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Summary

This paper describes the application of selection index
theory to indirect prediction of target genetic values (such
as parental breeding values of harvest-age volume) from
separate traits measured in indirect genetic tests (such as
growth room, greenhouse, nursery bed and young field
tests). These standard selection index procedures can be
used to predict a single target genetic value or any linear
function of several target genetic values from any num-
ber of indirect observations (which could, for example, be
individual measurements, family means and/or clonal
means on several traits).

The correlation between predicted genetic values and
true genetic values (Corr(g;,8;)) is described as a convenient
measure of assessing precision of predictions; it ap-
proaches 1 as the predictions of the target genetic values
approach their true, but always unknown, values. Corr
(g4,8;) can be used to assess the value of adding new
indirect observations to an index by judging whether the
increase in precision (as measured by an increase in Corr
(g,8;) is enough to warrant the modification. Once
certain parameters have been estimated reflecting the
quality and quantity of indirect data and its relationship
to the target traits being predicted, index coefficients and
Corr(g;,g;) can be calculated in the absence of actual
indirect data; this makes Corr(g;g;) useful for planning
purposes. For example, Corr(g;g;) can be calculated for
alternative testing strategies, experimental designs and
proposed indirect traits to facilitate planning efficient
indirect testing schemes. Limitations of the selection index
approach are described, but in many situations, it appears
a useful method both for evaluating alternative indirect
testing strategies and for predicting target genetic values
from a series of indirect observations.
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early testing, genetic correlation.

Introduction

Rotation ages of most forest trees make direct genetic
testing for harvest-age traits a very long-term process.
Also, these long-term genetic tests in field environments
(herein called direct tests) are quite costly to maintain
and measure over long time periods and are high risk in
the sense that the tests can be quite variable (reducing
the precision of the testing) and subject to partial or
complete loss due to unforeseen catastrophes. Thus, there
has been much emphasis in developing methods of indirect
genetic testing in forest tree improvement programs. The
goal of indirect testing is to rank genetic entries (e. g.,
clones, parents, full-sib families and/or individuals) for
a target trait (such as harvest volume at rotation age)
from data collected on one or more different traits
(such as height, phenology and/or physiological data)
measured in one or more indirect environments (such as

1) This is Journal Series No. R-00360 of the Institute of Food and
Agricultural Sciences, University of Florida, Gainesville, FL,
32611.
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greenhouses, growth rooms, nursery beds and young field
tasts).

By this definition, indirect genetic testing is already in
use by nearly all tree improvement programs; progeny
test evaluations and advanced-generation selections are
nearly always done prior to rotation age with measure-
ments on “young” traits used to rank the genetic entries
even though the main interests (target traits) are perform-
ance at harvest age (LamserH, 1980; LamBeTH et al., 1983).
In addition there has been considerable research into the
use of indirect testing using traits measured in non-field
environments such as growth rooms, greenhouses and
nursery beds (CanNEeLL et al., 1978; Rosinson and VAN BunTe-
NEN, 1979; Corrterit and Namsiar, 1981; Waxier and Van
Buntenen, 1981; Wiiuiams, 1987; Apams et al., 1989).

For all uses and types of indirect testing, three ques-~
tions arise: 1) How are data from various relatives and
traits measured in indirect environments most effectively
combined into a single prediction of genetic value of the
target trait?, 2) What method(s) can be used to evaluate
relative efficiency of indirect testing compared to both
direct testing and to other types of indirect testing? and
3) What factors affect efficiency of indirect testing?
Standard linear theory for use of one indirect trait to
predict a single target trait (sometimes called correlated
response) is described by Farconer (1981, p. 286) and has
been used by foresters to assess efficiency of early selec-
tion based on a single indirect trait (Lamserm, 1980, 1983;
TawBert and Lamsern, 1986). In addition, Stonecypuer and
ArBez (1976) stated that selection indices could be de-
veloped from measurements on multiple indirect traits for
predicting a single target trait and Barapar (1976)
sketched selection index theory for doing this. BiNeT (1965)
and FaLconer (1981, p. 295) present the basic theory for
indirect prediction from multiple traits and give examples
for simple cases.

The objectives of this expository paper are to 1) apply
general selection index theory to the prediction of genetic
values of one or more target traits from measurements of
one or more indirect traits on a variety of relatives, 2)
provide a framework for assessing the relative precision
(i.e., efficiency) of the indirect predictions, 3) investigate
the factors affecting the efficiency of the predictions, and
4) describe some limitations of this overall approach.

Selection Index Theory for Indirect Prediction

Specification of the Problem and Definitions

Selection index theory is well-described in the literature
(HenpersoN, 1963; Biner, 1965; Lin, 1978; Norbskog, 1978;
NAMKOONG, 1979; FaLconer, 1981; Burmer, 1985; WHire and
Hopce, 1989, chapters 9 and 10) and there have been
several descriptions of selection indices for direct predic-
tion in forest tree improvement programs (STONECYPHER
and ARgsEgz, 1976; BRiDGwATER and STONECYPHER, 1979; BUurDON,
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1979, 1982; SueLBourNE and Low, 1980; CorreriL. and JAck-
soN, 1981, 1985; BripgwAaTrer et al., 1983; CuristorHe and
Biror, 1983; Dean et al., 1983, 1986; TaLserT, 1984, 1986;
Harver and Townsenp, 1985; BRIDGWATER and SQUILLACE,
1986; Lanp et al., 1987; Correrit and Dean, 1989). All of
the standard selection index theory usually applied to
direct prediction also applies to indirect prediction (see
Biner, 1965; Henperson, 1977, 1984 p. 47); thus, it is only
necessary here to highlight the most important aspects
and describe the application of this theory to indirect
prediction.

