounding off procedure when

converting obtained mating proportions to crosses. For

high values of C2, G2 eventually reaches a plateau, which

corresponds to the theoretical upper limit of possible

obtained level of G2 in the current pedigree. Additionally,

Table 2 and Fig. 3 show that when the output of OC is

compared to TRU (at the same level of G2), C2 is reduced

by 39 and 56% for H and DBH, respectively.

Effect of dominance on OC

Generally the rank of the selected trees based on mating

proportion achieved by OC differed between the combined

additive and dominance (AD) and the pure additive (A)

statistical models. The obtained standard deviation of the

EBVs was higher for model A as compared to model AD,

which results in a greater increase in genetic merit for the

pure A model. The achieved G2 for the A model at

C2 = 2.6% was 8.8 and 10.3 for H and DBH, respectively,

which is higher than the corresponding values for AD (8.4

and 9.0; Table 2). For H, 139 trees were selected, which is

considerably more than for AD (105; Table 2). For DBH

on the other hand, a similar number of selections were

Table 1 Summary of results of the Scots pine progeny trial for total

tree height (H) and trunk diameter at 130 cm (DBH)

Parameter Estimate SEa

ra
2 (H) 30.6 7.2

ra
2 (DBH) 55.3 17.2

ra (H, DBH) 0.644 0.111

rd
2 (H) 16.3 4.4

rd
2 (DBH) 83.9 25.3

rd (H, DBH) 0.831 0.065

re
2 (H) 104.4 5.6

re
2 (DBH) 728.1 27.0

re (H, DBH) 0.830 0.039

h2 (H) 0.202 0.0433

h2 (DBH) 0.0637 0.0194

d2 (H) 0.108 0.029

d2 (DBH) 0.0968 0.0289

Fifty two parents were crossed according to a diallel design producing

202 families with a total of 4,970 surviving trees

ra, rd and re are additive, dominance and environmental correlation

between traits, respectively. H were measured in cm and DBH in mm
a Standard error

Table 2 Level of coancestry in the second generation (C2), expected

increase in genetic merit (G2), total number of selected trees (N),

number of families represented in the selected cohort (Nfam), number

of founders represented via their offspring (Nf), total number of crosses

(Nc) for restricted selection (RES), optimum contribution selection

(OC), and truncation selection (TRU) for the H and DBH traits

H DBH

C2

(%)

G2 N Nfam Nf Nc C2

(%)

G2 N Nfam Nf Nc

RES 2.1 6.7 50 25 35 50 2.1 6.1 50 25 34 50

RES 2.6 7.8 50 25 35 50 2.6 7.6 50 25 34 50

OC 2.1 7.8 141 74 41 200 2.1 7.9 254 77 41 450

OC 2.6 8.4 105 56 36 150 2.6 9.0 188 44 31 500

TRU 7.3 10.0 50 10 10 50 15.8 11.9 50 6 5 50

Results are based on estimated breeding values achieved from the AD

model
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made for the A model (180) compared to the number of

selections for AD (188; Table 2). In addition, when ranking

selected trees according to their mating proportion for H,

13 of the top ranked 100 selected trees from AD were not

included in the top ranked 100 trees from A. The corre-

sponding result for DBH was 7 out of 100 selections. In

Table 3, the results of the model comparison between AD

and A models using Akaike’s information criterion (AIC)

is shown. AIC was lower for the AD model than for the A

model, suggesting that the AD model provides the best fit

to the data given the number of parameters. Waldmann

et al. (2008) came to the same conclusion when performing

univariate analysis on the same Scots pine data. When the

EBVs obtained by the AD model were used as the true

breeding values, G2 became 8.3 and 8.7 for H and DBH,

respectively. Hence, the decrease in G2 (0.1 for H and 0.3

for DBH) compared to the A model EBVs was relatively

small.

