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Abstract Using computer simulation, we evaluated the
impact of using first-generation information to increase
selection efficiency in a second-generation breeding pro-
gram. Selection efficiency was compared in terms of
increase in rank correlation between estimated and true
breeding values (i.e., ranking accuracy), reduction in
coefficient of variation of correlation coefficients (i.e.,
ranking reliability), and increase in realized gain, with best
linear unbiased prediction (BLUP). The test populations
were generated with varying parameters: selection strategy
(forward vs backward selection of parents); number of
parents (24-96); number of crosses per parent (1-8);
heritability (0.05-0.35); ratio of dominance to additive
variance (0-3); ratio of additive-by-site to additive variance
(0-3); and ratio of dominance-by-site to additive variance
(0-3). The two selection strategies gave distinct results.
When parents of the second-generation crosses had been
selected via backward selection, adding first-generation
information markedly increased selection efficiency. Con-
versely, when parents had been selected via forward
selection, first-generation information provided little in-
crease in efficiency. The amount of increase depended more
on heritabilities in both generations and less on dominance
and genotype-by-environment effects. Including first-gen-
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eration information helped more when there were many
parents and few crosses per parent in the second generation.
Only in the case of extremely low first-generation heri-
tabilities was there no benefit to adding first-generation
information in terms of improved ranking reliability and

accuracy.
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Introduction

Most forest-tree breeding programs are based on recurrent
selection (e.g., White et al. 1993; McKeand and Bridgwater
1998; Jayawickrama and Carson 2000), with the premise
that gains will be cumulative over generations. In each
generation, genetic testing is one of the most important and
expensive facets of the breeding programs. Although there
are many reasons for genetic tests, estimating genetic
parameters, ranking and selecting parents (i.e., backward
selection), and ranking and selecting trees (i.e., forward
selection) are the three primary reasons (Libby 1973; White
1987, 1996; Lindgren 1991).

Obtaining precise estimates or ranks requires many
families and adequate numbers of trees per family (White
1996). The actual scale of the test, however, generally is
dictated by the quantity of seed available and economic
resources. Many breeding programs operate with austere
budgets, so breeders must limit the number of test sites and
genetic materials.

As programs move to their second and subsequent
generations, testing data from previous generations are
usually available. Such data were often obtained with great

J) Springer



320

Tree Genetics & Genomes (2007) 3:319-328

cost and effort. For example, first-generation tests for
coastal Douglas-fir in the Pacific Northwest included

around 4.2 million progeny (Lipow et al. 2003). At the

same time, recent improvements in computer hardware and

software make it possible to use large data sets efficiently. It
is therefore timely for breeders to investigate the merits of
integrating data from previous generations that may
increase the accuracy and reliability of performance
estimates.

In theory, the efficiency of such combined analysis
depends on genetic relatedness between generations as well
as the degree of genetic relationships that already exists in
the current generation test. Historically, animal breeders
rely heavily on using records of the performance of
ancestors to increase the accuracy of estimating an animal's
breeding value (Skjervold and Odegard 1959; Young 1961;
Lasley 1987). However, unlike in forestry, they are limited
in the number of progeny that can be evaluated.

Best linear unbiased prediction (BLUP) is routinely used
in forest tree improvement programs (White and Hodge
1989; White 1996; Dutkowski et al. 2002). In BLUP,
related individuals contribute to the predictions of each
other; it therefore is believed that integrating data from all
generations would improve the efficiency in predicting
genetic values by increasing the effective number of
observations available for evaluating each genotype (White
and Hodge 1989; Falconer and Mackay 1996; Kerr et al.
2004). Johnson (1998), however, found that including
historical parental information actually increased the effi-
ciency of estimating breeding values very little in a
computer simulation, because the correlation coefficient
and percent increase in orchard gain increased little in all
scenarios. Although his study provided useful information
about across-generation combined analysis, it was based on
one specific combination of genetic parameters; therefore,
the results were limited in scope. To our knowledge, no
systematic study has been conducted to address the issue.

The objective of this study was to determine whether
including first-generation information markedly enhances
the accuracy and reliability of second-generation selection.
Varying selection strategies and combinations of genetic
parameters were examined with stochastic data sets
generated by computer simulation.