We make the following definitions using boldface type to
indicate vectors and matrices.

g is a q x 1 vector of unobservable genetic values of
the target traits to be predicted for each candidate (where
a candidate is defined as a genetic entry, such as a clone,
parent, individual or full-sib family, for which a predic-
tion is being made).

a is a g x 1 vector of known economic weights for each
of the q target traits.

y is an m x 1 vector of phenotypic, indirect observa-
tions pertaining to a single candidate (this may include
several vypes of observations such as individual measure-
ments and family means measured on several indirect
traits in a variety of indirect environments).

a is an m x 1 vector of expected values (i.e., means) of
the observed data in y.

b is an m x 1 vector of index coefficients to be estimated.

Var(y) = V is an m x m matrix of phenotypic variances
and covariances among the indirect observations on a
single candidate.

Cov(y,g) = C is an m x q matrix containing covariances
between the observations in y and genetic values in g.
Each column contains covariances between the observa-
tions and a given target genetic value. For example, the
first column contains m covariances, one for each of the
m observations with the genetic value of the first target
trait. These are genetic covariances because only genetic
effects correlate between observations and target genetic
values, but the exact form (e.g., /s of the additive genetic
covariance or Y2 of the total genetic covariance) depends
on the exact nature of both y and g.

Var(g) = G is a q x q matrix of variances and covari-
ances among the g genetic values being predicted. If the
genetic values are breeding values, G contains additive
variances and covariances of the target traits (since by
definition for a given trait, the wvariance of breeding
values is the additive genetic variance). If total (i.e.,
clonal) genetic values of the target traits are being pre-
dicted, G contains total genetic variances.

The goal is to use the indirect data in y to predict one
or more of the genetic values in g or a linear function of
the values in g, say a’g (where ’is the transpose operator).
G, V, C, a and a are assumed to be vectors and matrices of
constants that are known exactly (no error), whiley and g
are random vectors (i.e., vectors containing random vari-
ables). While the first and second moments of y and g
(ie, G, V, C. a and a) are assumed known in the following
discussion of selection index theory, in practice, these
must be estimated from experimental data: data on the
indirect observations to estimate a and V; data on the
target traits to estimate G and a; and data relating the
indirect observations (in y) to the target genetic values
(in g) to estimate C. For details on construction and use
of these vectors and matrices, see Wurte and Hobce (1989).

Predicting Genetic Values of Target Traits

The classical derivation of selection index formulae usu-
ally frames the problem in terms of predicting a single
aggregate genetic worth, w, defined as a linear function
of the genetic values in g, weighted by their respective
economic weights:

w = a;g + ag + .. + a8,

= X ag

= a’g
It is important to note that the economic weights are
defined with respect to the genetic values of the target
traits and not the indirect traits being measured.

Then, if only linear functions of the observed data are

considered, the solution that both minimizes the error
variance of the prediction and maximizes the correlation

between true and predicted genetic worth, i.e., corr (w,sv)
is
% = a’CViy-a) ()]
= b(y-a)

where b’ = a’C’V™! is the row vector (of dimension 1 x m)
of index coefficients.

Standard selection index theory assumes that a single
index is appropriate for all candidates. Thus, the coeffi-
cients for the index are usually calculated once and then
applied to all ~andidates as b’(y — @) where y is the ob-
served data and changes for each candidate. For example,
to use progeny test data in the form of family means
collected on a variety of indirect traits to predict breed-
ing values of several harvest-age traits for 100 parents,
the index coefficients are assumed the same for all 100
parents. The coefficients are calculated once and the data
vector of indirect data, y, for a given parent is used to

calculate w for that parent; this is done 100 times.

If a genetic value of only a single target trait is pre-
dicted, then q = 1 and the q x 1 g vector reduces to a
scalar value (written g;, the genetic value of the target
trait) which is predicted as

g = cViy-a) ()
= b(y-a

where ¢ is an m x 1 vector of covariances between the
data values in y and the single target genetic value being
predicted (¢ can be thought of as the column of C that
applies to this particular target genetic value), there is
only one economic weight in a so this is arbitrarily set
to 1, and finally b is still an m x 1 vector of index coeffi-
cients used for each candidate to predict gy as a linear
function of the m observations for that candidate.

Assessing Precision of Predictions

Once calculated, it is often useful to estimate the pre-
cision of a given prediction. Precision is a measure of how
closely predicted genetic values of a target trait (or
aggregate genetic worth) cluster, upon repeated sampling,
around the true, but unknown, value of that target trait
(or genetic worth). Predictions based on a large amount .
of data on several indirect traits that are strongly related
to the target genetic values result in more precise predic-
tions than predictions made from small amounts of data
on only a few indirect traits not strongly related to the
target genetic values. All other things being equal, indi-
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rect tests that result in more precise predictions allow
more genetic gain to be made from selecting higher
ranking candidates on the basis of their predicted values.
Two of the most important uses of estimates of precision
are: 1) assessing whether additional indirect traits or
more data results in a modified index that is sufficiently
more precise to warrant the modification and 2) com-
paring the precisions of alternative testing schemes (e.g.,
comparing precision of early field testing, greenhouse
testing and harvest-age field testing).

