


ABSTRACT

McCUTCHAN, BARBARA GALE. Design Efficiencies with Planned and Unplanned

Unbalance for the Estimation of Heritability in Forestry. (Under the

guidance of DRS. GENE NAMKOONG and FRANCIS GIESBRECHT.)

The main objective of this study is to compare the efficiencies

for heritability (h2) estimation of randomized block designs with half

sib family structure in cases of both planned and unplanned unbalance.

Designs are compared based on the variance of heritability (var{h2),

calculated according to the Minimum Variance Quadratic Unbiased Esti-

mates of the variance components for a given set of variance components;

a more efficient design yields a lower var{h2) when compared to another

at a given h2• The effects of block size, plot size, family size, vari

ance of family size, and total number of observations are evaluated

at four levels of h2, four levels of survival and two types of variance

component sets.

Block size is studied assuming a given set of variance components

regardless of size. At 100% survival, designs with 40 25-tree blocks

have at most a 3% efficiency cost relative to those with 20 50-tree

blocks. The designs with larger blocks are also better buffered to

loss than those with small blocks, therefore also being more efficient

over h2 with up to 40% random loss of individuals.

The designs with single-tree plots (STP) are always so much more

efficient than those with two-tree plots (TTP) that, despite being less

buffered to loss, remain more efficient with up to 40% loss. The STP .



designs are also insensitive to the magnitude of the variance components

comprising a given h2.

On combining the effects of blocks and plots, designs with smaller

blocks and STP are more efficient at all levels of survival and h2

studied than designs with larger blocks and TTP. Extended design com

parisons indicate that the optimum block-plot combination is that with

few large blocks and STP.

Designs with 100 families of 10 trees apiece are more efficient

at h2 ~ .33, whereas designs with 50 families each of size 20 are more

effectual at h2 < .33, the larger families being better buffered to

loss than the smaller families. Based on several family sizes, it is

apparent that there is an optimal family size for minimizing var(h2)

at a given h2•

Designs with variable family sizes provide a lower var(h2) at

low h2 than designs with equal family sizes. The variable family size

designs are better buffered to loss at moderate to lew h2 than equal

sized family designs, although the mean var(h2) value from the variable

family size design is sensitive to sampling with respect to the number

of independent samples per level of loss.

The lOOO-observation designs yield var(h2) values that are better

(less) than· the criterion of std(h2) = .1 for h2 ~ .2 and CV(h2) = 50%

for h2 ~ .2, except at h2 = .1818 (and h2 = .0198) and 60% survival.

The SOD-observation designs produce var(h2) which are frequently above

the criterion except at h2 = 1.0 and all survivals.

Design flexibility is enhanced by the ability to use planned un

balanced designs. Utility of efficient maximum likelihood estimators



is afforded by the recent computational methodology. Based upon the

above results, STP in large blocks are recommended if plots within

blocks have small homogeneous variances--smaller blocks if the above

is not possible. Recommendation of a particular family size depends

upon the portion of the h2 range in which estimation interest lies.

Five hundred observations are insufficient to achieve the set standard

on estimating h2• One thousand observations will achieve this standard

if survival is at least 80%.
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INTRODUCTION

The Situation

Variance components or functions of them estimated in forestry

are usually derived from experiments whose main objectives are to create

a base population for selection and to rank families based on general

combining ability (Talbert 1979). Variance components are consequently

estimated from designs originated to test fixed effects. The experi

mental designs often employed by tree improvement cooperatives in North

America are randomized complete block designs, exemplified by the North

Carolina State University-Industry Cooperative Tree Improvement Program

and the Western Gulf Forest Tree Improvement Program. These have 6

to 10 blocks with 6- to 10-tree row plots, replicated over 4 environ

ments with 30 to 50 genetic entries, respectively (Talbert et al. 1981,

Lowe and van Buijtenen 1981). The lower priority of variance components

estimation in practical breeding programs does not, however, indicate

their irrelevance or a general satisfaction with current designs or

estimation procedures (Namkoong 1981). Based upon variance component

estimates, estimates of heritability and gain from direct and indirect

individual, family, within-family and index selection are made (Namkoong

et ale 1966, Bridgwater et ale 1983), indicating a selection strategy

by which to best improve the trait(s) of interest (Weir and Zobel 1975).

Expected efficiencies of mating designs are derived to ascertain the

choice for next-generation selection (Namkoong and Roberds 1974, van

Buijtenen 1972).
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The evaluation of family field design allocations for the estima-

tion of variance components or functions thereof has previously been

limited by analytical procedures and practical considerations to bal

anced designs. Stonecypher (1966) evaluates the design efficiency of

the Loblolly Pine Heritability Study for the estimation of the family

variance component. Based on the analysis of variance method for one-

year-old height. he concludes for the open-pollinated study that the

coefficient of variation of the family component could be lowered by

using more smaller blocks (4 instead of 2 per location) with smaller

plots (15 trees instead of 25).

Even in the case of 100% survival. balanced experimental designs

are not necessarily the most efficient means to estimate particular

variance components. Planned unbalanced designs are advocated as a

means of redistributing degrees of freedom in a nested design for more

efficient estimation of an array of components (Anderson 1965). Planned

unbalanced designs are evaluated for the estimation of heritability

(h2) using incomplete block designs and Minimum Variance Quadratic Un

biased Estimates (McCutchan et al •• Appendix A). The design considera-

tions are directed to perennial crops in general. not necessarily just

forest trees. Under 100% survival. planned unbalanced designs with

20 blocks of 50 trees each provide variance of h2 (var(h2» less than

a particular criterion. the association of families among blocks is

inconsequential. and designs with variance on family size provide lower

var(h2) at h2 ~ .25 than designs with equal family size.