Materials and methods

Genetic models and simulation processes

An initial first-generation base population of 30,000 in-
dividuals from 300 unrelated half-sib families (i.e., 100

individuals per family) was generated, from which N,
individuals were selected based on their estimated breeding
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values. The simulation used a parameter-based model in
which the assumed additive genetic variance and heritabil-
ity (h ) of individual trees were used to generate
indepearlldent normal distributions of genotypic values and
environmental deviations (King and Johnson 1993; Johnson
1998). Experimental design was ignored in the base
population, primarily, for simplicity. The following genetic
model was used for estimating breeding values for the base
population:

P=A+E @)

where P is the phenotypic value; A is the additive genetic
effect; E is the residual deviation (where environmental
effects dominate).

Two selection strategies were applied to the base
population for comparison: (1) forward selection (i.e.,
selecting the best individual from each of the top N,
families), and (2) backward selection (i.e., selecting the best
N, parents). The selections were then used as second-
generation parents and crossed in a disconnected N N,
factorial mating design. The progeny were assumed to be
tested on six sites with 20 trees per cross per site and
single-tree plots.

In the second-generation population, the phenotypic
value of an individual was defined as the sum of genetic
effects, environmental effect, and genotype-by-environment
interactions:

P= Site + A+D+A x Site + D x Site + E 2

where P, A, and E are the same as in Eq. 1; D is the
dominance effect; Site is the site effect; A x Site and D x Site
are the additive-by-site and dominance-by-site effect,
respectively. Although a randomized complete block design
was assumed at each site, the block effect was ignored, as it
can be removed from tree estimates and does not affect
relative breeding value estimation and family ranking.

Each genetic effect in Eq. 2 has two components,
among-family and within-family, as detailed below. For
the additive genetic effect, the among-family component is
the mean of parental breeding values. The within-family
component is the Mendelian sampling (Bulmer 1985),
which is normally distributed with a mean of zero and a
variance that is half the additive variance.

A="(A: +Auw) +N(©0,70%)

=2-(AF+AM)+K9 )

where 4 and Ay ate the breeding values of female and
male parents, respectively; ko is a normal deviate drawn
from a distribution of random numbers with a mean of 0
and variance of 1; aA is the additive vatiance.
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For dominance (or dominance-by-site) effect, both the
among-family and within-family components are drawn
randomly from normal distributions, with mean equal to

: G . 0-2D
zero and variances ) " i? XxE) and JQD <0r L Uxe),

respectively.

D=N (0,404,) +N(0 - 4Vp |

| 134
ki 1|-'I-1: o+ ks |b_':|L'-",-: (4)

D x E =N (0,4-6DXE) + N (0,4 02DXE)
., B

ks \' G Ohee + LA ||||3 T (5)

where K,, &5 1¢5, and Ky are random normal deviates; aj, and
oDXE are the dominance and dominance-by-site variance,
respectively.

Similarly, additive-by-site effect can be simulated by
using the formula

| | I
AE =N 0,26AXE) +N(0, 204 _,)

AL Wy

k':'ll 5 Tass ru.l'flE:th (6)
where ks and ks are random normal deviates; QR,; is the
additive-by-site variance.

¥

Environmental effect is assumed to be normally distrib-
. . 2
uted with mean zero and variance crg:

E=k )

where k7 is a random normal deviate; aé is the environ-
mental variance, which is assigned and adjusted by
specifying the narrow-sense heritability (q)).

All simulation data were generated with a program
written in SAS ® Macro (SAS Institute Inc. 2004).

Assessment and ranking

Estimates of genetic and phenotypic parameters for the
population and breeding values for each parent and
individual were obtained by using an individual-tree BLUP
model (Henderson 1984) with either second-generation data
only or data from both generations, as well as their pedigree
information:

y=Xb+Zu+e (8)

where y is the vector of observations; b is a vector of fixed
effects with its incidence matrix X; u is a vector of random

effects with its incidence matrix Z; and e is the vector of
random residual terms. The random effects (u and e) were
assumed to have independent multivariate normal distribu-

tions with zero means and common variances/covariances.

The model included a fixed effect for site and random

effects for genetic (additive and dominance) merits and
their interaction with site. When analyzing combined data

from both generations, we treated the generation effect as a
genetic group effect and incorporated it into the mixed

model. Parents and individuals were ranked on the basis of
estimated breeding values. The breeding values and the
variance components used in the BLUP analyses were

estimated with ASReml (Gilmour et al. 2002).

