through provenance selection (Jounson et al., 1955). It has
therefore been suggested that high heritability coupled
with high genetic advance is the true index for effective
selection (Jounson et al., 1955; Swarup and CHAUGALE, 1962).
The genetic advance estimated for the first generation
from provenance selection ranged from 0.075 for taper to
5.568 for tree height (Table 4). When expressed as percent
of mean, the values obtained ranged from 7.14% for taper
to 58.14% for number of forks. High provenance herit-
ability was not in most cases associated with high genetic
advance, which is very much in agreement with the ob-
servation of Swarur and CHAUGALE (1962). The provenance
heritability estimated for any one characteristic is useful
when high selection gain in that characteristic is also
feasible (Kaur and Baun, 1974). In the present
study, a genetic advance as percent of mean of 15.00
would be considered high. For instance, a 10% increase
in DBH will, in strict mathematical terms, result in ap-
proximately a 20% increase in basal area, hence in volume
(LAURIDSEN et al., 1987). Even small improvements become
economically important in large planting programmes
(ZoseL, 1977). Over 15% genetic gain was recorded for all
the characteristics except taper. Coupled with their high
provenance heritability estimates, a reasonable level of
genetic improvement can be achieved through provenance
selection for each of the characteristics. Although taper
had a fairly high provenance heritability, its genetic
advance was low.
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Abstract

Data from 57 slash pine open-pollinated progeny tests,
585 different families and approximately 70,000 trees were
used to estimate genetic parameters (heritabilities, Type B
genetic correlations between measures of a trait on two
sites, and genetic correlations between two different traits)
for cumulative growth traits at ages 5, 10 and 15, and in-
cremental and relative growth rates between ages. A
modification of an analytical approach discussed by Bur-
poN (1977) made use of all possible pairs of progeny tests
with common families to estimate parameters. Herit-
abilities for cumulative growth traits (height, DBH,
volume) in slash pine at age 5 are low, on the order of

1) This is Journal Series No. R-02357 of the Institute of Food and
Agricultural Sciences, University of Florida, Gainesville FL,
32611. We gratefully acknowledge the efforts of Grec PowsiL,
Harm Kok, and the CFGRP cooperators whose efforts in collec-
ting and managing the data made these analyses possible.
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0.05 to 0.10, and increase to 0.12 to 0.16 by ages 10 and 15.
Genetic correlations of age 5 growth traits with the same
trait at age 10 or 15 were moderate (0.5 to 0.7), while age
10 and 15 growth had extremely high correlations (ap-
proximately 1). Finally, Type B genetic correlations were
higher between pairs of locations of similar site indices
(< 2.6 m different) than between pairs of locations with
very different site indices (= 2.6 m different). This in-
dicates that genotype x environment interaction arises
from differences in site quality, and suggests that large
site index differences between progeny test sites and
commercial production land will decrease the reliability
of progeny test data in predicting breeding values.

Key words: Heritability, genetic correlation, Type B genetic cor-
relation, genotype x environment interaction, juve-
nile-mature correlation, Pinus elliottii ENGELM. var,
elliottii.

Introduction

Precise and accurate genetic parameter estimates are
crucial for making sound decisions in many stages of a tree

Silvae Genetica 41, 4—5 (1992)



improvement program. For example, the degree and type
of genetic control over important traits affect both strat-
egies for breeding and for commercial propagation (WuITE,
1987; Namkoonc et al., 1988, p. 45). Also, knowledge of ge-
netic and environmental parameters is used to design
efficient progeny testing strategies (Namkoong, 1979, p. 234;
BriDGWATER et al., 1983), and to calculate gain from selec-
tion (NamkoonG et al., 1966; SHELBOURNE, 1969). Additionally,
genetic and phenotypic relationships among different
traits or ages of measurement are used in progeny test
analysis to develop selection indices (Best Linear Predic-
tion) or Best Linear Unbiased Predictions (BLUP) to
maximize gain from selection (Baker, 1986; Wuire and
Hobce, 1989; CorreruL and Dean, 1990), and to evaluate
the efficiency of indirect selection (BineT, 1965). Further,
heritabilities and juvenile-mature genetic correlations are
essential to determination of optimal selection age (Lam-
BETH, 1980; LAMBETH et al., 1983; FosTEr, 1986; MATHESON,
1988; BurpoN, 1989). Finally, knowledge of genetic corre-
lations between growth traits during different time inter-
vals may be of use to researchers attempting to identify
physiological mechanisms associated with superior per-
formance in the field. Since genetic parameters are used in
so many ways in breeding programs, much research ef-
fort has gone into genetic tests aimed at obtaining esti-
mates.

Often genetic parameter estimates are made using small
experiments, frequently even based on a single progeny
test. Genetic parameter estimates based on a single test
are biased by the presence of genotype x environment in-
teraction (Comstock and MoLL, 1963). Further, precise
estimates of genetic parameters require large experiments
sampling many families (NamMmkoone and Roserps, 1974). To
give a quantitative sense of the size of experiments
necessary, KLEn et al. (1973) determined that for a herit-
ability (h? = 0.20, nearly 800 half-sib families of size 4
are.needed to estimate h? with a standard error of 0.10.
To reduce the standard error to 0.05 required nearly 1600
families of size 4. Similar results indicating a need for
large numbers of families were obtained from a simula-
tion study using models and genetic parameters more re-
presentative of forest trees?). Assuming h? = 0.25, and a
mating and testing design of six-parent disconnected
partial half-diallels (planted on two sites, 4 blocks, 6 trees/
family/block), a total of 99 diallels (494 parents) were
needed to estimate h? with a standard error of 0.05.

Perhaps even more so than heritabilities, genetic cor-
relations are often estimated with relatively large errors.
Heritabilities are estimated as functions of two para-
meter estimates, additive and phenotypic variance, with
phenotypic variance generally being very precisely esti-
mated. In contrast, genetic correlations are estimated as
functions of three parameter estimates, two variance com-
ponents and a covariance component, with all three being
difficult to estimate precisely. Furthermore, when working
with multiple traits or ages we are often interested in
estimating a matrix of many genetic variances and co-
variances (Namkoonc et al., 1988, p. 83). In a manner
analogous to estimating ‘experiment-wide’ error rates in
multiple comparison tests, when estimating many para-
meters simultaneously we are interested in ‘experiment-
wide’ precision; precise estimates of all parameters are
needed to ensure a precise estimate of the matrix of

*) DupLey Huser, personal communication.

relationships. The difficulty in obtaining these precise
‘experiment-wide’ estimates is discussed by HiL and
Tuompson (1978), and this further illustrates the need for
large amounts of data for genetic experiments.