Discussion

In the current study, we have implemented a powerful

optimum contribution (OC) method for selection of

breeding individuals and optimisation of their contributions

to the next generation under pre-defined levels of group

coancestry that can be used in large general tree pedigrees.

The OC method outperformed a traditional restricted

selection (RES) approach when applied to two different

Scots pine traits. The largest improvement for OC was for

trunk diameter (DBH) at a group coancestry increase of

2.1%, which resulted in an increased genetic gain of as

much as 30% more than that obtained with the RES

approach. The OC method can handle large, general

pedigrees and uses the genetic relationship between parents

and offspring to compute the inverse of the additive rela-

tionship matrix between selection candidates. Therefore,

there is no need to pre-select individuals (i.e. based on

EBV) when entering the OC procedure. The inclusion of a

dominance term into the statistical model of the current

study will give more accurate EBVs, but the cause of the

lower genetic gain of the AD models is probably because

of the lower estimate of the additive genetic variance.

Selection methods in tree breeding

Olsson et al. (2000) compared the group-merit selection

approach introduced by Lindgren and Mullin (1997) with

restricted selection, using the same data as in the current

study. The maximum difference between the methods

regarding genetic gain occurred at intermediate levels of

status number, i.e. when Ns = 14 (C = 3.6%), where they

Fig. 1 The obtained number of

crosses of the selected trees of

the Scots pine data set

a C2 = 2.1% for H,

b C2 = 2.6% for H,

c C2 = 2.1% for DBH,

d C2 = 2.6% for DBH
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obtained an increase in genetic merit of 5.2%. However,

when Ns was set to 20 (C = 2.5%), they achieved similar

genetic gain by both methods. These results differ con-

siderably from the results in the current study of the OC

method, where the greatest difference appears at low

increase of coancestry (or at low decrease of status num-

ber). This conclusion was also arrived at by Meuwissen

(1997) and Avedaño et al. (2004).

One potential problem of using group merit selection is

to set the weight that adjusts the importance of genetic

diversity compared to genetic gain. Finding an optimum

weight is difficult because of the need for extensive

evaluations that depends on many different parameters,

i.e. economic parameters, biological characteristics of the

trait under consideration, evaluation of the cost of

inbreeding depression etc. Furthermore, the objective

function in group merit selection is not quadratic which

contrasts to the corresponding objective function in OC

(see Eq. 3 in ‘‘Methods’’ section). Grundy et al. (1998)

showed that quadratic optimisation also yields the optimal

long-term contribution of ancestors, particularly for levels

of heritability and constraint on coancestry considered

here. Andersson et al. (1999) used optimised selection in

an open pollinated field trial of P. sylvestris, which

resulted in an increased genetic gain between 2.7 and

8.3% as compared to standard within-family selection.

The higher genetic gain obtained in the present study (8–

30%) compared to standard methodology could partly be

explained by the optimisation of the contributions by the

OC. Both Olsson et al. (2000) and Andersson et al. (1999)

only considered the selected set of trees, not their

Fig. 2 Number of total matings from each family ranked according

to their average EBV attained using OC for H, a C2 = 2.1%,

b C2 = 2.6% Fig. 3 Maximum obtainable genetic merit given the level of group

coancestry obtained both by OC using constraints on group coances-

try ranging from 1.2 to 16.2% (dots) and by TRU (triangle), a H,

Nc = 300, b DBH, Nc = 400

Table 3 Model comparison parameters for A and AD models

Model Model

parameters

Log

likelihood

AIC

y = Xb ? Za ? e 143 -1,219.28 2,724.56

y = Xb ? Za ? Zd ? e 146 -1,197.16 2,686.32

AIC Akaike’s information criterion
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contributions to following generations. A similar conclu-

sion has been arrived at in the forest tree breeding

literature by Ruotsalainen and Lindgren (2001), and

Rosvall et al. (2003) based on simulated data. Although

none of these studies combined unequal selections and

contributions simultaneously. Lstiburek et al. (2005)

combined unequal selections and family size (number of

offspring) and achieved additional increase in genetic

improvement of the breeding population, but they used a

static selection procedure (i.e. equal number of selections

in each generation) which gives suboptimal results. Using

similar methodology to Andersson et al. (1999), Fernan-

dez and Toro (2001) showed that by minimising group

coancestry of the selected set of trees in an open polli-

nated breeding population of E. globulus, group

coancestry could be reduced by as much as 50% at a loss

of 5% of the mean EBV compared to truncation selection.