Simulation scenatios

One hundred and eighty scenatios were tested with various
combinations of the parameters in the simulation. The
following parameters or selection strategies were assumed.
These parameters were initially based on the cooperative
Douglas-fir breeding program in the Pacific Northwest and
extended to fit the genetic patterns of growth traits in most
coniferous species.

For the first-generation population:

Initial additive variance was fixed at 10;
Individual-tree heritability h2,: 0.05, 0.15, 0.25,
and 0.35;

Number of selections Ny : 24, 48, 72, and 96;
Two selection strategies: strategy I-forward
selection (i.e., family selection including the top
N families and then the best individual from each
of these families) and strategy II-backward
selection (i.e., selection of the best N parents);

For the second-generation population:

Disconnected N; x N, factorial mating design,
where N2 was varied: 1 (single-pair mating), 2, 3,
4,6, and 8.

Individual-tree heritability q,: 0.05, 0.15, 0.25,
and 0.35;

Ratio of dominance to additive variance ct3/6R: 0,
0.5, 1,2,and 3;

Ratio of additive-by-site to additive variance
o-LE/~: 0, 0.5, 1,2, and 3;

Ratio of dominance-by-site to dominance variance
ai. Elo-2D: 0, 0.5, 1,2, and 3.

For each combination of parameters (i.e., scenario),
1,000 independent runs were conducted. If any estimated
parameter from a simulated data set deviated from the
predefined parameter by more than one standard devia-

tion, this data set was excluded. This approach reduced
the extensive overlap in some estimated variance compo-
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nents among scenarios. As a result, the actual number of
independent runs for each scenario was 500 or above.

Summarization

Various statistics were computed to measure the increase in
efficiency of the second-generation selection by including
the first-generation information.

Kendall's rank correlations (tau-b) between the esti-
mated breeding values (EBV) and the true breeding
values (TBV) for both parental and individual selections
were calculated for each scenario. Kendall's tau-b has
the advantages of a known sampling distribution and a
direct interpretation in terms of probabilities of observ-
ing concordant and discordant pairs (Conover 1980). The
mean and coefficient of variation of the correlations'
coefficients from each scenario were used to quantify the
accuracy and reliability of selection, respectively. The
increase in accuracy obtained by adding the first-
generation information was measured as the average
percent improvement in the mean of rank correlation
coefficients. Similarly, increased reliability was measured
as the percent reduction in the coefficient of variation of
correlation coefficients.

Realized gains were estimated for seed orchard roguing
by reselecting the top 30% of the second-generation parents
and for forward selection by choosing the best progeny
from each of the top 30% of second-generation families.
They were calculated as percentages of the mean TBV of
the EBV-based selections over that of the TBV-based
selections; i.e., they represented the percentage of the

Fig. 1 Percent increase in accu- 35
racy, reliability, and realized
gain by adding first-generation
information for

20— 2 = .
hin = hQ) =0.25;

=0tre, =0-5¢;
°hze = ; a disconnected 2x2
factorial mating design in

!

second-generation with 48

o

parents. The baseline gains
(based on second-generation
data only) for reselecting the top

aoruracy o ralmodity (9o

30% of the second-generation
patents and for selecting the best
progeny from each of the top

30% of second-generation 107

B8 &

families were 67% and 56%,
respectively, for strategy I, and
71% and 53%, respectively, for
strategy 11

Aankeg perarz

"

potential gain that could be achieved for each selection
scenario.

Results and discussion

Impact of selection strategy for second-generation parents

Tree breeders typically use forward (strategy |) or
backward (strategy Il) selections, or both, from the
previous generations to establish breeding populations for
the current generation. Figure 1 shows the comparison
between these two selection strategies based on a typical
scenario with h~, =h 5 =0.25, 5 _ ope = 0.504,
ke = 64, N,=48, and N,=2, which conforms to the
genetic patterns and breeding strategy found in the
cooperative Douglas-fir breeding programs in the Pacific
Northwest. When strategy Il was employed, including
first-generation information increased the accuracy by

8.5%, reliability by 22.0%, and realized gain by 5.4% during

the second-generation parental ranking and reselection. The
added efficiency decreased markedly, however, when the

second-generation parents were initially selected via forward
selection (strategy 1). The corresponding increases in ranking

accuracy, reliability, and realized gain were 1.4, 6.2, and
0.9%, respectively. This is consistent with the observation of
Johnson (1998) who estimated that adding first-generation

information when only forward selection was used in-
creased Pearson's correlation between true and estimated
breeding values by less than 2% and orchard gain from
roguing by less than 1%.