Three measures of precision of a given prediction are
error variance of prediction, gain possible from different
types of selection, and correlation of true and predicted
genetic values. These measures have two things in com-
mon. First, none require actual indirect data (i.e, y) for
calculation. Rather, precision depends on the quality and
quantity of data used. That is, data (y) are not actually
required to assess precision as long as the parameters in
a, C, V and G are known; these parameters can be esti-
mated from previous data sets. This is analogous to the
usual prediction of gain in the indirect, single trait case
(Namxoong, 1979, p. 124; FaLconer, 1981, p. 286): if herit-
abilities of the direct and indirect traits, the genetic cor-
relation and the selection intensity are known, then ex-
pected gain can be calculated. Second, since precision
depends ounly on parameter estimates in these vectors and
matrices (and not actual data), all measures of precision
are assumed to be the same for all predictions calculated
from the same set of index coefficients. If one index is
used to predict genetic values for 100 candidates, all 100
predictions have the same estimated precision.

As an easily interpreted measure of precision (FaLco-
NER, 1981, p. 222), the correlation between true and pre-
dicted aggregate genetic worth is calculated as (Wurte and
Hobce, 1989, p. 220)

Corr(w,%) = [(a’C’V!Ca)/(a’Ga)]'2 =

[Var(w)/Var(w)]'2 (©)

If the proper variances, covariances and economic weights
needed for the above vectors and matrices can be esti-

mated, then Corr(w,x?v) can be estimated and is interpreted
as the correlation between the true genetic worths and
predicted genetic worths expected upon repeated calcula-
tions using data of the quality and quantity defined by
the vectors and matrices in (3).

For precision of predicting a genetic value of only a
single target trait (say harvest-age volume) from an index
of one or more indirect traits,

Corr(g,8y) = [(€V1e)/0%,]"" @

where % ; is the genetic variance of the target trait being
predicted and e¢ is defined in (2).

To predict gain from selecting candidates on the basis
of their index values (i.e., on the basis of their predicted
genetic worths),

Gain, = i+ (@CVICa)? = i« [VarW)2 (5

where i is the intensity of selection (FaLconer, 1981) and
Gaing, is predicted in the units of the index (not%) as a
deviation from zero (Wurte and Hopcr, 1989, p. 221). For
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predicting a single target trait, gain (in units of the target
trait as a deviation from the unselected mean) is:

Gaing, = i* (V)2 6

Both of these measures of precision (correlation and
gain) are useful and are in fact similar (compare (3) with
(5) and (4) with (6)). For predicting a single target trait
note

Corr(g,8:) = (Gaing,t)/(i * ag,t) )

so that Corr(g;,8;) can be interpreted as a standardized
gain (i.e., gain per unit of selection intensity and per unit
of genetic variance in the target trait). Thus, for compa-
risons of different testing procedures for which selection
intensities are not known, the correlation between true and
predicted genetic values may be the better measure of
precision.
Using Standardized Data

Sometimes it may be desirable to standardize indirect
data by dividing each observation in y by its phenotypic
standard deviation (Hi.i, 1984). When this is appropriate.
the variance matrix of the observations, V, becomes a
correlation matrix: all diagonal elements are one since
the data have been standardized to have a variance of
one, and all off-diagonal elements are phenotypic correla-
tions among the observations. There is no theoretical
value to using standardized data because selection index
coefficients automatically scale all observations properly
(GianoLa, 1986). However, for the purposes of investigating
what factors are important in indirect selection, or com-
paring the precisions of alternative testing strategies, it
may be conceptually more attractive to use correlations
instead of variances and covariances.

Numerical Example

To illustrate the construction and use of C and V,
consider an example (using unpublished data from the
Ph. D. dissertation research of Sonia D Souza, Dept. of
Forestry. University of Florida) where the goal is to
predict breeding values of slash pine parents for a single
target trait of field resistance to fusiform rust (measured
in % infection) from three indirect traits measured on
young seedlings after artificial inoculation in the green-
house. The three greenhouse symptom traits are: SYMNO,
the presence (1) or absence (0) of a purple spot on the
stem (presence is indicative of a thwarted infection);
ADVEN, the presence (1) or absence (0) of adventitious
shoots from a gall; and THIN, indicative of a rust gall
that is more slender (1) than normal (0).

Open-pollinated (considered half-sib) seedlings from
say each of 100 parents are sown in the greenhouse and
after inoculation are placed in a randomized complete
block design with 20 seedlings from each family in each of
of 6 blocks. The observations in y are chosen to be the 3
family means (averaged over all 120 seedlings of a family)
for each trait. Thus, y is a 3 x 1 vector containing family
means for each of three indirect traits. To construct the
3 x 3 V matrix, note that the diagonal elements are
variances of family means for each of the three indirect
traits and can be modeled (for each trait) as

Var(y) = 0% + 0% + 0%/6 + 02,/120 t))

where for each different symptom trait, o% is the variance
due to true half-sib family effects, o, is the variance



Table 1. — Parameter estimates for three greenhouse symptom traits

after artificial

inoculation of young slash pine seedlings with fusiform rust and their genetic correlations
with the target trait: rust resistance (in %) of slash pine measured in field environments ?).