Given the longevity of forestry trials. 8 to 50 years. mortality

or loss of trees and/or plots can generally be expected to occur. The
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mortality distribution for any given family is unknown (Marilyn Buford,

pers. comm.). Five to 10% loss of trees is expected in a Pinus taeda

L. genetic trial after one year in the field, with 20% to 30% loss

occurring by age 10, depending on the severity of fusiform rust (Cronar

~ guercuum f. sp. fusiforme) infection (R. J. Weir, pers. comm.).

The robustness of the variance component estimates from a field design

to loss, as well as the integrity of the estimation procedure to un

balance are consequently desirable.

Information on designs and estimation procedures for variance

components is given in the next section, followed by a statement of

the research questions for this thesis.

Designs and Estimators for Unbalanced Data

Unbalanced data are data which have an unequal number of observau

tions in at least some level of classification. Planned unbalance is

the intentional institution of unbalance into the original construct

of the experimental design. Such planned unbalance has been applied

to nested and cross-classified designs to obtain lower variance on vari

ance component estimators (Crump 1954, Goldsmith and Gaylor 1970, Gaylor

and Anderson 1960, Muse and Anderson 1978). unplanned unbalance is

the loss of observations from the constructed design, regardless of

cause. The causes of unplanned loss can be numerous, including frost

damage, browsing, flooding, accidental herbicide or mechanical damage

and insect attack.

The status of designs for estimating variance components is

reviewed by Anderson (1975, 1981). Planned unbalanced, as indicated,

is evaluated for both nested and cross-classified designs. Owing to



the blocked structure in fcrest experimental designs. the literature

review will focus on cross-classified designs.

Muse and Anderson (1978) evaluate a series of planned unbalanced

designs for variance component estimation in a two-way model without

interaction. where y .. = n.. (~+r.+c.+e.. ). These designs are Bush's
lJ lJ 1 J lJ

S-design (1962). a modified S-design. L-design (Gaylor and Anderson

1960). a balanced design. an off-diagonal design and four versions of

the disconnected balanced disjoint rectangles design (Gaylor and Ander

son 1960). The total size of each design is either 36 or 37 observa

tions having either zero or one observation (n ij ) per row-column cell.

Based upon the iterative least squares procedure. asymptotic variances

(AV) associated with maximum likelihood estimators of the components

(a;. a~. a~) are calculated. Designs are compared for component values

a~ = 1. and a; and a~ ranging from 0 to 8 based upon the criterie

trace(AV). var(;;). var(;~) and var(a2). where a2 = a; + a~ + a~. The

"best ll design depends upon the criterion and the values of the variance

components. For exampl~. based on the var(a2) criterion. the off

diagonal design is generally superior. If trace(AV) is the criterion

and 0
2 is the dominant component, then the bal~nced d~sign is the beste

design. If a~ is not the dominant compon~nt, then there is no larg~

advantage of anyone of the unbalanced designs, except with the off

diagonal where 0
2 and a2 are large. In their comparisons ther c

off-diagonal design has 18 levels per main effect, with 2 observations

per level, while the balanced design has 6 levels per main effect with

6 observations per level.

4
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Balanced s disconnected balanced disjoint rectangles and off·

diagonal designs are evaluated in a· two-way crossed model including

interaction (Thitakomol 1977), extending the work of Muse and Anderson

(1978). There are 50 to 72 total observations per design, with nij
= 0, 1, or 2. As with Muse and Anderson1s results (1978), based on

the trace(AV), the balanced designs are best when a; and cr~ are small,

the disconnected balanced disjoint rectangular s when either 0
2 or cr2r c

is large, and the off-diagonal design, when both cr~ and a~ are large.

Mu~e et al. (1982) conclude that prior information of the'magnitude

of each component relative to cr~ is desirable for the selection of a

good design for the estimation of variance components.

Haile ar.d Webster (1975) consider the tWQ-way crossed model, with

out interactions with equal numbers of ievels for the row and column

effects for a tutal number of observations of 50, 100 and 200 s nij = 0

or 1. The disjoint rectangles designs L-shaped, backed-up generalized

design and balanced incomplete block designs are evaluated. Based on

finding a design with the lowest variance of cr2, they conclude that
r

the choice of des'ign is nlinor compared to the choice of levels, which
2 2itself is a function of PR =crr/cre.

The topic of variance component estimators is reviewed (1971)

and detailed (1979) by Searle. With balanced data s estimators obtained

from the analysis of variance method are uniformly minimum var'iance

quadratic unbiased translation invariant under arbitrary kurtosis (Ander

son et ale 1984). With unbalanced data, regardless if planned or un-

planned, analysis of variance type methods s in particular Henderson1s

Methods 1, 2 and 3 (1953), retain only the unbiased property. There
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is no rationale for d~termining which sets of quadratic~ are in any 4It
sense optimal (Searle 1971).

Hartley and Rao (1967) develop maximum likelihood (ML) equations

for the mixed model, assuming that the observations come from a multi

variable normal probability density function. Estimates of fixed

effects and variance components are obtain~d simultaneously. The ML

estimators maximize the likelihood function, defined over the parameter

space. The maximum l·jkelihood equations must be solved iteratlvely.

In a simple random sample, the ML estlmator of the variance component

is biased. Large sample variances for the ML estimators of variance

components are given (Searle 1970). He also shows that the covariance

of fixed and random components is zero and that the variance matrix

of fixed effects is as it would be if variance components were known.

Patterson and Thompson (1971) proposed the Modified Maximum Like.

lihood (MML) method, a procedure that constructs the likelihood based

upon only the error contrasts, i.e., contrasts in the space free of

the fixed effects, contrary to ML which uses all the observations.

In a sense the degrees of freedom associated with estimation of fixed

effects aY'e accounted for. As with ML, MML equations must be solved

iteratively. The MML estimator of the variance component in a simple

random sample is unbiased. Both ML and MML estlmates are translation

invariant, i.e., variance component estimates do not ~hange as the means

of the fixed effects change.