Fmnking molviduinl trnas

Accuracy

Reliability

Gain Accuracy  Reliability Gain

Strategy I -- 2nd-generation patents selected via forward selection
Strategy 11 -- 2nd-generation parents selected via backward selection

1:[ Springer
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Table 1 Kendall's rank correlation coefficient (r) between the true and estimated breeding values and their coefficient of variation (in parentheses)

for both parental and tree selections, based on >500 simulations per scenario, for ha;, =h~~, =0.25; ~0 =,z = 0.5C; _.n = 8A
Number of Number of crosses Selection in Data used in analysis Second-generation population
parents per parent first-generation
Parents Progeny
24 2 Backward First-generation data 0.477 (25.358)
Second-generation data 0.549 (16.248) 0.472 (9.698)
Both 0.595 (14.768) 0.498 (8.977)
Forward First-generation data 0.201 (74.164)
Second-generation data 0.510 (18.687) 0.441 (10.348)
Both 0.520 (17.971) 0.446 (10.259)
48 2 Backward First-generation data 0.511 (14.381)
Second-generation data 0.553 (11.330) 0.492 (6.354)
Both 0.600 ( 9.909) 0.520 (5.565)
Forward First-generation data 0.205 (46.253)
Second-generation data 0.497 (13.258) 0.450 (7.431)
Both 0.504 (12.924) 0.454 (7.110)
72 2 Backward First-generation data 0.540 (10.408)
Second-generation data 0.563 (8.439) 0.487 (5.427)
Both 0.615 (7.266) 0.518 (4.648)
Forward First-generation data 0.230 (33.641)
Second-generation data 0.512 (10.363) 0.444 (6.287)
Both 0.522 (9.987) 0.448 (6.169)
96 2 Backward First-generation data 0.565 (8.154)
Second-generation data 0.569 (7.327) 0.491 (4.707)
Both 0.624 (6.172) 0.525 (3.941)
Forward First-generation data 0.227 (26.611)
Second-generation data 0.509 (8.785) 0.451 (5.285)
Both 0.519 (8.541) 0.456 (5.219)
48 | Backward First-generation data 0.520 (13.845)
Second-generation data 0.530 (12.705) 0.462 (7.781)
Both 0.579 (10.825) 0.504 (6.692)
Forward First-generation data 0.219 (44.829)
Second-generation data 0.437 (15.453) 0.447 (8.419)
Both 0.443 (15.529) 0.453 (8.515)
2 Backward First-generation data 0.511 (14.381)
Second-generation data 0.553 (11.330) 0.492 (6.354)
Both 0.600 (9.909) 0.520 (5.565)
Forward First-generation data 0.205 (46.253)
Second-generation data 0.497 (13.258) 0.450 (7.431)
Both 0.504 (12.924) 0.454 (7.110)
3 Backward First-generation data 0.512 (14.532)
Second-generation data 0.584 (9.856) 0.493 (6.115)
Both 0.633 (8.642) 0.516 (5.564)
Forward First-generation data 0.208 (46.719)
Second-generation data 0.556 (10.616) 0.456 (6.258)
Both 0.564 (10.508) 0.460 (6.323)
4 Backward First-generation data 0.511 (14.934)
Second-generation data 0.606 (8.557) 0.505 (5.184)
Both 0.656 (7.452) 0.524 (4.823)
Forward First-generation data 0.209 (46.569)
Second-generation data 0.589 (9.834) 0.463 (5.781)
Both 0.597 (9.365) 0.467 (5.980)
5 Backward First-generation data 0.511 (14.094)

Second-generation data
Both

0.616 (8.405)
0.668 (7.134)

0.513 (4.610)
0.530 (4.205)
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Table | (continued)