Trait Mean? Heritability3
individual
(h%) (%)
SYMNO 0.04 0.10
ADVEN 0.74 0.10
THIN 0.11 0.13

family

0.58

0.63

Variance of Gen. Corr.
family means4 with target’
(V(Y)) I'gt:gi
0.001781 -0.321
0.52 0.008977 0.567
0.004941 -0.607

') Unpublished data from the Ph.D. Dissertation of Sonia Maria Ds Souza, Dept. of Forestry,

University of Florida, Gainesville, FL, 32611.

?) The mean for each trait is the proportion of seedlings with this symptom trait in an

average greenhouse test.

%) For each trait, h? = 4¢z'f/(a=f + a’ie + a'p + a’w).

For each trait, b = o*/V (¥).

4) For each trait, V(y) = o’f + o’ie + o® /6 + a'w/lzﬂ.
%) For each trait, r gtgi = Cov A(gt,gi)/(o' ” t'azg i) 12 where the numerator is the additive genetic

covariance between the indirect symptom trait and the field resistance, and the denomi-
nator terms are the respective additive genetic variances.

due to family by environment interaction, o?, is the
variance due to block by family interactions (which is
divided by 6, the number of blocks) and o2 is the variance
due to within-plot effects (i.e., among the 20 seedlings
from each family within a block pooled across blocks).
Assuming balanced data, an estimate of the variance of
family means for each greenhouse symptom trait can be
obtained by either estimating variance components from
an analysis of variance and calculating (8) or by calcu-
lating the variance among the 100 observed family means
observed for that trait. By greenhouse testing in different
years and seasons, it is possible to get variance compo-
nent estimates and heritabilities that are free from bias
due to family by environment interactions (Table 1).

The off-diagonal elements of V are phenotypic covari-
ances of family means between pairs of indirect traits
and can be estimated either through analysis of covari-
ance or through family mean correlations (Wurre and
Hopgce, 1989, Topic 5 of Chapter 7). For these data, esti-
mates of family mean correlations are: -0.23, 0.61 and -0.53
for SYMNO with ADVEN, SYMNO with THIN and
ADVEN with THIN, respectively, and the appropriate
covariances are obtained from these correlations using the
variances of family means from Table 1. Then,

0.001781 -0.000916 .
V= -0.000916 0.008977 -888?1?512
0.001810 -0.003556 0.004941

The 3 covariances needed for the 3 x 1 ¢ vector are co-
variances between the phenotypic observations (in this
case family means) of the indirect traits and the breeding
value of the target trait being predicted. For this example,
open-pollinated progeny from 100 parents were tested in
both greenhouse (indirect) and field (direct) environments
and these data used to estimate the additive genetic
correlations between each indirect trait and field rust
incidence (Table 1). Then, assuming only common paren-

tal (i.e., genetic) effects correlate between the field and
greenhouse environments, each element of ¢ is calculated
as:

12 Cov(gugy) = 12 Ty (0%, * 0%)'? )

where for each of the three indirect traits (i = 1, 2, 3),
Tgt.g 18 the additive genetic correlation from Table 1, 6%,
is the additive genetic variance of the target trait (0.05 in
this case), and Ozg,i is the additive genetic variance of the
ith indirect trait (0.00416, 0.01876, and .01240 for SYMNO,
ADVEN and THIN, respectively). The covariance is multi-
plied by Y2 because the covariance between half-sib
family effects and the parental breeding values is half
the additive genetic covariance (Wuite and Hobcg, 1989,
p- 89). The elements of ¢ can be filled in and ¢ =
[-0.002315 0.008682 -0.007557].

With these values of ¢ and V, the index coefficients
from (2) are b’ = [0.2346 0.4916 -1.2615] and these are the
weights that would be applied to the family means for
the three indirect traits from a given parent to predict
that parent’s breeding value for rust resistance in the
field. The precision of these predictions is estimated from
(4) as Corr(gy 8;) = 0.515 and is interpreted as the expected
value of the correlation between true and predicted pa-
rental breeding values for field rust resistance. Other in-
direct testing procedures or direct testing procedures that
resulted in higher correlations would be preferred, all
other things (length and cost of tests, selection intensity,
ete.) being equal. Also, the value of adding or deleting one
or more indirect traits can be investigated. For example,
the correlation could be recalculated after deleting column
and row 1 in V and the first element of ¢ to see the
effects of omitting SYMNO from the index. When this is
done, the reduced index containing THIN and ADVEN
results in Corr(gyg) = 0514 indicating that the full
index with three indirect traits is not enough better than
this two-trait index to justify measurement of SYMNO.
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Factors Affecting the Precision of Indirect Predictions