The Cooperative Forest Genetics Research Program
(CFGRP) consists of 14 members including both forest
industry and state agency members working to improve
slash pine (Pinus elliottii ENGELM. var. elliotti). The CFGRP
is currently planning advanced-generation breeding and
progeny testing strategies. In this study, the overall goal
was to estimate genetic parameters for slash pine using
data from a large number of tests and families so that
resulting estimates could be used with confidence in all
facets of program planning and implementation. Specifi-
cally, the objectives were 1) to estimate genetic para-
meters (heritabilities, genetic correlations between dif-
ferent traits, and Type B genetic correlations calculated
for the same trait expressed in two different environ-
ments - a measure of genotype x environment interaction)
for growth traits at three ages (5, 10, 15), and for relative
and absolute growth rates during three intervals (5 to 10,
10 to 15, 5 to 15), and 2) to determine if these parameters
vary according to site quality.

Materials and Methods
Progeny Test Data

From 1956 to 1963, members of the CFGRP made over
two thousand first-generation selections of slash pine
from natural stands. Each organization then grafted the
selections it made into its own seed orchards. Open-pol-
linated seed from these selections were collected from
the grafted seed orchards, and then planted in field
progeny tests. On each individual tree, total height and
diameter at breast height (DBH) were measured, and
volume calculated (Gooparp and StrickLAND, 1968) at ages
5, 10, and 15. In addition, the absolute growth increment,
and relative growth rate [(In g], — In g,)/(t, — t,) from
CaustoN and Venus, 1981, p. 25)] for each of the growth
traits from ages 5 to 10, 10 to 15, and 5 to 15 were cal-
culated. This was a total of 30 traits for which all genetic
parameters were estimated. Site indices for all tests were
calculated on the basis of 10-year height measurements
using an equation developed by Pienaar et al. (1990).

The primary objective of the CFGRP progeny tests was
to rank parental selections for general combining ability.
Each progeny test was planted in a randomized complete
block design; however, family composition, number of
families, number of blocks, and number of trees per plot
all varied from test to test. A total of 57 progeny tests
were identified which had measurements at multiple ages:
27 tests had been measured at ages 5, 10 and 15; 8 tests had
been measured at ages 10 and 15; and 22 measured at
ages 5 and 10. There were 585 different open-pollinated
families and approximately 70,000 trees present in the 57
tests. The number of families present in any one test rang-
ed from 5 to 150, and the number of common families in
any pair of tests ranged from 5 to 150. In addition, there
were no subsets of more than 3 tests that had the same
common families. Because of the extreme unbalance, the
available data were not extremely well-suited for classical
variance component estimation approaches, and an alter-
native approach was devised.

General Approach to Parameter Estimation

The basic approach utilized in this study was to estimate
parameters using all possible pairs of tests with common
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families, estimating family variances and covariances using
a Type B correlation framework as outlined by BurponN
(1977). This approach involves both single-site analyses
of variance and analyses of all possible pairs of tests.
When data are unbalanced, there are a number of ana-
lytical techniques available for variance component esti-
mation (including HEenpErsoN’s methods I, II and III,
maximum likelihood, restricted maximum likelihood, and
MINQUE), and there is no globally optimum method of
analysis (MiLLIKEN and Jonnson, 1984, p. 260; SearLe, 1987,
pP. 495). The approach in this study, adapted from Burpon
(1977) and Jounson and Burpoon (1990) for variance com-
ponent estimation offers some important advantages over
the classical approach. For example, heterogeneous vari-
ance structures among sites pose no problems in this ap-
proach, but violate an assumption of conventional analysis
of variance (ANOVA). ANOVAs need only be conducted
one site at a time, which simplifies computations and eli-
minates certain problems with family imbalance across
tests, i. e. particular families represented in only a subset
of the tests. In addition, the approach orfers advantages
when investigating age-age correlations. When measuring
the same trees at different ages, the error terms may not
be independent and thus genetic covariances may be con-
founded by environmental covariances. To eliminate this,
measurements on the two traits should be made on in-
dependent trees (Namxoonc et al., 1988, p. 81). In general,
the paired test approach is more flexible and can be of
particular use in unfavorable circumstances such as de-
scribed above. Other aspects of the Type B approach and
its relationship to classical ANOVA are discussed by
Yamapa (1962) and Dickerson (1962), while our use is de-
scribed below.

Linear Model

The linear model used to represent the data for a given
trait measured at a given age is:

where
u = afixed general mean,

t; = random effect of ith test environment,i = 1, 2,...e¢,
E(t) = 0, Var (t;) = ozt,
r;; = random effect of jth block within the ith test, j =

1,2,...b;,
E(rj;) = 0, Var(ry;) = o2,
I, = random effect of kth family, k = 1,2,...s;,
E(fk) = 0, Var(fk) = O'Zf,
fe;; = random interaction effect of kth family with the
ith test,
E(fey) = 0, Var(fey) = o%,,
pjjx = random plot error of kth family in jth block of ith
test,
E(pjjr) = 0, Var(p;j) = o2,
wij; = random tree error of Ith tree in ijkth plot, 1 = 1,
2, R ¢ TN
E(wijkl) = 0, Var (wijk]) = O'zw, and
the covariances between all pairs of factors are assumed
Zero.

The f, effects are assumed random and are associated
with the average genetic effects of the open-pollinated
families planted in each test. When open-pollinated families
are considered true half-sib families, and assuming no
epistatic effects, f; is the general combining ability of the
kth parent, so fi is equal to %2 of the breeding value (BV)
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of the kth parent. Thus, Var(fy) Var(Y2BV) = Yo%,

(i. e., /1 of the additive genetic variance).