MInimum Norm Quadratic Unbiased Estimation (MINQUE) (Rao 1970,

1971, 1972) yields estimates which are unbiased, translation invariant.

They are obtained by minimizing the Euclidean norm of the difference
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between unbiased, translation invariant estimator and the natural esti-

mator. No distribution is assumed, although weights or prior values

are necessary to estimate the variance components. Iteration of MINQUE,

assuming normality yields MML, provided that no negative values are

encountered. These estimates are asymptotically normal (Brown 1976).

The MINQUE are quadratic functions of the data which depend on

a set of prior values or weights. If these prior values are propor

tional or equal to the true variance components, then the results can

be shown to be MInimum Variance Quadratic Unbiased Estimates (MIVQUE).

Although MIVQUE are not available 1n practice, they provide a standard

that can be used to evaluate alternative experimental plans.

Analysis of variance (AOV), MIVQUE, MML and ML estimators of vari

ance components are compared by Monte Carlo simulation in a one-way

model for biases and mean square errors (MSE's) (Swallow and Monahan

1984). They show that the ML estimator has a strong downward bias

(greater than 10%) for the among-groups variance component. The MSE's

from ML are consequently low. As the number of groups increases, the

bias becomes negligible. The AOV estimators are concluded to be ade

quate unless the data are severely unbalanced and the among-group com-

ponent is greater than the within-group component. With balanced data,

the AOV, MIVQUE and MML estimates are identical (Harville 1977).

The choice of estimation procedure was previously based on calcu

lating ease, despite the properties of various procedures (Bush and

Anderson 1963). The maximum likelihood type estimators and MINQUE in-

valve the inverse of the symmetric positive definite variance matrix

( V ) of the observations ( Y ), where n is the tctal number of
nxn nx1
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observations. Calculation of the inverse involves a large computational

burden, as reviewed by Giesbrecht (1983). A geneY'al computing algorithm

is developed (Giesbrecht 1983) which uses a modification sweep algo-

rithm, commonly used to solve normal equations. It eliminates the need

for actually inverting any large matrices.

Research Questions

The experimental designs used in forestry and other perennial

crops are some form of blocked experiments, usually blocking on soil

related variation. Many experiments are replicated over environments

to estimate genotype by environment interaction. A relatively simple

model is examined in this thesis. The experimental design is a random-

ized block design at one location using either single- or two-tree con

tiguous plots, planted out on unit spacing. Heritability is a function

of variance components based on estimates of unrelated half-sib family

variation. The criterion of design comparison is the variance of h2

(var(h2)), calculated for a given set of true variance components using

MIVQUE. The design comparisons are a five-way factorial arrangement

of block size, plot size, family size, variance on family size, and

total size effects. Each design profile of var(h2) across the range

of h2 (zero to one) is calculated. Designs are compared to a particular

standard criterion of estimation and also to other designs, where the

design with the lowest var(h2) across the range of h2, or portions of

the range, is desired. The portion of the h2 range of pertinent inter

est to a given breeding program depends upon the traits of interest

and their heritabilities. These designs are compared under 100%, 90%,

80% and 60% survival and for two different sets of variance components
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that yield the same h2• A comparison of MML and ML results is also

given.

The total number of observations used per location in forest

genetic tests varies: 14000 trees for the Loblolly Pine Heritability

Study (Stonecypher 1966), 1224 to 1764 for the N.C. State University-

Industry Cooperative Tree Improvement Program's second generation

genetic tests (Talbert et al. 1981), 960 trees for the Lake States Jack

Pine Breeding Program (Riemenschneider 1981). A total of 1000 observa

tions (n) is studied here and is contrasted with n=500 to address the

following questions:

(1) Do design allocation efficiency rules differ depending upon

the total size?

(2) Do n=1000 or n=500 designs evaluated for var(h2) conform

to a particular standard criterion of estimation?

(3) If a particular n=1000 design allocation yielded the desired

var(h2) profile, but only 500 observations could be used,

which block-plot-family allocation(s) will achieve a similar

profile?

Block sizes are determined by land availability, site heterogeneity

and management. Few large blocks of land require less administration

than a larger number of smaller blocks, particularly if the smaller

blocks are noncontiguous. Small blocks may, however, allow for closer

blocking on site heterogeneity. The actual use of smaller blocks to

ensure proper blocking is based therefore on the trade-off of design

efficiency and land acquisition/maintenance.
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The effect of block size is examined as it affects design effi-

ciency, comparing designs, regardless of size, based on the same set

of variance components. The questlon addressed here is:

(4) Assuming that lands can be acquired where randomized block

designs with different sizes of blocks can be laid out and

in each case the same magnitudes of variance component~ can

be found with the cost of achieving this increasing with

block size, are the designs with a larger number of smaller

blocks more efficient for estimating h2 than designs with

fewer but larger blocks?

Single-tree plots (STP) and two-tree plots (TTP) are design attri

butes investigated for efficiency in estimating h2• Single-tree up

to ten-tree row plots are used in the tree improvement cooperatives

across North America (Guries and Kang 1981) with the objective of esti

mating family means and/or doing advanced generation selection. A

statistical attribute of using the multiple-tree plot is that even with

loss of individuals, as long as no plots are lost, an analysis of vari

ance (AOV) on plot means can be performed. The piot mean data are

balanced. The MML method allows computation on individual observations

with or without balanced data, giving AOV estimatcrs if balanced. Prop

erties of MML estimators are not contlngent on the state of balance

as those from AOV are. McCutchan et ale (Appendix A) evaluate the effi

ciencies of designs with STP and TTP fer two family sizes, one block

size, n=1000 and 100% survival, finding that STP designs are more effi

cient for estimating h2 across its range than TTP designs. Here, the

following questions are addressed for different biock sizes, family
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sizes. variance on family size. tetal number of observatlons and random

loss:

(5) Is a design with STP more efficient than a design with

multiple-tree piots (MTP) for estimating h2?