When comparing different testing strategies or investi-
gating which indirect traits to consider measuring, it is
useful to understand how different factors affect the
precision of the predictions as measured by Corr (g;.8).
Even for field testing (whether measurements are taken at
harvest age or before), precision of the predicted genetic
values can be calculated from (3) or (4) and depends on
the quality and quantity of field data (e.g., age, number
of tests, precision of tests, etc.). For predicting slash pine
parental breeding values for field rust resistance (%
incidence), we have used field measurements on open-
pollinated offspring to predict breeding values of 2245
parents represented in varying numbers and qualities of
field tests (Wurre and Hopoce 1988). Each of the 2245
predictions is based on a different selection index that
reflects the quality and quantity of data for that parent;
hence, Corr(g,g;) is different for each prediction. Corr
(8t,8¢) has been estimated for each of the 2245 predictions
and, for each parent, depends on the experimental designs
of the field tests (more blocks and trees per block increase
precision), the average rust incidence in the test (too
much or too little rust reduces precision), and, in parti-
cular, the number of sites a parent’s offspring are re-
presented in (unpublished data). Averaged over predic-
tions of breeding values for 2245 parents, Corr(g;g;) is
0.63, 0.73 0.79 and 0.84 for parents with offspring in 1, 2, 3
to 5, and more than 5 tests, respectively. Thus, predic-
tions from an indirect (say greenhouse) test with Corr(g, ;)
= 0.6 are approximately equivalent (in terms of precision)
to those from one field test and an indirect test with
Corr(g;,&,) = 0.8 is as good as many field tests.

In the following sections, we solve (4) for several simple
cases of predicting a single target trait from several in-
direct traits to understand the factors causing Corr(g,8;)
to change.

Predicting a Single Target Value from One Indirect Ob-
servation

For the simplest case, consider Corr(g,&;) for predicting
the genetic value of a single target trait from measure-
ment of a single indirect trait. Equation (4) applies to
prediction of any type of genetic value (e.g., breeding
value, total clonal value) from any type of measurement
(e.g., on plantlets, seedlings). For this simple case, let y;
be the phenotypic value of the one indirect trait (e.g., a
half-sib family mean for the indirect trait), then
Corr(g,g,) = [(C’V-lc)/gz&l]m
[(Cov(gyy,)* Var(y;) ! Cov( 8uY1))/0%, ]2
[Cov(guy1)(0%,* Var(y,))]2
abs [COV(g,,yl)/ (ag,t * op,yl)]

= abs(rgl:yl)

= abs(rgt:gl) * hyl
where o, vy = phenotypic standard deviation for the in-
direct trait y,, “abs” indicates the absolute value, rg.y; is
defined (by lines 4 and 5 in the derivation above) to be the
genophenotypic correlation (i.e., the correlation between the
genetic value being predicted and the phenotypic value
measured,) rg; is the genetic correlation between the
target trait and measured trait and hy, is the square root
of the heritability of the indirect observation (see also
Biner, 1965). Note that the phenotypic standard deviation
and heritability must be defined with respect to the ob-
servation, y;, which may be an individual measurement,

10
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an open-pollinated family mean, a clonal mean, etc. HAN-
soN (1963) describes the concept of heritability applied to
different types of observations (or “reference units” by
Hanson’s terminology).

The precision of prediction of a single genetic value from
any single indirect observation depends only on the geno-
phenotypic correlation between the genetic value of the
target trait being predicted and the phenotypic value of
the predictor. As heritability of the indirect observation ap-
proaches 1, Corr (g; ;) and the genophenotypic correlation
both approach the absolute value of the genetic correlation.
Because higher heritability of the phenotypic observation
on the indirect trait increases the precision of the pre-
diction of target trait, indirect test environments should
be as uniform as possible. Also, when the indirect obser-
vation is a mean (say family or clonal mean), increased
replication in the indirect environment increases the pre-
cision of the prediction. So, depending upon the situation,
it may be better (i.e., higher precision) to collect more data
on a single indirect trait (say by replicating in space or
time or by measuring the trait in different treatments)
measured in a carefully controlled test environment, than
to increase the number of indirect traits in the index.

For the numeric example from the previous section
(Table 1), the precision (Corr (g;,&;) for predicting field
rust resistance from the single best indirect trait (family
mean of THIN) is abs(—0.607)-(0.63)'2 = 0.481 and is
nearly as precise as the index with all three indirect traits
(Corr(g,8;) = 0.515). The family heritability for THIN
increases to 0.84 if the greenhouse test is repeated three
different seasons (compared to family heritability of 0.63
in Table 1 when tested only once )and is obtained by
calculating (8) with the proper denominators to reflect 3
tests instead of one. Then, Corr(g; 8;) = abs(—0.607)-
(084)2 = 056 which is considerably higher than the
precision when the family mean for THIN is obtained from
a single test, and is near the absolute value of the genetic
correlation between THIN and the target trait (—0.607,
Table 1).