There are several conditions that must be met for open-
pollinated families to approximate true half-sib families
(SquiLLAce, 1974; SorEnsoN and WHiTE, 1988), and detailed
knowledge of the mating system is needed to assess how
variance component estimates would be affected. Lacking
that knowledge for slash pine, we assume that open-polli-
nated families are half-sib families.

Single Site Analyses and Biased Heritabilities

If variance components are estimated on a site-by-site
basis (as is commonly done), family x environment in-
teraction variance cannot be estimated, and in fact is
added to the estimate of family variance on that site;
thus, the estimate of variance among families includes both
o?; ando?,, and has been referred to as biased since it does
not estimate only ¢% (Comstock and MoLL, 1963). In effect,
the linear model above is modified such that
piot ot F T h Dt Wy

Y =

where

i & + t;, the mean for the ith test,

Fy. = f + fey, random effect of kth family on the ith test,
E(Fik) = 0, Var(Fik) = 021:\ = sz + Ozfe.

This modified linear model was used to conduct an
analysis of variance on a site-by-site basis, and variance
components estimated by the method of moments (MirL-
LIKEN and JonnsoNn, 1984, p. 233), i. e., equating observed
mean squares with their expectations. The data were
nearly 100% balanced on the plot level, and ANOVAs were
calculated using plot means. Estimates of within-plot
variance for each trait were calculated separately, Biased
heritability (h%z), and total phenotypic variance estimates
(o%p) were calculated for each trait for each of the 57 tests
as below:

o’ =(0% + &, + ¢2,),

h? = 4(d%) / (0%).

The biased heritability (equivalently called a single-site
heritability), is referred to as biased because it estimates
the sum of additive plus additive x environment variance
relative to the total phenotypic variance, thus will be
biased upward relative to the typical narrow-sense
heritability.
Paired Site Analyses

Family means were calculated for each trait in every
test. Then, for every pair of tests with at least 5 common
families ,the covariance of family means for each growth
trait in the two tests was calculated, yielding a direct
estimate of family variance (0%). As family effects are the
only terms in the model which can cause a covariance
between family performance on two sites, the covariance
of family means estimates only family variance, and not
any family x environment interaction variance. The esti-
mate of family variance is independent of differences in
experimental design of the two test (Burpbon, 1977). Similar-
1y, the expected value of a family-mean covariance between
different traits measured on two different sites equals the
family covariance between those two traits (o;;*, the
asterisk signifies effects associated with the second trait).

Thus, for every pair of tests, estimates were calculated



for o2 for every trait, and for o;;* for every pair of traits;
in addition, combined estimates of total phenotypic vari-
ance (o%p,) and biased family variance (o?,) were calculated
as geometric means of the two single-site estimates of
phenotypic variance and biased family variance, respec-
tively. Narrow-sense heritability (h?), the Type B genetic
correlation (rg) and the genetic correlation between dif-
ferent traits (r;) were then estimated for each pair of
tests as:

W =404/ o

rp = 0%/ e
% 1 (0% + %)

1, = B[COVFp, ¥ ) + COVE ikesTir)] (0% )%
= Opp / (% ‘72r*)M

The Type B genetic correlation (ry) is for present pur-
poses the genetic correlation between the same trait ex-
pressed on two different sites, and is essentially a measure
of GxE (Burpox, 1977): 0 < r p <1, and r;; = 1 indicates
no GxE variance.

Average Parameter Estimates Across All Tests

The next step was to determine an average parameter
estimate and a measure . of standard error for both biased
and unbiased heritabilities, and all genetic correlations.
First, estimates for r, and ry were bounded at —1.3 and
1.3, and —0.3 and 1.3, respectively, before means were
calculated. Next, to obtain means, one alternative would
have been to assume that all estimates of a parameter had
equal precision, and simply calculate the unweighted
average and the variance. In this study, the single-test and
pair-wise test estimates all were based on different
amounts of data (different numbers of families, blocks,
ete.), and therefore have different variances. Estimates
based on large numbers of families (all other things being
equal) are more precise (have lower variance) than esti-
mates based on small numbers of families. When calcula-
ting a mean from observations with different variances,
the best linear unbiased estimator (BLUE) is calculated by
weighting each observation by the inverse of its wvari-
ance. As the true variance of an estimate is never known,
we calculated an approximate variance for each estimate
in order to use these as weights to calculate overall aver-
ages (i.e. to approximate BLUE averages).

There are formulae available to approximate the vari-
ance of heritability (Var(h?) or genetic correlation esti-
mates (Var(ry)) from standard analysis of variance ap-
proaches utilizing a Taylor series expansion (e.g., MobE
and RosINsoN, 1959; BEckEr, 1975; Namkooneg, 1979); how-
ever, the accuracy of this approximation is not well
known. In this study, this type of approximation could be
used for the h?%, estimates from Eq. 4; however, even if
the approximation is good for a single test, it may not
accurately reflect the variance of heritability estimates
from test to test. In such a case it may be better to
obtain a direct empirical estimate of variability from the
actual data (MosTeLLEr and Tukey, 1977, p.123). Further,
the absence of approximate formulae for variances of h?,
rp and r, estimates from Egs. 8 to 10 makes necessary a

direct empirical estimate of the variances of the parameter
estimates.

In formulae from the Taylor series expansion, the vari-
ance of these genetic parameter estimates is roughly in-
versely proportional to the degrees of freedom for family,
and preliminary analyses did indeed show that estimates
based on larger numbers of families had smaller empir-
ical variances. For volume at age 10 (a trait for which
the maximum amount of data was available), empirical
variances of the heritability estimates were calculated
for 5 subsets of the data representing estimates based on
different numbers of families (5 to 7, 8 to 10, 11 to 20, 21
to 30, 31 and up). After plotting variance versus number
of families, an appropriate curve form was determined
(JenseN and HoMEYER, 1971), and a regression developed to
predict Var(h?) for these two traits as a function of the
number of families (f).

Var(h’) = -0.0059 + 0.0590 [(-4)]*, R® = 0.85

These weights appeared to hold for other traits and
parameters, and thus, the inverse of the predicted vari-
ances from the above equation were used as weights in the
calculation of mean values for h? h?, Ty, and ry for all traits
and pairs of traits. Thus, as the number of families that
were involved in a parameter estimate increased, more
weight was placed on that estimate in the determination
of the overall mean.