(6) Under sit~ations of loss are MTP more efficient than those

with STP? In particular. does the occurrence of loss justify

the use of MTP?

Considering the combined effects of block and plot sizes:

(7) Is it statistiGally more efficient to use designs with STP

and "b" blocks than to put OLit designs with TTP and Ib/2"

blocks?

The size and number of families on design efficiency for estimat

ing h2 is investigated fer n=1000 (McCutchan et al •• Appendix A).

Single-tree piot designs with 100 families each of size 10 are more

effitient f0r h2 > .33 compared to 50 families each of size 20. De

signs with families of equal size (100 families of equal size 10) are

more efficient at h2 > .25 than those wittl families of variable size.

where the variance in family size is generated by a binomial distribu

tion. The authors state that there is an asymmetric response ft'om the

larger sized families in the variable family size distributions. They

suggest the eval~ation ef even larger variance on the family size

(var(fs)) fur a large number of fanlilies as a means of achieving a de

sign with desirable efficiencies across the range of h2• In this study.

the effects of family sizes and an expanded level of var(fs) for several

sized families are examined with random less of individualS.
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(8) Is the design efficiency comparison of 50 families of equal

size 20 to 100 families of equal size 10 across the range

of h2 changed with the occurrence of random loss of indi-

viduals?

(9) Does efficiency of variable family size designs compared

to equal size family designs increase at low heritabilities

if the var(fs) increases?

One of the main reasons for considering the use of small blocks

is to be able to block on or within the borders of a biologically impor-

tant environmental patch. For the major portion of the thesis, it is

assumed that fer each size of block, blacking can be done as described

above, each design yielding the same set of variance components regard-

less of size, and that effects are independently distributed. One

deviation from these assumptions is te consider how the variance com-

ponent estimates change depending upon which block-plot sizes are

employed on a given piece of iand. A demonstration of this effect is

constructed based on the failure of the independence assumption to held.

A model is proposed to study the effects of block and plot size

on vaY·iance component estimation, which assumes the correlation of error'

terms. For the model Yijk = ~ + eijk , there is an intrap10t, intrab10ck

and interb10ck correlation defined for the kth tree within the jth plot

within the i th block. Even in the absence of true block or plot effects,

the presence of such correlations results in b1eck and plot variance

component estimates, their magnitudes depending upon the block and plot

sizes employed. The heritabilities estimated, for a given amount of

genetic variat"ion, are defined by the block and plot partitioning of

the environment and the magnitudes of the correlations.
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METHODOLOGY

The Model

The designs studied are all randomized block designs containing

at most one contiguous plot per family, some of which are balanced.

Those which are not do not constitute randomized incomplete block de-

signs as such; no association classes have been planned necessarily.

It is assumed that each block is a random sampling of a particular site

type, such that inferences from the data will be limited to this en

vironmental type.

The statistical model for each design considered is written out

for multiple-tree plots. The notation and the computational methodology

for MInimum Norm Quadratic Unbiased Estimates (MINQUE) are after

Giesbrecht (1983). His procedure for variance component estimation

is written as a temporary Statistical Analysis System (SAS™) program

entitled Procedure MIXMOD.

The statistical model for each design considered is:

Y = ~ 1 + Us eS + UF eF + Up ep + eW
nx1 nx1 nxb bx1 nxf fx1 nxs sx1 nx1

where Y is the column vector of n observations; ~ is the overall mean;

US' UF and Up are design matrices pertaining to block, family and plot

effects, respectively, with all elements equal to zero or one (where

there are b blocks, f families and s filled combinations of the families

and blocks); for single-tree plots, Up is the identity matrix of size n;



..

14

es' eF, ep

variables,
2 2

IfO'F' IsO'p

The

and eWare independent column vectors of independent random

each with zero mean and variance-covariance matrix IbO'~'
2and InO'W' respectively.

variance-covariance matrix for the vector of observations

(Y) is:

I 2 I 2 I 2 2
V(Y) = USUSO'S + UFUFO'F + UpUp0 p + InO'W '

222 2where O'S' O'F' O'p and O'w are the variance components due to the block,
I

family, plot and within-plot effects, respectively. Letting V. = U.u.
1 1 1

and for convenience Vw = In' V(Y), based on the parameters, can be re-

written as:

(1)

It is assumed that the f families chosen are a random sample of

the reference population, that those trees planted are all to be

assessed save for those lost and that blocks of different sizes are

placed on different parcels of land such that for a given set of vari

ance components (O'~, O'~, O'~, O'~) I different sizes of blocks and plots

can be compared.

Estimation of Variance Components

When the variance components are unknown, MINQUE of them can be

found as solutions to the equations (Rao 1971):

(2)i,j = S,F,P,W{tr(QaViQaVj)}{cr~} ,= {Y'QaViQaY}

where Q =v·1 - V-1 1(1
I

V-11)-1 1
1

V-1 V is V 2 in (Eq. 1) with thea a a a a' a
°'
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true variance components (cr~) replaced with prior values (ai ). 1 is

a nxl vector. and the symbol {ak} refers to a matrix whose values are ak•

The computational difficulty championed by Giesbrecht (1983) is

the inverse of Va' which is a nxn matrix. His method generates v~l

through which only an inverse up to the size of a sxs matrix is com-

puted. His procedure provides the elements for the right and left hand

side of equation (Eq. 2).

Variance of the Variance Components

If the variance components (cr~) were known. then (Eq. 2) with

V
cr2

of (Eq. 1) replacing Va in Qa (now Q
cr2

) represents equations for

MIVQUE (as~uming normality for each effect). The variance-covariance

matrix for the resulting estimates of the components (cr~ cr~ cr~ cr~)1

would be:

i.j = B.F.P.W. (3)

The dispersion matrix (3) of the variance components is a function of

the variance components themselves plus the design matrices (U i ). It

is therefore possible to calculate this dispersion matrix for a given

set of true variance components and a design. The observational values

(Y) are not needed to calculate the dispersion matrix for the variance

components.