Predicting a Single Target Value from Two Indirect Ob-
servations

When two observations (such as family means on two
indirect traits) are used to predict the genetic value of a
single target trait, (4) reduces to the following scalar
form

Corr(gtygt) = [(rzgl:yl + fzgt.yz =

2rgt:yl l'gt:yzryl:yZ)/ ( 1r 2y1.')!2)]1/2 (1 1)

where y; and y, are the two phenotypic observations,
Tyi.ye is the phenotypic correlation between indirect ob-
servations and all other terms are defined analogously to
the terms in (10). Here, precision of the predictions, Corr
(g1,8;), depends on three factors: the phenotypic correla-
tion between y, and y, and the two genophenotypic correla-
tions (g, with y;, and g, with yy). If the two observations
have high heritabilities (say because they are measured
with high precision), then the genophenotypic correlations
approximate the two genetic correlations, see (10).
Interestingly, the phenotypic correlation, not the genetic
correlation, between the indirect observations occurs in (11).
Phenotypic correlations can differ from genetic correla-
tions in magnitude and even sign. Consider two indirect
phenotypic observations that both have positive geno-



phenotypic correlations with the target genetic value (so
that increases in both y; and y, imply positive change in
gy). If g;, y; and yp are all quantitative traits controlled by
many genes, it is possible that the genes in common be-
tween g; and y, are different than the genes in common
between g; and y,. Then y; and y2 could be genetically
uncorrelated or even negatively correlated. Further, since
we are interested in the phenotypic correlation between
y1 and y,, environmental effects on the phenotypic ex-
pression of y; and y2 may be negatively correlated,
possibly contributing to low' or negative phenotypic cor-
relation between the two indirect observations.

In order to investigate the manner in which the three cor-
relations in (11) interact to influence the precision of the
predictions from a two trait index, it is first necessary to
develop some concepts regarding systems of correlations.
Consider a system among the three variables, y;, yo and g;
where the absolute value of the genophenotypic correla-
tions between both indirect observations and g; are 0.5,
and the absolute wvalue of the phenotypic correlation
between y; and y; is 0.3. There are eight possible systems
of correlations shown in figure 1 (23 = 8, three correla-
tions of two possible signs, either positive or negative).
If both y; and y, are positively correlated with g; and if

Corr(g,.g,) = 0.62 Corr(g,g,) = 0.85

1a) g, 2a) g,
+0.5 +0.5 +0.5 +0.5
B hes 2 Wes 2

b) g, 2b) g,
-0.5/ +0.5 -0.5/ +0.5
s 0 s 72

gt 2c) gt
+0.5/ -0.5 +0.5/ -0.5
s Wohes e

) g 2d) &
-0.5 / -0.5 -0.5 / -0.5
.7
hoes 03 2

Figure 1. — Systems of correlations for the case where two

indirect traits, y, and y,, are used to predict a target trait B,
Four of the systems (left column) result in a correlation between

predicted and true genetic value (Corr(gf,gt)) of 0.62. Four of

the systems (right column) result in Corr (gt,gf) = 0.85. The four
systems within the left column are equivalent, i.e., any one
system can be made into another simply by multiplying observa-
tions ony,, ¥y, Or g by -1 prior to calculation of the correlation,
and mmuarly for the systems within the right column. However,
it is not possible to multiply Yy Yo OF B by -1 to change a
system from the left column intdo a system from the right column.

y; and y, are positively correlated with each other (system
la in Figure 1), then Corr(g;,g;) = 0.62 (from (11)). How-
ever, if y; and y, are positively correlated with g;, but are
negatively correlated with each other (system 2a), then
the precision of the index is substantially higher (Corr
(g¢,8y) = 0.85). Initially, this may seem counter-intuitive:
that only the absolute value of the correlation between y;
and y, should be important, but not the sign. The sign
can be changed simply by multiplying all measurements
of either y; or ys by -1 before calculating their correla-
tion, and this does not change the degree of relationship
between the two variables. However, this considers only
the pair of indirect observations y; and y,, while we must
be concerned with the system of 3 correlations among
the three random variables y;, y; and g;.

The remaining six possible systems of correlations in
figure 1 are all equivalent to one of the two just described
(1a or 2a) and can be obtained by multiplying one of the
three random variables by —1 prior to calculating the cor-
relations. For example, if the correlations between y; and
g, Yo and g, and y; and y, are —0.5, +0.5, and —0.3,
respectively (system 1b, Figure 1) then Corr (g;,8;) = 0.62.
If all observations of y; were multiplied by —1, the
resulting system of correlations would be equivalent to
the system with all positive correlations among all three
traits (system 1a, Figure 1). Note, however, that no
manipulation of variables can make system la equivalent
to system 2a; they are fundamentally different, as reflect-
ed in the fact that Corr (g,,8,) is different. An important
implication of this for investigating the interaction of the
three correlations in (11) is that without loss of generality,
we can arbitrarily assume that both indirect observations
are positively correlated with g;, and thereby only need
to investigate systems la and 2a in Figure 1; these are
the only ones fundamentally different.

One way to investigate the factors influencing (11) is
to graph Corr(g,,8;) across the ranges of each of the three
correlations on the right-side of the equation; however,
some hypothetical sets of correlations among y,, ys and g;
do not define a system of correlations in the sense that
that set can never occur among three random variables.
As an extreme example, if both y; and y, have correla-
tions of 1 with g;, then a correlation of 1 betwen y; and yp
is the only permissible value that defines a system of
correlations. If bothi y; and y, have correlations of 0.9
with g, then only correlations greater than 0.62 between
vy and y, are permissible. To be a system of correlations,
the symmetric matrix formed by putting ones on the
diagonals and the correlations in the appropriate ofi-
diagonals must be positive definite (SearLe, 1966) and
therefore have only positive eigenvalues. Thus, for this
example, the 3 x 3 matrix with the three correlations
above and below the diagonal of ones can be checked
for positive eigenvalues to ensure that the set defines a
permissible system of correlations.