Using this approach we have defined the mean para-
meter estimate as the weighted average of the parameters,
as opposed to the function of the average variance and/or
covariance components which make up the parameters
(e.g., see ITon and Yamapa, 1990, Eq. 31). This was done
primarily because all the parameters are bounded, while
variance and covariance components, which make up the
parameters, are not. This made it easier derive the weights
(approximating variances of the parameters) which are
discussed above:.. .- .

Results

Parameter Estimates

Narrow-sense heritability (h? estimates (unbiased, or
across sites) for the three cumulative growth traits were
all approximately 0.07 at age 5, and increased to ap-
proximately 0.12 for height and 0.16 for DBH and volume
at ages 10 and 15 (Figure 1). Approximate standard er-
rors for the mean h? estimates were low, all less than
0.02 (Table 1). For height, DBH, and volume, 10-year
growth and 15-year growth appear to be under nearly
identical genetic control. Narrow-sense heritability esti-
mates are slightly higher at age 15, but the estimated
10 to 15 age-age correlations are 0.994%.033, 1.02*.018,
and 1.03+.017 (mean * standard error) for height, DBH,
and volume, respectively (Table 1). The three estimated
5—15 age-age correlations for height, DBH, and volume
are 0.794*.070, 0.614+.115, and 0.6921+.062, respectively
(Table 1).

There appears to be moderate GxE interaction present
in slash pine growth traits. Type B genetic correlations
between sites (rg in Table I) are approximately 0.50 to
0.65 for 10 and 15-year growth traits, and all biased
(within-site) heritabilities (h?,) were approximately 1.5 to
2 times as high as narrow-sense (across-site) heritability
estimates; this indicates the presence of genotype x en-
vironment interaction variance which is approximately
50% to 100% of the size of the additive genetic variance.
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Figure 1. — Heritability of growth traits at various ages for some conifers. Data

for loblolly adapted from BaLoccur (1990), and for white spruce from NIeNSTAEDT

and RiemMeNscHNEIDER (1985). When lines are noted as h'B they represented biased

(single-site) heritability estimates. All other lines represent typical narrow-sense
heritability (h?) estimates.

Absolute growth increments had slightly lower herit-
ability estimates than cumulative growth traits, and were
highly correlated to the cumulative traits (Table 2). The
genetic correlation between cumulative growth to age 5
and subsequent incremental growth from age 5 to 10 is
0.8281.047 and 0.582+.072 for volume and height, respec-
tively. Substantially less correlation is found between cu-
mulative growth to age 5 and incremental growth from
age 10 to 15: r, = 0.615%.079 for volume, and re = 0.227

+.189 for height. Thus, probably less than 50% of the
variability in genetic effects for harvest volume can be
accountea for by variability in cumulative 5-year field
growth traits.

Relative growth rates for height, DBH, and volume were
disappointing traits for all time periods. Narrow-sease
heritabilities for all relative growth rates were less than
0.07, and the majority were less than 0.04; however, all
were more than 2 approximate standard errors greater

Table 1. — Estimates of genetic parameters for a number of cumulative growth traits of slash pine. The estimated parameters are: 1)
h’b, biased heritability from a single site ANOVA; 2) h? typical narrow sense heritability; 3) rp, the Type B genetic correlation for

same trait measured on two sites (see Burvon, 1977); and 4) r_, the genetic correlation of different traits.

Entries are sample

mean with empirical standard errors in parentheses. 5
Genetic correlation (r,)
Trait K, h? rs

H10 H15 DOS D10 D15 VoS V10 V1§
Height, age S 142 .078 .498 .945 794 .818 .496 .168 980 .756 347
(HOS) (.016) (.013) (.065) (.029) (.070) (.032) (.065) (.113) | (.015) | (.041) | (.091)
Height, age 10 .195 .128 .666 994 .705 533 .539 911 .826 .643
(H10) (.018) (.014) (.046) (.033) (.048) (.050) (.048) | (.037) | (.028) (.062)
Height, age 15 .230 119 .536 718 319 344 .842 .691 .461
(H15) (.022) (.019) (.069) (.084) .082) (.074) | (.082) | (.047) (.084)
DBH, age 5 .130 .063 .460 .818 .614 999 .894 441
(D05) (.015) (.011) (.060) (.045) (115) | (021) | (.031) | (.205)
DBH, age 10 225 .149 .665 1.02 731 .983 .834
D10) (.014) (.011) (.042) (.018) | (.060) | (.010) (.062)
DBH, age 15 237 .158 671 431 .990 972
D15) (.020) (.016) (.056) (.093) | (.020) (.007)
Volume, age 5 137 .080 592 .856 692
(V0S) (.016) (.012) | (.061) (.041) | (.062)
Volume, age 10 232 .156 .665 1.03
(V10) 017) (.013) (.043) (.017)

Volume, age 15 260 .161 .628

(V15) (.022) (.016) (.052)
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Table 2. — Estimates of genetic parameters for a number of incremental growth traits of slash pine. The
estimated parameters are: 1) h’b, biased heritability from a single site ANOVA; 2) h?, typical narrow sense
heritability; rB, the Type B genetic correlation for same trait measured on two sites (see Burpon, 1977); and
4) rg, the genetic correlation of different traits. Entries are sample means with empirical standard errors in

parentheses.
Genetic correlation (r,)
Trait h?, h? ry

HO5 | AHO510| HI10 | AH1015 H15

Height increment, 158 .103 .636 582 b3 1.00 773 969
age 5-10 (AHO510) | (.016) | (.011) (.048) (.072) (.022) (.129) (.103)
Height increment, 138 .054 491 227 773 592 X .898
age 10-15 (AH1015)| (.016) | (.013) (.078) (.189) (.124) (.088) (.051)
D05 ADOS10| D10 | AD1015 D15

DBH increment, 234 .144 .655 .428 x 933 .813 970
age 5-10 (ADO0510) | (.019) | (.014) (.046) (.085) (.030) (.085) (.040)
DBH increment, .161 113 719 272 .813 .840 X 991
age 10-15 (AD1015) | (.022) | (.014) (.067) (.140) (.085) (.071) (.025)
Vo5 AV0510 V10 | AV1015 V15

Volume increment, 234 151 615 .828 X 1.00 1.01 1.05
age 5-10 (AV0510) | (.019) | (.016) (.047) (.047) (.001) (.036) (.028)
Volume increment, 243 153 .640 .615 1.01 1.02 x 1.00
age 10-15 (AV1015) | (.022) | (.016) (.054) (.079) (.036) (.024) (.000)

Table 3. — Estimates of genetic parameters for a number of relative growth rates of slash pine. The
estimated parameters are: 1) h’b, biased heritability from a single site ANOVA; 2) h?, typical narrow sense
heritability; 3) rp, the Type B genetic correlation for same trait measured on two sites (see Burpon, 1977);
and 4) r_, the genetic correlation of different traits. Entries are sample means with empirical standard
errors in parentheses.