Heritability is the total additive genetic variance of the infer

ence population divided by the phenotypic variance of individuals in

that population. It is assumed that unrelated half-sib families are

generated by some mating scheme involving randomly chosen trees from

the population and that. based on the covariance of half-sibs. the
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variance of these families (a~) is equal to one-fourth of the additive 4It
variance (a~) plus additive epistatic terms. Assuming that these epis-

tatic terms are negligible, the additive genetic variance is estimated

as 4a~. The phenotypic variance of the individuals involves all the

genetic variance (a~) plus environmental variance (a;). The experi-

mental error term a~ is the plot-to-plot environmental variation plus

t(a~ - a~), for t trees per plot (Namkoong 1979). The term a~ is the

variation of observations in the same microsite plus ((t-1)/t)(a~ - a~).

The tutal phenotypic variance (ai) is a~ + cr~ + a~. Heritability is

then calculated based upon this experimental structure as:

(4)

Since variance component est-jmatiun is based on the experimental design e
in only one environment, any environment by additive genetic interaction

variance is confounded with the estimate of a~. For i·nferences only

on this site type, such an estimate is appropriate. The variance of

the estimate of h2 can be approximated by the variance of a ratio using

a Taylor's series expansion:

(5)

The computation of var(h2) is based on the calculation of var(X),
A

cov(X,J) and var(Y) from the dispersion matrix (Eq. 3). The values

of X and Yare calculated from the set of variance component parameters.

The approximation of var(h2) relies on large sample theory.

The var(~2) is invariant to any proportional scalings of the vari-
A A

ance component set, as can be seen by taking var(aX/aY) = var(X/Y) =
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var(h2). Sets of variance components which do not differ by a constant

multiple are examined. For balanced designs without loss, the var(h2)

based on MIVQUE is the same as that based on the AOV, but not otherwise.

Applicability of St~dy Approach

The var(h2) is based on minimum variance quadratic unbiased esti-

mates, which cannot be obtained in practice. The variance components

are unknown and must first be estimated. The formula for the asymptotic

variance-covariance matrix of the MML estimates is identical to Eq. 3.

The MML estimates are obtained by iterating the MINQUE algorithm. The

comparison of designs based on MIVQUE is close to that which can in

practice be estimated with MML. Sinc~ the components themselves are

estimated in MML, the var(h2) also is estimated rather than calculated,

as it is for MIVQUE.

Maximum likelihood estimates can be obtained by iterating a modi

fied MINQUE algorithm. Design efficiencies are presented based on the

variances of ML estimates and MIVQUE.

The Design Cube

The main designs studied in this dissertation are shown in Figure

1. Additional designs (Figure 2) are tested to examine extensions of

results found in comparison of designs designated in Figure 1.

The effect of block sizes on var(h2) is investigated for rela

tively small blocks of 25 trees, 50 trees, and then extended to 500

trees for 1000 observations. The magnitude of the block component has

a slight direct effect on var(h2) based on a given block size of 50

trees (McCutchan et al., Appendix A). The effect of different block
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sizes on var(h ) was not addressed. Blocks of size 50 and 25 trees

are studied in the main part of the study assuming that designs of these

two types are each planted on sites such that the sets of environmental

variance components are the same. The block effect is assessed by a

ratio of var(h2) from the 50-tree block to that of the 25-tree block

for a given size of families, plots, n and family size distribution.

McCutchan et ale (Appendix A) report that with 100% survival STP

are always more efficient for estimating h2 than TTP, considering

n=1000, 20 blocks and var(fs) = O. Single-tree plots (STP) and two-tree

plots (TTP), each randomized within blocks, are evaluated for design

efficiency in estimating h2 under random loss and different levels of

n, blocks and var{fs). Five- and ten-tree plot designs are also con

sidered (Figure 2). Design comparisons are made comparing the var(h2)

from TTP to that of STP for a given block size, family size, nand

var{fs). Comparisons are also made assessing the trade-off between

larger blocks with larger plots and smaller blocks with STP. In the

case of STP, the plot and within-plot variance components are confounded

and estimated as the sum (cr~ + cr~). For calculating var(h2) only the

variance of this sum is required.

The effect of family sizes 20 and 10, with random loss of indi

viduals and an expanded level of var(fs) for several sizes of families,

is examined in which the var{fs) is proportional to the family size

mean (n) and the total size (n) (Table 1). The number of trees per

family in the variable family size designs is chosen such that TTP could

be employed. The effect of variable family size is examined for a total

of four family sizes that incorporates n=1000 and 500, for the different
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Table 1. Family distribution code. description of family sizes. total
number of trees (n). average family size (n). and variance
of the family size (var(fs)). The first digit of the code
refers to n. the second to the order of magnitude of var(fs).

Code Description n n var(fs)

5.0 100(5)1/ 500 5 0

10.0 100(10). 50(10) 1000. 500 10 0

20.G 50(20) 1000 20 0

40.0 25(40) 1000 40 0

5.1 62(2) + 37(10) + 1(6) 500 5 14.'9'S'

10.2 28(6) + 15(18) + 6(8) + 1(14) 500 10 29.55

10.3 62(4) + 37(20) + 1(12) 1000 10 59.95

20.4 38(14) + 11(40) + 1(28) 1000 20 119.02

1/ y(x) implies y families each with x trees per family.
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block and plot sizes (Figure 1). The effect of family size is examined

with an efficiency ratio of the var(h2) based on 50 families to that

of 100 families for a given block and plot size and equal family sizes.

The variable family size effect is investigated by an efficiency ratio

of the var(h2) from a given design allocation with var(fs) compared

to that with var(fs) = O. The precise assignment of each family to

a plot within a block will not be given. The particular family to block

allocation is inconsequential (McCutchan et al •• Appendix A).