For two indirect observations in an index, we defined
(without loss of generality) both to have positive geno-
phenotypic correlations with the target genetic value and
investigated Corr(g.8;) for permissible systems of correla-
tions among the three random variables. Figure 2 shows
the pattern for the case when the genophenotypic correla-
tion between y; and g; is 0.5 and the pattern is similar
for other levels of this particular correlation. Note that
many systems of correlations result in an index with
precise predictions; for example, seven systems shown in
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Figure 2 result in Corr(g;,g;) = 0.8. Remember that these
systems are theoretically possible, but some may be bio-
logically unlikely.

While the pattern is somewhat complicated, several
conclusions can be drawn. First, adding a second trait to
an index always results in better (i.e., more precise) pre-
dictions than using one. This can be seen by noting that
when using one indirect trait, the Corr(gg;) is equal to
the genophenotypic correlation (see 10 above) and that
all values of Corr(g,8,) in Figure 2 are above 0.5 (the
genophenotypic correlation between y; and g which is
held constant for all points in Figure 2). Second, when
the phenotypic correlation between y; and yz is zero (zero
on the x axis), the value of adding y, to the index results
in progressively more precise predictions as y; (the second
indirect observation) becomes more strongly correlated
with the target genetic value. Third, when both indirect
observations have equal genophenotypic correlations with
the target genetic value (as can be seen be tracing the
curve for Tgpye = 0.5 in Figure 2), Corr(g;,g;) increases as
the phenotypic correlation between the two indirect
observation decreases. This is analogous to the multi-
collinearity problem in multiple linear regression: when
two regressors are highly correlated, adding both var-
iables to the regression model does not greatly increase
the coefficient of determination. Heuristically, variables
that are both correlated with the target and highly cor-
related with each other are ‘redundant’. Two variables
which are uncorrelated with each other are not ‘redun-
dant’, i.e., the second variable contains only ‘new’ infor-
mation about the target trait. A fourth concept (seen by
tracing the curve for ry.,2 = 0.0 in Figure 2) is that
adding a second indirect observation that is uncorrelated
with the target genetic value can increase the precision of
the predictions if it is correlated (and therefore provides
information about) the first indirect observation. There-
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Figure 2. — Correlation between true and predicted genetic

values of the target trait (Corr(gt,gt)) for different levels of
phenotypic correlation between the indirect observations [ryl:yz)-

For simplicity of display, the genophenotypic correlation between
g, and y, (rgt'yl) is assumed 0.5. The curves represent different

levels of genophenotypic correlation between 8; and ¥g (tgt-y2)’
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Figure 3. — Correlation between true and predicted genetic

values of the target trait (Corr(gt,gt)) for different numbers of
indirect observations in an index and different phenotypic cor-

relations (ryi:yj) among the indirect traits. For simplicity of

display, it assumed that all indirect observations have a geno-
phenotypic correlation of 0.5 with the genetic value of the target
trait and that all phenoypic correlations are equal among pairs
of indirect traits.

fore, indirect observations with low genophenotypic cor-
relations with the target genetic value should not be
discarded automatically; they may contribute significantly
to the predictive ability of the index.

Predicting One or More Target Genetic Values from Mul-
tiple Indirect Observations

As more indirect observations are added to the index,
the concepts are similar to those observed with two indi-
rect traits. For example, Figure 3 illustrates the restricted
case of all indirect observations having genophenotypic
correlations of 0.5 with the genetic value of the target
trait. When three indirect observations are included in an
index, the precision is extremely high, Corr(g,,8;) is nearly
0.9, if the traits are uncorrelated. However, adding meas-
urements of three or four indirect traits to the index is
not appreciably better than an index with one indirect
observation if the three or four traits are highly corre-
lated. The importance of low phenotypic correlations
among the indirect traits to be measured may have im-
portant implications for breeders searching for good com-
binations of traits to include in an indirect selection index.
It may be worthwhile to consider target traits as functions
of processes which are independent of (and therefore
uncorrelated with) one another. For example, dry matter
production in loblolly pine may be a function of both
nutrient uptake efficiency and nutrient utilization effi-
ciency (L1 et al., 1989). These two processes may be con-
trolled by different genes, and could be essentially un-
correlated with one another.

To this point, we have considered factors affecting the
precision of the prediction of a single genetic value, g;.



‘When predicting a linear combination of target genetic
values (an aggregate genetic worth, w), the interrela-
tionships among the factors contributing to precise pre-
dictions become even more complex. Thus, it may be dif-
ficult, if not impossible, to determine a priori the relative
values of several indirect observations. It will likely be
necessary to try all possible combinations of these in a
systematic fashion to determine an index with a combina-
tion of observations that results in precise predictions.
In fact, there may be several combinations of indirect
observations that all result in nearly the same precision.
In this instance, the determining factors may be cost or
time of measuring different traits, the ease of obtaining
precise values of different observations, the precision of
associated parameter estimates, or whether the prediction
equation seems biologically meaningful.