We found that OC selection reduced coancestry to a

similar degree when compared with TRU selection.

Simulation studies in animal breeding literature have

shown the superiority of the OC method as compared to

truncation selection (e.g. Meuwissen 1997; Grundy et al.

1998; Fernandez and Toro 1999). Moreover, when OC had

been implemented and tested on various animal breeding

pedigrees, increased level of genetic merit was achieved

when compared to merit obtained when performing tradi-

tional selection methods at the same increase in average

inbreeding (e.g. Avendaño et al. 2003; Kearney et al. 2004;

Hinrichs et al. 2006). All these results show the importance

of optimising selections in breeding programmes, either to

increase genetic merit or to decrease group coancestry

depending on the goal of the breeding/management pro-

gramme, particularly if the restriction on keeping genetic

variation is strict.

Optimal solutions cannot always be guaranteed by the

OC method when using LaGrangian multipliers since

mating proportions have to be converted into actual num-

ber of matings. Moreover, if fewer matings are required in

the breeding programme, less optimal solutions are

achieved compared to the case where many matings are

possible. A quadratic integer optimisation method would

be a better solution than the OC algorithm, so that the

rounding off problem could be avoided. Another important

advantage of using a quadratic integer programming

method would be that inversion of the additive relationship

matrix between selection candidates can be avoided, which

would speed up the optimisation procedure. Another

possibility is the use of stochastic optimisation methods,

such as simulated annealing algorithm, which has been

successfully implemented and tested by Fernandez and

Toro (1999, 2001).

From a practical tree breeding point of view, a large

number of controlled pollinated crosses increases financial

costs and management risks (e.g. miss-identification of

parents when performing crosses). The method suggested

here gives the breeder the possibility to decide how many

families (and offspring) to progress with. Hence, our

approach allows the breeder to use the available resources

in an optimal way, for example by considering the land

area available for plantation and the number of matings

that are possible to perform. In addition, we used the

approach of Schneeberger et al. (1992) to make a selection

index of height and diameter to create a joint volume

measure. However, the higher h2 in H and the large addi-

tive genetic correlation (ra = 0.64) between the traits

resulted in that more than 90% of the index was controlled

by H for reasonable levels of correlations between the

measured traits and the goal trait (per hectare volume

production). Consequently, selection based on H alone

might be a good predictor of volume production for the

levels of h2 reported here.

Excluding dominance when predicting breeding values

using full-sib family pedigree structure

Due to the relatively large pedigree analysed here, even

small changes in EBV could affect both which trees that

become selected and their respective mating proportions.

The accuracy of EBVs can, for instance, be improved by

inclusion of a dominance term in the statistical model,

which will alter the solution obtained by OC. Waldmann

et al. (2008) showed that addition of a dominance term

altered the EBV ranking of the 100 best candidates com-

pared to ranking based on a pure additive model using the

same pedigree as in the current study. They found that as

much as 21 and 13% of the 100 top ranked trees were not

included among the 100 best ranked trees using AD com-

pared to A for H and DBH, respectively. In addition, they

used a Bayesian model selection criterion to prove that the

dominance term provided a better fit to the data, which

corresponds well with the results of the multivariate anal-

ysis in this study.

Similar population structures are also common in fish

breeding populations, where Pante et al. (2002) concluded

that heritability and additive variance decreased with as

much as 70% when including a dominance component

compared to a pure additive model when analysing harvest

body weight in different populations of rainbow trout.