Two different total sizes (n) are evaluated, n=1000 and n=500.

For the goal of assessing whether design rules remain the same for 1000

and 500 observations. design comparisons for each block. plot, block

plot, family and family size distribution are made at each n=1000 and

at n=500. To address the question of how best to reapportion design

allocations if a particular n=1000 design profile is desired but only

500 observations can be used. an unbalanced (planned) 20-block, 100

family, STP design (U.20.100.1) with average family size 10 and var(fs)

equal to 0 (10.0) is compared in an efficiency ratio with each n=500

design.

Design Notation

Each design is referred to by a hyphenated name, indicating the

planned state of balance, the number of blocks and families, the plot

size, and the family size and variance. The name for the design men

tioned above is U.20.100.1-10.0. The 'UI indicates a planned unbalance

design, in contrast to a 'B' for a planned balance design. Following

the IU', the first group of digits is the number of blocks, for this

design, 20. The second group of digits is the number of families (100).
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The third group of digits is the plot size (STP). After the hyphen

is the family distribution code (Table 1). The first group of digits

for the code is the average family size ("=10) and the second group.

the variance of the family size. equal to zero here. The total size

of the design (n) is equal to the number of families times the average

family size.

Designs Evaluated

Not all designs in the design cubes were possible. It is impos-

sible to place var(fs) on a balanced design (B.20.50.1 for n=1000. and

B.10.50.1 for n=500). With 25 trees per block or uniformly 5 trees

per family it is impossible to put out all TTP (U.40.50.2 and U.40.100.2

for n=1000. U.20.50.2. U.20.100.2. and U.10.100.2 for n=500. respec

tively).

Of the 21 designs evaluated in Figure 1. only 2 involve planned

balance. which indicates the increased flexibility gained in experi

mental design by being able to u~e var(fs) or a larger number of fami

lies or blocks than otherwise possible in a randomized complete block

design (RCB) of a given size.

Sets of Variance Components

Each of the designs is evaluated for efficiency at each of two

sets of variance components (a~ a~ a~ a~)I. defined by the magnitude

of u~ and a~: a~ = a~. and a~ > a~= .005. Each set is standardized

such that a~ = 1. which for a~ = 0 requires a~ ~ 1/3 (Eq. 4). The

block component is always equal to 2. As found by McCutchan et al.

(Appendix A). the block component does have an effect on the var(h2)
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through its presence in (Eq. 3); however, the effect is small and reacts

in a predictable manner. The var{h2) is invariant to proportional

changes in the variance component sets, such that the results are gen

erally applicable. The heritabilities chosen for evaluation are listed

in Table 2. The heritabilities chosen represent the extreme values,

where h2 is defined on the range zero to one, as well as areas of large

change in the var{h2) profiles (McCutchan et al., Appendix A). The

desi·gn profiles reported are smooth fLinctions. The effect of the vari

ance component set type on tile var{h2) profile of a given design is

assessed by a ratio of var{h2) from the type of o~ > o~ to that of cr~ 

cr~ for each design at a given h2 and survival rate.

The Loss Function

The effect of exactly 10%, 20% and 40% random loss is assessed

for each design. Each of the n observations has an equal probability

of being lost, without distinction made to its family, block or location

of plot. The var{h2) reported for each loss situation is the arithmetic

average of two independent samples where the variation among var{h2)

values is due to the sampling associated with surviving individuals;

only one sample is run for each 100% survival case.

In order to obtain random loss of individuals, each sample is

deterrriined by assigning a 9-digit number prime to division by 3, 5,

7, 11 and 13 as the seed number to a uniform distribution random number

generator (Paul Marsh, pers. comm.), thereby assigning a random number

between 0 and 1 to each observation. The n observations are sorted

in ascending order by this number and the first X% of the observations

is used in calculating the var{h2) for X% survival, where X = 90, 80



Table 2. Variance component sets evaluated, given

cr~ = 2 and cr~ = 1.

Variance Component Set Type

25

1.0000

.3333

.1818

.0198

.5

.1

.05

.005

.335

.09136

.04786

.005
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or 60. An initial trial showed that the results are sensitive to the

number of observations used; therefore. exactly X% of n observations

is used in each of the two samples. The var(~2) is found to increase

for a design as ttle number of lost observations increases. The relative

increas~ of this value with loss. or the buffering capacity to loss.

is measured by:

(6)

The buffering capacity of one design relative to that of another

can be assessed by how the design efficiency ratio changes with loss.

An increase in this ratio from loss indicates a larger increase in

var(h2) with the design in the numerator of the ratio than that in the

denominator.

Measures of Efficiency

The effects of block size. plot size. block and plot size. family

size. variance of family size and total experimental size are each

assessed for two sets of variance components at four levels of survival

across the range of h2• To examine anyone effect. the var(h2) from

each of two designs. which differ only in their levels of this effect.

are compared in a ratio. If the ratio is one. then one level of the

effect is just as efficient as the other level. If the ratio is greater

than one. then the design whose var(h2) is in the numerator of the effi

ciency ratio is less efficient. The efflciency ratio differs from the

efficiency defined by Fisher (1970. p. 314). In assessing the effi-

ciency ratios for each effect. the buffering to loss i5. discussed as

is the comparison of var(h2) to a particular criterion. This criterion
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is a composite criterion suggested by Namkoong and Roberds (1974) and

is adopted here in tet4 ms of the var( h2) profil e acy'oss h2• The com

posite criterion is based en a constant coefficient of variation (CV)

at moderate to high heritabilities and a constant standard error at

low heritabilities. The criterion is established on a CV = 50% =

((~var(h2VI h2) x 100% for h2 2: .2 and on std(h2) = .10 = yvar(h2)

"for h~ ~ .2 (Figure 3). The designs are compared in a ratio of the

var(h2) from the design to the var(h2) based on the criterion value

fer that h2• Ratios less than ene indicate sUitability of that design

for that given h2• Ideally, a design is sought whose var(h2) profile

falls beneath that of the standard across the range of h2.