Genetic correlation (r,)
. 2 2

Trait ol h i Hos |RHosio| Hi10 |RH1015| HIS

RGR Height, 087 | 023 | 482 | -619 x 043 | 549 | 589
age 5-10 (RHO510) | (.006) | (010) | (.066) | (064) 1 093) | (249 | (155)
RGR Height, 05 | 024 | 406 | -s563 | 549 | -275 x 208
age 10-15 (RH1015)| (o11) | oty | (09s) | (249 | (249 | ca0m) (135)
pos |RDos10| D10 |RpD101s| DI1s

RGR DBH, o084 | 036 | 519 | -701 x 119 | 685 | .55
age 5-10 RDO510) | (.005) | (009) | 072 | (079) 105 | 222 | 126
RGR DBH, 095 | o044 | 503 | -068 | 685 | .162 x 432
age 10-15 (RD1015)| (.008) | (.010) | (090) | (165) | (2220 | (129) (101)
vos |Rvosio| vio |Rviois| wvis

RGR Volume, 092 | 033 | 491 | -236 X 318 | 628 | .594
age 5-10 (RV0510) | (.006) | (008) | (064 | (.091) 088) | (179) | (149
RGR Volume, 085 | 020 | 557 | -121 | 628 | 350 x 508
age 10-15 RV1015)| (008) | o1y | cosyy | c183) | (179) | (117) (.108)

than zero (Table 3). Apparently, real genetic differences from ages 5 to 10 and ages 10 to 15 are negative with
exist for these traits, but are relatively small. For all cumulative 5-year traits, and positive with cumulative
traits, the estimated genetic correlations between RGR 15-year traits (Table 4).
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Site Quality Effects

Site index for the 57 tests ranged from 14.5 m to 28.5 m
47 ft to 93 ft) using base age of 25. Estimated single-site
heritabilities (h?z) showed no association with site index,
suggesting that the degree of gemetic control and site uni-
formity were apparently the same on sites of both high
and low quality. To investigate the effect of site quality on
GxE interaction, pairs of tests with site indices different
by more than 2.6 m (8.5 ft) were classified as ‘Different’,
while if the site index difference was less than 2.6 m,
the pair was classified as ’Same‘. The value of 2.6 meters
was chosen to classify approximately half of all possible
pairs as ‘Different’ and half as ‘Same’; 2.6 m was ap-
proximately 1 standard deviation in site index for the 57
tests. The average site index difference was 4.7 m (15.3 ft)
for pairs of ’Different’ tests, and 1.3 m (4.3 ft) for ‘Same*
tests. Type B genetic correlations (rg) measure the degree
of commonality of gene effects for a trait (e.g., height
growth) in two different environments. For every cu-
mulative growth trait, a higher rz was found for pairs of
sites with similar site quality than for pairs of different
site quality (Table 4). The lowest difference between rp
for ‘Same’ and ‘Different’ sites was 0.079 for age 5 height,
and the highest was 0.378 for age 15 DBH. On average
across all 9 cumulative growth traits, ry = 0.71 for ‘Same’
sites, and rp; = 0.51 for ‘Different’ sites. Thus, at least

Table 4. — Estimates of Type B genetic correlation (rB) on pairs
of sites of similar or different site quality. Pairs of tests with
site indices differing by less than 2.6 m (8.5 ft) are classified as
‘Same’, otherwise are classified as ‘Different’. Average site index
difference for the ‘Different’ class was 4.7 m (15.3 ft), site index
difference for the ‘Same’ class was 1.3 m (4.3 ft). Entries are
sample means with empirical standard errors in parentheses.

Iy
Trait
Same Different

Height, age § 543 .464
(HO5) {097y © 177°(.088)
Height, age 10 .708 .628
(H10) (.066) (.064)
Height, age 15 731 .388
H15) 097) (.087)
DBH, age 5 513 422
D05) (.082) (.086)
DBH, age 10 782 .560
®10) (.061) (.055)
DBH, age 15 .888 510
D15) (.060) (.075)
Volume, age 5 .636 .556
vos) (.082) (.087)
Volume, age 10 .738 .602
(V10) (.066) (.055)
Volume, age 15 811 491
(V15) (.062) (.068)

a portion of GxE in slash pine results from different
growth performances on sites of different quality.

There is also an interesting relationship between r; and
increasing age in the 'Same’ and ‘Different’ classes (Table
4). At age 5, rg for the ‘Same’ class is only slightly lar-
ger than for the ‘Different’ class. For the ’Same’ class,
estimated rp increases as age increases, i. e., over time
GxE interaction decreases and family performances be-
come more alike on separate sites of similar site quality.
In contrast, for the ‘Different’ class, estimated rp decreases
as age increases, thus family performances on sites of
very disparate site qualities would become less and less
alike over time.

Discussion

Time Trends in Genetic Parameters

Previous estimates of narrow-sense heritabilities for
slash pine were summarized by DorMAN and SqQuiLLACE (1974)
and ranged from h? = 0.03 to 0.37 for height, —0.22 to
0.58 for DBH, and 0.16 to 0.35 for volume. The current
estimates tend to lie in the lower ends of the ranges of
previously published estimates, and seem to be in th
low ends of ranges reported for several conifers (e.g. see
ZoseL and TaLBERT, 1984, p.130). Since previous estimates
for slash pine are comparable to those for other conifers,
the lower estimates found in this study are probably not
due to species differences. There are a number of other pos-
sible reasons for this result. Many previous estimates in
the literature have been based on results from a single
test, which would bias heritabilities upward. In addition,
there may be some tendency for researchers not tc
publish very low or negative heritability estimates. Fi-
nally, this study used a different methodology to estimate
parameters, and this may be related to lower estimates.