Data used in analysis

Second-generation population

Parents

Progeny

Number of Number of crosses Selection in

parents per parent first-generation
Forward
Backward
Forward

First-generation data
Second-generation data
Both

First-generation data
Second-generation data
Both

First-generation data
Second-generation data
Both

0.206 (45.332)
0.619 (8.787)
0.628 (8.249)
0.510 (14.707)
0.615 (9.083)
0.669 (7.026)
0.201 (48.014)
0.640 (8.376)
0.648 (7.949)

0.472 (4.885)
0477 (5.234)

0.516 (4.807)
0.533 (4.455)

0.478 (4.741)
0.483 (5.136)

Contribution of historical information depends on the
quality and the quantity of the related genetic information.
In our simulations, the relationship between the first-
generation progeny and the second-generation parents is be-
tween offspring and parents when backward selection is
applied and between half sibs when forward selection is
applied. In other words, adding first-generation information
in strategy 11 is like adding more progeny to estimate a
parent's breeding value and only adding half-sibs in
strategy |. From quantitative genetic theory, the genetic
covariance of offspring and one parent is half the additive
genetic variance of the parents, whereas the genetic
covariance among half sibs is only a quarter of the
additive variance. Thus, with backward selection, the
second-generation population maintains a higher level of
genetic connection with the population of the' previous
generation. In contrast, the genetic correlation between
both generations is expected to be low with forward
selection. As shown in Table 1, the rank cor ‘elation (m)
between the true breeding values (TBV) and estimated

Fig. 2 Effect of heritability on i
the accuracy and reliability of
ranking second-generation f
parents by adding first- a5
generation information for i
htu =7, =0.25; o
Q= e 05 L]
= a3; adisconnected 2 x2 i
factorial mating design in ﬁ
second-generation with 48 & 15
parents selected via backward £
selection (strategy 11) a4
E 10 4
g
F'—-—c-—_._____.
0 4 .
LOs D15 025
(]
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breeding values (EBV) based on first-generation data for
each combination of number of parents and crosses was
much higher for strategy Il (r~0.50) than that for strategy |
(7.21).

A few breeding programs use controlled crosses in the
first-generation progeny tests. In these programs, the added
efficiency with forward selection is expected to be higher,
as full sibs are related by 0.50. To prove this, we replaced
the 300 unrelated half-sib families with 150 unrelated full-
sib families in the initial base population (300 parents,
single-pair mating, h=0.25). The rank correlation (1)
became much closer between strategy Il (x0.54) and
strategy | 0-4.46).

Adding first-generation information reduced variation of
the estimate of rank correlation between EBV and TBV and
therefore increased ranking reliability (Fig. 1). The percent
increase in ranking reliability was 6-8% for strategy I,
which is lower than the 22-32% increase for strategy 11, but
is still not negligible. Increases in ranking reliability likely
were primarily due to the advantage of incorporating the

il
80
# 50
=
; a4
R e 0.5 &
.
i LK
E
= RE(1i =0 as
kei1) « 0.25 Ex
RE[1) = 0,05
hE() = 0.15 o T:t‘ 5
S MRy =018
it} = 0.05 h2{1) u 008
[i]
ook 045 0PSE 0.8
=]
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Table 2 Effect of dominance and additive G *E interaction on the
accuracy and reliability of ranking second-generation parents by
adding first-generation information in a disconnected 2 x 2 factorial
mating design with 48 parents selected via backward selection

h(zl) h) ° Percent increase in
Accuracy Reliability

0.05 0.05 0 ! 2.9 9.2
4.1 117

0.15 0.15 0 1 73 9.8
! 1.7 125
0.25 0.25 0 102 213
10.6 227
0.35 0.35 0 124 22.4
14.9 24.8
0.35 0.05 0 l 141 43.9
27.6 51.3
2 30.0 55.7
3 1 317 56.3

0.05 0.05 ! 0 2.7 6.5
41 117

0.15 0.15 1 0 6.0 8.1
1.7 125
0.25 0.25 ! 0 101 223
106 22.7
0.35 0.35 ! 0 12.0 233
1 149 24.8
0.35 0.05 ! 0 224 334
| 27.6 513
2 39.6 65.8
3 42.5 79.6

genetic relationship matrix, as that increases the number of
related observations for an entry.