Variance Component Sets Defined by
Block and Plot size

A model is proposed to describe the partitioning of random vari

ation between random single trees (a2) in a field ef size C by 0 into

a "bleck," "plot" and a "within-plot" term based on a correlation struc-

ture. The model illustrates one way of accounting for a change in the

values of the variance components if the block and plot sizes change.

The heritability appropriate to a particular partitioning of the

environment, consequently, is also accounted for. The model is:

Yijk = ~ + eijk (7)

where Yijk is the kth tree in the jth plot of the i th block. For sim

plicity, in this model, there are no true block or plot effects; blocks

and plots are treated as balanced entities and hence are analyzed in

an analysis of variance (AOV). Blocks and plots are also each assumed
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Figure 3. Criterion profile based on CV(h2) = 50% for h2 > .2 and on
std(h2) = .1 for h2 ~ .2.
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to be contiguous, a specific layout structure to be described later

in order to make calculations. The correlation structure is based upon

the followiny expectations:

,_ 2eijk J - a

2eijk ,) = PIa
2

E(e ..k' e .. I k I) = P2a
lJ 1J

2
E(e ..k' e. I .. k I) = P3a

lJ 1 J'

assuming PI > P2 > P3·

When plot~ are allotted to some particular designation of blocks,

then, based upon Eq. 7 and the expectations, the following AOV struc-

ture is obtained:

SOURCE df EMS-
Blocks b-l 2 2 2(l-Pl)a + t(PI-P2)a + pt(P2-P3)a

Plots b(p-I) 2 2(I-Pl)a + t(PI-P2)a

Within Plots bp(t-l) 2(l-Pl)a

where each type of correlation is its average value. Derivation of

the EMS for blocks is demonstrated in Appendix B.

With the addition of a family effect--assumed balanced for this

demonstration--the AOV includes an orthogonal partitioning due to the

family effect. Genetic effects are included in the plot and the

within-plot effects as previcusly discussed.



SOURCE df

Blocks b-1

Family f-1

Plot (b-1)(f-1)

Within Plots bf(t-1)

EMS-
2 t-1 2 [ 2 1 2(1- P1)a + (-r-)aGW + t (P 1-P2)a + fOGw]

+ tf(P2-P3)a2

2 t-1 2 2 1 2
(1- P1)a + (-r-)aGW + t[(P1-P2)a + tcrGW]

(1-P1)a2 + (t~1)a~w

30

2 2 2where f = p. and aGW = aG - aF.

Expressing the block. family. plot and within-plot variance com

ponents to their analogous functions in the above EMS:

Based on these correlations. heritability ;s calculated as:

2Assuming no dominance. h is calculated as
402

h2 = F
2 2 •

P 4aF + (1 - P2)a
(8)
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This equation (Eq. 8) is appropriate for STP or MTP. since for STP t =

1. then the within environmental effect is o~ = (1 - P2)02 + O~W'

The heritabilities studied here are those used in the main part

of the thesis; namely. h2 = 1.0. 0.3333. 0.1818 and 0.0198. which for

P2 = 0 define the values in Table 3.

The P2 in Eq. 8 is the average value of all interplot-intrablock

correlations of distance d. For this demonstration. the attenuation

model Pd = Ad is adopted. where A is the generating value ranging from

zero to one. d is unit distance between trees and Pd is the correlation

of two trees with d distance between them. The attenuation is assumed

symmetric with respect to direction about any given tree.

To be able to calculate P2 and hence h~. a specific field layout

is adopted portraying block and plot sizes used in the main part of

the thesis (Figure 4): 20 blocks. each of 25 TTP (Figure 4a(i)). 20

blocks. each of 50 STP (Figure 4a(ii)). and 40 blocks. each of 25 STP

(Figure 4b). The trial is laid out for n=lOOO as a 10-row by 100-column

rectangle (based on a lxl unit spacing). with 20 10-row by 5-column

blocks (Figure 4a) using either STP or TTP (whose direction is indi

cated). or 40 5-row by 5-column blocks using STP (Figure 4b).

The average correlations are weighted averages of all correlations

of a given type. weighted by the number of times that a particular dis

tance occurs. The distance defined using an (x.y) coordinate system.

where x = distance in columns and y = distance in rows. is d =~x2 + y2

This distance occurs with frequency a(Q-x)(m-y) where Q is the total

number of columns in that plot (always equal to 1). block or rectangle.

m is the total number of rows in that plot. block or rectangle and a



Table 3. Values of 0
2 and 0

2 used to
calculate h~ when P2 ;s nonzero.

h2
0
2

0
2

F

1.0000 .5 0

.3333 .1 .8

.1818 .05 .9

.0198 .005 .99

,.

32
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(a) 20 blocks of 50 trees apiece

100 column.

10 rows I{
--

5 columns

5 column. 5 column.

· · · · · T · · · · ·· • · · · · · · · ·· · · · · • · · · ·· · · · · · · · · ·· · · · · 10 · · · · ·· • · · · rows · · · · ·· · · · · 1 · · · · ·· · • · · · · · · ·· · · · · · · · · ·• · · · · · · · · ·
(i) 25 TTP (ii) 50 STP

(b) 40 blocks each with 25 STP

100 column.

5 row. t /
1\ /--5 column.

Figure 4. Hypothetical field layout for n=1000. The field layout
for n=500 is a lO-row by 50-column rectangle. with blocks
formed as shown for n=1000.
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is a counter, where a = 0 for (0,0), a = I for (x,O) or (O,y) and a = 2 ~

otherwise.

The average intraplot correlation (PI) is undefined for STP and

equal to A for TTP. The intrablock correlation for blocks of STP is

simply the weighted average of all correlations in that block. The

intrablock correlation for blocks with TTP is the weighted average of

all interplot correlations. The interblock correlation is calculated

in a similar manner, being the weighted average of all interblock cor

relations.