There appear to be only small genetic differences for
relative growth rates in slash pine. However, it is pos-
sible that heritabilities are somewhat reduced simply due
to the log transformation used to calculate relative growth
rates. For example, h? for cumudative height at age 5 (HO05)
is 0.071, while the h? for In(HO05) is 0.056. Similarly, for
age 5 DBH, h? is 0.060 versus 0.045 for the cumulative
versus the log transformed trait; and for age 5 volume,
h? is 0.072 versus 0.041 for the cumulative versus the log
transformed. Thus, lower heritabilities were, at least in
part, simply a result of the transformation. It is possible
that transformation of plot means rather than individual
tree values would have mitigated this problem. It is also
possible that some covariance adjustment for differences
in initial starting size for each period would have im-
proved the results for RGRs in this study. RGR has been
generally observed to decline as plants get larger and
depart from an exponential growth pattern (CaLoiy and
Yu, 1982.) In this study, the negative correlations between
RGR and cumulative 5-year growth variables correspond
with this tendency. However, the correlations between
cumulative 15-year growth and RGR from ages 5 to 10, and
age 10 to 15, are positive. This could be an effect of com-
petition accentuating size differences, although compe-
tition (i.e., having missing and/or variable size neighbors)
does not seem to have a significant effect on individual
tree size in slash pine progeny tests (WhiTe et al., 1988).
One should note, however, that the genetic correlations
involving RGR variables are extremely imprecise (com-
pare standard errors in Table 3 with those in Tables 1
and 2), making interpretation somewhat precarious.



NienstaADT and RIEMENscHNEIDER (1985) report heritabili-
ties for Picea glauca (MoencH) Voss (individual trees
within provenances) that are strikingly similar to the
heritabilities reported by Barocchr (1990) for lobloliy pine
(Pinus taeda L.). From age 9 to age 15, heritability for P.
glauca increased from h? = 0.16 to h? = 0.25, and for
loblolly pine from h? = 0.09 to h* = 0.23. In contrast,
slash pine appears to have a higher heritability for height
at early ages than these two species. In addition, for
slash pine, a slight decline in height heritability begins at
an earlier age (Fig. 1). Thus, the 'Mature Genotypic Phase’
and ‘Codominance-Suppression Phase’ of FrRANkLiN (1979)
may occur earlier in slash than in some other conifers,
and this may reflect the rapid early growth of slash pine.

LamBeTH (1980) developed an equation to predict age-
age height correlations in Pinaceae, and found that in gen-
eral there was linear relationship between the log of
the age ratio (LAR) and the age-age correlation. However,
the equation was developed with phenotypic age-age
correlations, and may tend to underpredict genetic cor-
relations (see LameeTH et al., 1983). Comparing our age-
age correlations with the LamBeTH equation, the genetic
correlations for height in this study appear to follow a
slope similar to the Lamsern equation, but with a higher
intercept, yielding higher correlations than predicted
(Fig. 2). In other words, for given age-to-age combina-
tions, slash pine has higher juvenile-mature genetic cor-
relations than predicted by the LameeEtn equation. Rie-
MENSCHNEIDER (1988) has reported very similar results with
jack pine (Pinus banksiana-Lams.). In this study, volume
age-age genetic correlations appear to follow a steeper
slope as LAR increases than do height age-age correla-
tions.

Modification of Genetic Correlation Estimates

Genetic correlation estimates are subject to large errors,
i.e.,, they can be very imprecise (Namkoonc et al., 1988,
p.83). When estimating a system of correlations in a matrix,
the errors can be compounded such that the probability of
obtaining a matrix that is non-positive definite (i.e., the-
oretically impossible) is extremely high even for relatively
simple systems with large family sizes (THomMpsoN and HiLL,
1978). An example from this study is found for the matrix
dealing with volume-volume correlations in table 1 (ry; =
0.856, 0.692, and 1.03 for age 5 to 10, 5 to 15, and 10 to 15
correlations, respectively). This system is clearly inad-
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Figure 2. — Age-age genetic correlations observed for slash pine

height and volume growth. Results for diameter at breast height

(DBH) not shown, but are nearly identical to results for volume.

Solid line indicates predicted age-age correlation for height in

conifers as a function of the natural log of the age ratio (LAR)
(LAmBrETH, 1980).

missable due to the estimated correlation of 1.03 between
age 10 and age 15 volume. It is possible, however, for all
elements of the matrix to be within theoretical bounds
but for the overall system to be inadmissable. Even if the
age 10 to 15 correlation is reduced to 1.00, 0.99, 0.98, cr
0.97, the matrix still has a negative eigenvalue, and there-
fore the system is inadmissable. Thus, it is often necessary
to examine the entire system of correlations and perhaps
modify some or all of them to obtain the best ’system-
wide’ estimates.

One approach to refine the estimates is ‘bending’ sug-
gested by Hayes and HiL (1981). They prove for a specif-
ic case (PG, where P and G are the phenotypic and
genetic variance and covariance matrices, respectively)
that the eigenvalues of estimated genetic correlation ma-
trices are typically too spread out relative to the eigen-
values of the true matrix. In simulation studies they show-
ed selection indices developed after ‘bending’ could give
substantially better results than indices using ‘unbent’
parameters. We used a similar approach to shrink all
eigenvalues of the volume genetic correlation matrix to-
ward their mean of one by a shrinkage factor y, and then
used the original eigenvectors and the shrunken eigen
values to recreate the matrix of correlations. The Haves
and HiL approach effectively changes the estimated
heritabilities simultaneously with changing the genetic
correlations, Our approach did not change heritability
estimates, which seems reasonable since they were esti-
mated with substantially more precision than genetic cor-
relations. Since there is no a priori way of choosing an
optimum shrinkage factor (Haves and Hir, 1981), we
chose to find y which gave the least shrinkage while
still producing an admissible system of correlations. A y
= 0.05 resulted in an admissible system, with bent corre-
lations of r, = 0.81 0.66 and 0.97, for age 5 to 10, 5 to 15,
and 10 to 15 correlations, respectively. As noted by BurponN
(1989), with this approach all correlations between traits
are reduced toward zero (negative estimates would also
be reduced toward zero, i. e, become less negative), and
this may not be intuitively pleasing.