Our results also indicated that including first-generation
information helped more in reselecting parents than in

Fig. 3 Effect of heritability on 6 -

selecting progeny in the second-generation population. This
is not surprising, as the coefficient of relatedness between
the first-generation progeny and the second-generation
parents is twice that of the relationship between the progeny
across generations.

Impact of genetic parameters

When second-generation parents were selected via strat-
egy ll, the percent increase in accuracy and reliability
varied greatly among different combinations of genetic
parameters. It generally depended more on the heritabil-
ities in both generations and less on dominance and
genotype-by-environment (G <E) effects.

The value of adding first-generation information was
relatively high when 47, was high and hf,, was low and
diminished as 47, decreased and 4%, increased (Fig. 2). For
example, with hgy =0.25 and +~ = = _AxE = (ixE,
the increase in ranking accuracy for second-generation
parents decreased from 23.2 to 8.6% as /2, increased from
0.05 to 0.35; however, the corresponding decrease was only
from 8.6 to 4.0% when hi, = 0.15. First-generation data
have a high ratio of genetic information to random noise
when h~y is high and, therefore, provides a higher
contribution to second-generation evaluation. This trend is
even more pronounced at a low value of h  (Fig. 2).

Dominance and the additive GXE interaction showed a
similar pattern of effect on changes in the efficiency of
selection. The impact of adding first-generation information
increased as o-p or ___ increased, but the percent increase
in ranking acguracy and reliability was usually less than 5%
when crp < or aAxe < aA (situations typical of many
breeding programs). There were, however, some excep-
tions. For example, with very high ig,, and very low a,,

14 5
the accuracy and reliability of
ranking second-generation
parents by adding first- 5 15 4
generation information for
h-1) = h~y = 0.25; oy =
= nxe = O.SoR; 4 T
; a disconnected 2 x2 g = M
facforlal mating design in E £
second-generation with 48 E ? E B3
parents selected via forward £ =
selection (strategy |
(strategy 1) e W21y = .38 % 5 h(1) = 0.35
=
Tl 5 o
1) = o] |7
E okl niey - e h=(1)=0.25
13 1) =015 4
g 112(1) = 0.05
¢ he(1} = 0.08 : h2El =0.15
TLLE ’ Wl DU 005 015 025 035

h2(2)
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Fig. 4 Percent inctease in accu- 10 - —p— 10 -
racy and realized gain for rank-
ing second-generation patents 9- # o9
with different numbers of £
parents by adding first- 4 s
ﬁeneraﬂon information for 3
~y =h(y =0.25; : .E 7
o =0.5Oi; : E ‘—_._.—-—'_ri"a_;‘ : 6
. | o
-AE _ o ; adisconnected 2x2 = =
factorial mating design in £ E r 54
second-generation with parents g )
selected via backward selection 41 Steateay il 4 o Strategy |
(strategy 11) or forward selection a "
(strategy 1) E - x ]
§ z- g o accuracy
£ ain
2 1 £y )
o - o
24 48 96 24 48 72 96

Numbet of patents (N,)

when c increased from O to aA, the percent increase in
ranking accuracy could be up to 14% (Table 2).

The impact of the dominance GxE interaction on the
added efficiency was similar to that of the additive GxE
interaction but was about 50% smaller (details not shown).

When the second-generation parents were selected via
strategy I, the impacts of genetic parameters followed
similar patterns as via strategy 11, but overall, the first-
generation information did little to increase ranking
accuracy in the second-generation (Fig. 3). For example,
the percent increase dropped to one-sixth to one-third of
that in strategy IT at h 6) = hgy = 0.25. Note that when hiy,
was very low, the first-generation data simply added
random noise for the second-generation progeny selections.

The ranking reliability of second-generation parents could

Fig. 5 Percent increase in T
accuracy and realized gain for

ranking second-generation ]
parents with different numbers

of crosses per parent by adding B
first-generation information

for q,) = hty = 0.25; 7-
o suxe- %

v
craxe = () y adisconnected
factorial mating design in
second-generation with 48

Incraass in scousacy (5] oF ri
[L] N

El
EM

Number of parents (N,)

still increase up to 10-14%, probably due to the increase in
the relative quality of the first-generation data at high ht,)
and low qy).