Additionally, they found that fitting a dominance term

increased the log likelihood value when compared to the

log likelihood obtained from a pure additive model. The

importance of dominant genetic effects has also been

reported in sow longevity in the Finnish pig breeding

population, where Serenius et al. (2006) showed that

including a dominance effect changed estimates of the

heritability. The analysed pedigree in their study contained
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large full-sib families. Wall et al. (2005) concluded that the

rank of EBV of fertility traits in dairy cattle changed if a

non-additive effect was included in the genetic parameter

evaluation, although not as pronounced as in Waldmann

et al. (2008).

In our study, we found that the dominance term influ-

enced the OC method and resulted both in different

individuals being selected and their respective number of

crossings changed compared to a pure A model, particu-

larly for DBH. For AD, 13 and 7% among the 100 top

ranked trees, based on mating proportion, were not inclu-

ded among the top 100 trees using A for H and DBH,

respectively. These values are lower than corresponding

values obtained by Waldmann et al. (2008) where trees

were ranked based on EBVs. The reason for this difference

is partly that OC takes relationships into account when

computing mating proportion, compared to the pure trun-

cation of the top 100 ranked trees (Waldmann et al. 2008).

Nonetheless, if the ratio of Vd/Va for the analysed trait is

considerable in the population, inclusion of dominance

term might be important, particularly for fitness related

traits which often exhibits large portion of non-additive

variance (Lynch and Walsh 1998).

The higher merit achieved using the pure A model might

partly be a result due to the higher standard deviation of the

EBVs, which gives a wider distribution compared to EBVs

obtained when using AD. This suggests that the highest

EBVs might be overestimated using A instead of AD.

However, the differences between genetic gain attained

from mating proportion for A and AD using EBV obtained

from AD model was small. For DBH, the obtained dif-

ference in gain between A and AD was higher than for H,

which imply that if a pure A model is used, traits sustaining

a large level of dominance variance give less increase in

genetic merit as otherwise would have been possible.

Hence, inclusion of dominance when performing genetic

evaluations might be important; otherwise the increase in

genetic merit might be overestimated.

Model comparison between the A and AD models was

based on Akiakes information criterion (AIC). The

obtained value of the likelihood is penalised by twice the

number of parameters (K) that are to be estimated in the

model. For simpler models (i.e. only one random effect), it

is straightforward to determine the number of parameters.

However, if fixed and multiple random effects are included

in the model, one does not in general take correlation

between effects into account when computing the penalty

term. Vaida and Blanchard (2005) showed how to derive

an alternative penalty parameter, referred to as the effec-

tive number of parameters. Unfortunately, the effective

number of parameters is difficult to calculate and the dif-

ference in AIC for A and AD achieved here might be

overestimated.

Status effective number and rise of inbreeding

in the breeding population

When trees are selected among the available candidates

in a closed breeding population, the coancestry will

increase. Consequently, if random mating is performed

among the selected individuals, group coancestry

becomes the expected average inbreeding in the next

generation of the breeding population. Even though group

coancestry is associated with inbreeding, the mating

design determines the level of inbreeding in the upcom-

ing generation. Hence, group coancestry can be seen as

the potential rise in inbreeding, not a measure of current

inbreeding. One alternative to group coancestry is status

effective number (Lindgren et al. 1996), which describes

the census number for unrelated and non-inbred trees in

the breeding population. The OC algorithm can easily

restrict the status number of the population instead of

group coancestry. Kerr et al. (1998) showed by simula-

tion that using status number as a restriction to OC, the

degree of group coancestry change differed compared to

using group coancestry as a restriction. Hence, the bree-

der can choose what measure he or she wants to use:

group coancestry or status number. However, further

extensive simulation studies of the respective merits of

group coancestry and status number in the OC framework

are needed.
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