As an alternate approach to modification, we reduced the
10 to 15 correlation ¥since by itself it was theoretically out
of bounds) until we found an admissible system. Holding
the 5 to 10 and 5 to 15 estimates constant at 0.856 and
0.692, a 10 to 15 correlation of 0.96 resulted in an admissible
system. As a third approach, the age 5 to 10 correlation
was left constant (since it was based on the most data),
and the other two modified. This resulted in a system of
correlations of r, = 0.856, 0.72, and 0.97. As a compromise
between the three approaches, we suggest r, = 0.84, 0.67
and 0.96 as our best estimates of the age 5 to 10, 5 to 15
and 10 to 15 genetic correlations for volume. In general,
it is important to examine and perhaps modify correlation
estimates between other traits before using the system of
correlations in planning or analysis.

Optimum Selection Age

The genes involved in 5-year growth appear to be
somewhat different from those affecting 10-year growth,
and substantially different from those affecting 15-year
growth. It is interesting that these data indicate only
a moderate 5 to 15 age-age genetic correlation (0.6 to 0.8),
but an extremely high 10 to 15 age-age correlation (appro-
aching 1). Characterizing the intermediate age-age cor-
relations (6 to 15, 7 to 15, etc.) would be extremely valu-
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able to help identify the optimum age of selection, but
cannot be done with the current data set. One possible
approach to adress the problem would be to develop an
equation similar to Lameern (1980) to estimate the inter-
mediate correlations. While determining optimum selec-
tion age is not the focus of this paper, some initial ob-
servations are possible, although the optimum age will
depend on the type of selection (mass, family, within-
family, or combined) and on economic assumptions, as
well as the specific parameter estimates. NamkoonG et al.
(1988, p.84) have suggested that even correlations as low
as 0.6 could be useful in early selection, thus even 5-year
field performance in slash pine may stili be of some
utility. For the cumulative growth traits, age-10 measure-
ments provide the same genetic information as age-15
traits: heritabilities are approximately equal, and for all
practical purposes genetic correlations are one. Thus, there
appears to be no point in prolonging field progeny tests
past age 10.

Assuming an interest rate of 8%, half-sib progeny test
data, and selection for additive effects in loblolly pine,
BaLoccH1 (1990) determined the optimum age of selection
as 9 years for family selection, and 10 years for both
within-family selection and combined family plus within-
family selection. In that study, the estimated genetic cor-
relation with the target trait (25-year height) was 0.73 at
age 5 and reached 1.00 at age 7. For slash pine in this
study, assuming selection for 15-year volume, the estimated
genetic correlation with the target trait was 0.69 at age 5,
and reached 1.00 by age 10, and may possibly have reached
this level at earlier ages. Therefore, the comparable
juvenile-mature genetic correlations, the higher heritability
for slash pine at early ages, and lower peak heritability at
later ages will probably drive the optimum selection age
closer to age 5 than was calculated for loblolly pine.

GxE Interaction and the Effect of Site Quality

SHELBOURNE (1972) suggests that when GXE interaction
variance is half the size of additive variance (i.e., when ry
= 0.67), effects on gains from selection may be serious,
thus implying that testing or breeding strategies should be
modified to address this. This is approximately the level
of GXE interaction observed for cumulative growth traits
in slash pine. Genotype x environment interaction can
be classified as either predictable or unpredictable (ALLARD
and Brapsuaw, 1964), with significantly different implica-
tions for an operational breeding program. With predict-
able variation, environments can be classified into types
(e.g., on the basis of climatic or edaphic variables) such
that GxE differences are primarily between types, not
within types. Then families could be selected which would
perform well in the specific environments. If, however,
the environments cannot be so classified, GXE variation
is unpredictable and breeding must aim at developing a
population that performs well and is stable over a wide
range of environments.

Soil type differences (volcanic pumice soils vs phos-
phorous-deficient clays) have been found to contribute to
predictable GXE interaction in Pinus radiata. Type B ge-
netic correlations between growth on sites with the same
type soils was much higher (0.84 to 0.96) than between
sites with different soil types (0.16 to 0.55), and estab-
lishment of separate breeding units for the two soil types
would increase overall expected program gain from 22%
to 25% (Jounson and Burpon, 1990). This 3% gain, although
considered “small” by the authors, could be quite valuable.
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Percent genetic gains necessary to justify an entire tree
improvement program have been estimated as low as 2.5%
to 4% (Davis, 1967). Given that some tree improvement
program will be conducted, and that many costs associated
with the program would be fixed (salaries, equipment,
etc.), the marginal benefit of the additional 3% genetic
gain could probably justify the marginal costs associated
with forming two breeding units.

For slash pine, two relatively simple approaches to
classifying environments come to mind: 1) classification of
sites based on their productivity or quality as measured by
site index, and 2) based on their fusiform rust hazard. In
this study, there was no increase in the biased (single-
site) heritabilities on better quality sites, i.e., increased
growth rate alone did not increase heritability. A similar
result was found in P. caribaea MoreLET var. hondurensis
BArreT and GoLrart (WooLasToN et al., 1990). However,
results from this study did indicate that genes affecting
growth of slash pine differ to some extent depending on
site quality. This result has implications for genetic testing
strategies. In the past, progeny tests were generally
planted on sites representative of commercial forest lands
(ZoBeL and TaLsert, 1984, p.248). Recently, it has been
suggested that progeny tests be planted on higher quality
sites, such as old agricultural land, or that more intensive
cultural practices be used in genetic tests. The intent is
to increase environmental uniformity, allow genetic dif-
ferences to be more readily observed, and increase herit-
ability of the traits measured, thus making make more
genetic gain possible (GaTes, 1983; ToLiver, 1983; Anony-
mous, 1990). However, if in addition to the increased
uniformity, the test sites have increased fertility and
site quality in comparison to representative commercial
land, the increase in heritability may be offset by a de-
crease in correlation between the trait measured (growth
on a high quality site) and the target trait which the
breeder ultimately wants to improve (growth on commercial
quality land). Note that as average site index difference
went from 4.3 ft to 15.3 ft, rg decreased by an average of
0.20 (from 0.71 to 0.51) for the growth traits in this study
(see Table 4 for trait by trait comparisons). Larger differ-
ences in site quality than those observed in this study
may result in larger differences in Type B genetic correla-
tion. Furthermore, the pattern of decreasing rp (increasing
GxE) with time for different site index classes could
continue after age 15 until harvest age. If so, this would
further increase the benefits of strategies in progeny
testing or development of production populations designed
to take advantage of predictable GxE interaction.