Impact of number of parents and number of crosses
per parent

With strategy II, ranking accuracy and realized gain
improved consistently as more first-generation parents were
selected (Fig. 4). The percent increase in accuracy of
ranking the second-generation parents was 8.3% for 24
parents and up to 9.6% for 96 parents in a typical scenario
where hgy =h =0.25 « _ ope = 0.50, g — 6A,
and N; =2. The corresponding increase in realized gain was
from 5.3 to 6.3%. Trends for ranking and selecting the

10

9
ECOA AT

Increass in aooumoy () or realized gain [
T

parents selected via backward 45
selection (strategy 1) or forward Jiraegy Strategy t
selection (strategy 1) 24
71 E : accuracy
T 4 1
gain
il . . - 0=
1 2 3 4 6 8 1 2 3 4 6 8

Number of crosses per parent (N )
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second-generation progeny were similar. Such increases
were apparently in concordance with progressive increase
in rank correlation between generations. For example, as
number of parents increased from 24 to 96, rank correlation
increased from 0.477 up to 0.565 (Table 1). These increased
correlations are, in part, due to the impact of the truncated
population on correlations. Correlations tend to weaken as
smaller proportions of a population are selected.

Although the number of parents (N,) affected the value
of adding first-generation information with strategy II, it
did not show the same pattern with strategy I. With strategy
I, the change in N; only caused small fluctuations, with less
than 0.5% changes in both ranking accuracy and realized
gain (Fig. 4). This is understandable, as adding first-
generation information generally had little effect on the
ranking with strategy |, and changing N, from 24 to 96 was
not enough to make a significant difference.

In the simulation, we assumed that the second-genera-
tion population was a truncated population, whereby all the
second-generation parents were selected from the first-
generation population. Second-generation populations,
however, may also include trees that were selected
elsewhere (infusions) and not tested in the first generation.
Thus, including first-generation data increase effective
family size markedly only for those parents commonly
tested across generations; others are unchanged. This
eventually creates or exacerbates imbalance in the com-
bined data sets. To test the effect of such imbalance of data
on ranking changes, subsets of the first-generation data
were created by randomly dropping half of the parents
before the data were integrated with the second-generation
data. Compared to the integration of the full data set from
the first-generation, the percent increases in accuracy and
realized gain were reduced by 16 and 10%, respectively,
with strategy Il, but there was almost no change (< £2%)
with strategy | (details not shown). The reason was that
BLUP with the integration of the first-generation data
provided more conservative estimates than when only the
second-generation data are used. Hill and Rosenberger
(1985) and White and Hodge (1989) have indicated the
conservative nature of BLUP values when there are few
observations. The estimated breeding values of the parents
tested only in the second generation were more adjusted
toward the overall mean, which occasionally changed the
ranking among parents.

Changing the number of crosses per parent (N ,) affected
the efficiency of including the first-generation data as well
(Fig. 5). For strategy Il, percent increase in accuracy of
ranking parents decreased from 9.2 to 8.5% as N, changed
from single cross to double cross, and then became almost
stable for N»=3 ‘8. The change in realized gain followed a
similar pattern. Such reduction in added efficiency, as the
number of crosses increase, probably arises because high

degrees of genetic relationships already existed in the
second-generation population with more than two crosses
per parent. This result was in line with that of Johnson
(1998) who found that the added efficiency of making more
crosses per parent dropped markedly after only two crosses.
In comparison, increases in both ranking accuracy and
realized gain remained almost unchanged with the change
in N, when strategy | was used.

Conclusion

The added benefit of combined analysis depends on
whether there is strong genetic relatedness between both
generations and whether a high degree of genetic relation-
ship is already present in the current (i.e., second)
generation test. When second-generation parents were
selected via backward selection, adding first-generation
information could markedly increase the accuracy and
reliability in ranking, as well as the realized gain from
selection. The increases depended more on the heritabilities
in both generations and less on the size of dominance and
GXE effects. The number of parents and crosses per parent
also were important factors. Including first-generation
information helped more when there were many parents
and few crosses per parent in the second generation.

When second-generation parents were selected via forward
selection, the advantage of adding first-generation informa-
tion was less. Tree breeders will need to determine whether
such increases in ranking efficiency and gain are sufficient to
justify the extra effort involved in mass computation.
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