Limitations of Selection Index Approach for Indirect
Prediction

Since no new theory has been developed, the limita-
tions and disadvantages of using selection indices for
indirect prediction are the same as for direct prediction.
Foremost is the fact that economic weights, and the
genetic parameters (phenotypic and genetic variances and
covariances) in C and V are assumed known, when in fact
they must be estimated. Most research on the effects of
using paranseter estimates in place of true parameters
has been based on mass selection for multiple traits
(WiLLiams, 1962a, 1962b; Harris, 1963, 1964; Sares and Hiri,
1976; BuLmEeR, 1985; Baker, 1986). Simulation studies com-
paring index selection using indices with “true” para-
meters to indices with “estimated” parameters indicate
that relative rankings of candidates are more stable to the
use of estimated parameters than are the predicted genetic
values themselves. That is, the candidates may be ranked
quite well even when the predicted genetic values are
very different from the true genetic values. Thus, the
actual selections made are less affected (and therefore
the actual gain achieved is less affected) than the amount
of gain predicted based on the estimated parameters and
predicted values. Because most previous research has
been based on indices from mass selection, new research
is needed to investigate the efficiency of indices based
on parameter estimates from expernimental designs im-
portant in forest tree improvement, especially indirect
selection.

Selection index and best linear prediction maximize
Corr(g;,8;) only among all possible linear combinations of
the data (Henperson, 1963, 1984; Burmer, 1985; Waire and
Hopce, 1989). There may be non-linear functions of the
data that predict genetic values with a higher correlation
with the true genetic values and their use would result
in more gain. However, if the joint distribution of y and g
is multivariate normal, then selection index is best among
all combinations of the data, both linear and non-linear
(HenpDERsoN, 1963, 1984; Burmer, 1985). Many of the vari-
ables used in forest tree breeding are measured on a
continuous phenotypic scale (such as height), and often
family means are used as observations which are ap-
proximately normally distributed according to the central
limit theorem. Thus, for many traits in forestry, this
is not likely to be an area of concern. However, some
problems may occur with traits which are not normally
distributed, for example certain biomial traits such as
disease resistance. Even with binemial traits measured 0

or 1 on an individual tree basis, if parental breeding
values are predicted from family means averaged over
many individuals, the distribution of these family means
approaches normality. The problem would occur in pre-
dicting the breeding (or total genetic) value of a specific
individual with 0,1 data.

Derivation of selection index formulae assumes balanced
data, i.e., that the exact same quantity and quality of in-
formation is available for each candidate for which a
genetic value is being predicted; thus, the same index is
assumed appropriate for all candidates. This is quite un-
likely in direct tests for a trait such as harvest-age vol-
ume in the field, since mortality within tests, and even
loss of entire tests, is possible. Balanced data are more
likely in indirect selection, for example in short-term
tests in a greenhouse; but data mady vary in precision
among runs of the greenhouse test. If data are unbalanced
or vary in quality, best linear prediction (BLP) can be
used to calculate a different selection index for each can-
didate or class of candidates having different kinds of
data (Wuite and Hobcg, 1989). For the purposes of
planning testing strategies and examining which traits to
include in an index, an assumption of balanced data can
be made. Then, alternative testing strategies can be com-
pared for how precisely they predict the target trait by
use of a single index for each alternative.

Another limitation of using the correlation between
predicted and true genetic values (Corr(g;g;) is that it
does not consider all important factors affecting the use
of indirect prediction and selection, and therefore should
not be the only criterion used in evaluating alternatives.
The breeder must consider factors such as length of
testing, cost of various alternatives, the selection inten-
sity which could be applied, etc. For example, the selec-
tion intensity achievable in an indirect (say greenhouse)
test may be considerably higher than in a long-term field
(i.e., direct) test because more families can reasonably be
screened. However, use of Corr(g;,8;) provides the basis
for an objective technique to evaluate alternative strate-
gies using a criteria of primary importance, i.e., precision
of prediction. It can be calculated for prediction of a
single target trait (4) or any linear function of several
target traits (3).

Conclusions

Selection index and best linear prediction theory both
apply equally well to direct or indirect testing for pre-
diction of genetic values. If selection index values are to
be used to rank candidates and make selections, then a
variety of different testing schemes can be compared on
an equal basis. Since all testing schemes are directed to
predicting the same target genetic value, all schemes can
be compared using the genetic gain or the correlation be-
tween true and predicted genetic values (Corr(gg)).
Corr(g,g;) can also be thought of as the standardized
gain, i.e., gain per unit of selection intensity and per unit
of genetic variance in the target trait. The marginal ad-
vantage of adding -additional indirect traits to an index
can be determined by calculating the marginal increase
in Corr(g;,8;).

From this study, the precision of an index of indirect
observations (i.e., Corr(g,8;) can be increased substanti-
ally by adding traits that are either 1) weakly correlated
with indirect traits already in the index and strongly
correlated with the target genetic value, or 2) strongly
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correlated with indirect traits already in the index and
weakly correlated with the target genetic value. Heuris-
tically, adding this second type of trait to an index indi-
rectly provides information about g; through additional
information on the other indirect trait. For multiple trait
situations, the complex interrelationships among variables
can make it difficult to evaluate a priori the marginal
increase in Corr(g;,8;) from the addition of a particular
trait, thus incseasing the value of an objective measure
of precision of prediction. It may become necessary to
calculate Corr(g;,§,) with all traits, and systematically
delete traits or combinations of traits to identify an
optimum index. This is analogous to a stepwise or all-
possible combination approach to building regression
models. This method has limitations, but it does allow
assessment of the precision afforded by a wide range of
testing strategies, and can serve as the basis for more
complex analyses.
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