Currently, CFGRP volume breeding value predictions
are made for an ‘average’ site (SIyz = 64), and account
for differences in site quality. All other things being
equal, less weight is given to data from progeny tests
with increasing differences between the progeny test site
quality and the ‘average’ site quality (WmTe and Hobpgk,
1988). If the target of breeding is the ‘average’ site, or
good performance over the range of all sites, future
progeny tests of slash pine should probably be replicated
on sites with divergent site indices. Then, all clones will
be tested across the range of sites they might experience
in commercial plantations. No attempt was made to ac-
complish this with the bulk of progeny tests established
from the early 1960s through the mid 1970s.

It is possible that selections for breeding and production
populations be made using different criteria. If only one



breeding population is desired, selections for this popu-
lation should be made for average sites. If progeny tests
are established across a wide range of site qualities,
data from high-quality sites could be used in conjunction
with data from low-quality sites to predict breeding
values for both high, average, and low-quality sites as
long as appropriate weights are utilized. If the Type B
correlations are well estimated, appropriate weights can
be assigned through the use of selection index, BLP, or
BLUP (Wumite and Hobce, 1989, p.157). With separate
breeding value predictions for ‘high’ and ‘low’ quality sites,
landowners with different commercial land bases could
utilize different clones in their production populations.
The changes associated with rp over time also suggest
that selections for the breeding and production popula-
tions could take place at different times. At young ages,
GxE interaction is unpredictable, therefore selection (par-
ticularly forward selection) for a breeding population
adapted for the average site seems reasonable. At older
ages, GxXE becomes more predictable, thus allowing
further selection of clones for a production population
(e.g., establishment or roguing of seed orchards, seed
collection from specific clones for specific sites, vege-
tative propagation of specific crosses) in order to capture
additional gain associated with performance on specific
site types.

The effects of fusiform rust infection on growth per-
formance in slash pine progeny tests have been investi-
gated on a subset of the data (17 tests) utilized in the
current study. Those results indicated that the family
mean correlation between volume growth on two sites was
higher when those sites experienced similar fusiform
rust infection than when the two sites had widely dif-
ferent rust infection levels (Hobpce and Waite 1986). Site
quality and soil differences do have an effect on the
fusiform rust hazard (Smitu et al., 1977), so there may be
some confounding of fusiform rust effects and site index
effects on the genotype x environment interaction.

Physiological Mechanisms

Recently there has been growing interest in investigating
the physiological mechanisms which lead to differences in
field growth performances in forest trees (WiLLiams, 1987;
L1 et al., 1989; Puaris et al., 1991). Many of these investiga-
tions utilize seedling material (from 3 to 24 months old)
to examine differences in physiology, and then study
correlations between the physiological measures and long-
term field growth. The genetic parameter estimates from
this study provide evidence of significant changes in
genetic mechanisms affecting growth over time. Only
about 50% of the variance in 15-year breeding values
can be accounted for by variance in 5-year breeding val-
ues. These results suggest that there are certain mech-
anisms which are important to early field survival and
establishment that are not important to long-term field
growth after succesful initial establishment. Since physio-
logical mechanisms important to field growth seemingly
change over time, physiological differences observed in
seedling studies may correlate only with early field growth,
or only with late field growth, or with both. To elucidate
the temporal sequence and relative importance of par-
ticular physiological mechanisms, it is necessary to have
field measures of both early (juvenile) and late (mature)
field growth. Consequently, for slash pine we intend to
predict breeding values for growth at age 5 using only

5-year-old data, and breeding values at age 15 using only
10- and 15-year-old data. These will be used for com-
parisons of performance in ongoing and future studies on
early selection and physiological genetics.

The Type B Framework for Parameter Estimation

This study appears to be the first large scale use of the
Type B framework to estimate genetic parameters. While
not free of complications, this approach allowed estima-
tion of unbiased narrow-sense heritabilities (across-sites)
and genetic correlations between different traits. In ad-
dition, the use of the Type B genetic correlations (between
the same trait on different sites) allowed straightforward
investigation of genotype x environment interaction in a
search for predictable patterns. For this data set, these
tasks would have been substantially more difficult using a
conventional analysis of variance approach.

Conclusions

Heritabilities for cumulative growth traits in slash pine
at age 5 are low, on the order of 0.05 to 0.10, and in-
crease to 0.12 to 0.16 by ages 10 and 15. Genetic correlation
between cummulative growth to age 10 with growth to age
15 is very high (approaching 1), and heritabilities at the
two ages are roughly equal, thus there appears to be
little point in measuring progeny tests past age 10. Ge-
netic correlations of cumulative growth up to age 5 with
cumulative growth to age 15, and with incremental growth
from age 5 to age 15 are low, and indicate that less than
50% of the variance in genetic effects for harvest volume
can be accounted for by variance in 5-year field growth
traits. There is moderate genotype x environment inter-
action for growth in slash pine, some of which is as-
sociated with site quality. Type B genetic correlations be-
tween pairs of test sites with similar site indices (dif-
fering by less than 2.6 m) are on the order of 0.70 versus
0.50 for pairs of sites with relatively different site indices.
Thus, the utility of progeny test measurements to predict
future sibling-family performance on commercial lands
can be affected by the site quality of the progeny test.
In future progeny tests, families should be tested over a
range of site indices, and site quality should be considered
when using data to predict breeding values.
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