Heritabilities with nonzero P2 (h~) are calculated for A = .01,

.05, .10, .30, .50, .70, .90 and .99.

Modified Maximum Likelihood in Contrast
to Maximum L;kelihooa

Maximum Likelihood (ML) estimates differ from Modified Maximum

Likelihood (MML) in that MML estimates are based on a likelihood defined

for the error contrast5 while the ML estimates are based on a likelihood

defined for all observations.

The equations for ML estimates can be written in the form:

i,j = B,F,P,W.

In practice, one must resort to iteration in order to arrive at a solu-

tion with a i = a~ for all i. In this study, the true variances are

assumed to be known and are used in place of the {ai }. With the vari-

ance components known, the variance-covariance matrix for the resulting

estimates becomes:
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{ ( -1 -1 )}-1. ( )}{ (-1 -1 )}-12 tr V 2ViV 2VJ' {tr Q 2V.Q 2V, tr V 2ViV 2V, •
00 o'oJ 0 oJ

The var(h2) (Eq. 5) is also calculated based upon (Eq. 9) for the same

heritabilities and designs as were those calculated based on (Eq. 3),

the MML = MIVQUE case. For each design-loss level-variance component

set, the ratio of var(h2) from ML to that of MML is calculated as a

means of aetermining if design decisions would differ based on the two

methods and to see if and/or where resu Its fY'om these two methods

differ.
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RESULTS AND DISCUSSION

All design efficiency ratios are computed based on a given set

of variance components (a~ a~ a~ a~)I. regardless of block. plot.

or family size. The type of variance component set has the relationship

a~ = a~ or a~ > a~ for a given h2; a~ = 2 and a~ = 1 are used consis.

tently. The type a~= a~ are presented for the block. plot. family

and var(fs) effects. A comparison of results based on these two types

is made in the section 'Effect of Variance Component Set Type on Design

Efficiency'.

Block Size Effect on Design Efficiency

The effects of block size. and hence block number for a fixed

total size n. on design efficiency are compared in an efficiency ratio

(E b). For all designs (Figure 1) this is a comparison of 50. tree blocks

to 25.tree blocks. The results of these comparisons are exemplified

in Table 4 for U.20.100.1-10.0 compared with U.40.100.1-10.0. The other

comparisons made are listed in Table 5; the block size effect is exam.

ined at different family sizes. variance of family size, plot sizes

and total size (n). Values of var(h2) for each design are listed in

Appendix C. At 100% survival (n=1000). Eb=20 is always less than 1

across h2• meaning that a design of 20 blocks each with 50 trees is

always more efficient than 40 blocks each with 25 trees. There is a

1% increase in this efficiency as h2 decreases from 1 to O.

The effect of 10%. 20% and 40% random loss on the effect of block

size is assessed by an efficiency ratio analogous with that for 100%
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Table 4. Design efficiency ratios as affected by block size and number.
The ratio (Eb) is of the var(h2) from each b=20 and b=10
designs to that from a 40-b10ck design given 100 families
of equal size 10 trees. STP. n=1000 and the variance component

2 2 2 2sets 0B = 2. of = apt Ow = 1.

Number of Blocks
h2 Number of

401/Observations 202/ 103/

var(h2) Eb=20
41

Eb=10

1.0000 10005/ .0219 .982 .975
900 .0235 .980 .972
800 .0256 .978 .969
600 .0331 .968 .949

.3333 1000 .0096 .977 .965
900 .0109 .974 .960
800 .0128 .970 .954
600 .0195 .958 .935

.1818 1000 .0068 .975 .961
900 .0080 .972 .956
800 .0096 .967 6/ .949
600 .0157 .949* .925*

.0198 1000 .0041 .973 .956
900 .0050 .968 .948
800 .0064 .959 .943
600 .0115 .951* .915*

1/ Data for 40-b10ck effect are from design U.40.100.1-10.0.
2/ Data for 20-b10ck effect are from design U.20.100.1-10.0.
3/ Data for 10-b10ck effect are from design B.10.100.1-10.0.
4/ The design efficiency ratio Eb=20 is equal to the var(h2) from the

20-b10ck design di~ided by that from the 40-b10ck design; Eb=10 is
equal to the var(fiZ) from the 10-b10ck design divided by that from
the 40- block design.

5/ A number of observations less than n=1000 represents a case where
loss has occurred. where loss = ((n - number of observations)/n) x
100%.

6/ * indicates a ratio in which the var(n2) from the designs in both
the numerator and the denominator is greater than the criterion.
which is based on a CV(n2) = 50% for h2 > .2 and on a std(n2) = .1

2 -for h < .2.



Table 5. Listing of design comparisons for the block
size effect on design efficiency which are
in addition to those enumerated in Table 4.
Comparisons (1)-(2) are for 1000 observations.
(3)-(5). for 500 observations.

Comparison 50-Tree Block vs. 25-Tree Block
Designs Designs

(1) B.20.50.1-20.0 U.40.50.1-20.0

(2) U.20.100.1-10.3 U.40.100.1-10.3

(3) B.10.50.1-10.0 U.20.50.1-10.0

(4) U.1O.100.1-5.0 U.20.100.1-5.0

(5) U.10.100.1-5.1 U.20.100.1-5.1

38
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survival. With a loss of observations the var(h2) increases (Table

4, 40 blocks). The buffering of the design to loss is assessed by

whether the efficiency ratio decreases or increases with increasing

loss. A decrease in the ratio with loss results from a smaller increase

in var(~2) for the design in the numerator compared to that in the de

nominator. The design whose var(h2) is in the numerator is therefore

more buffered to loss than that whose var(h2) is in the denominator.

Another means of assessing the buffering capacity is by the percentage

increase in the var(h2) with loss over that with 100% survival. The

buffering capacity (Eq. 6) is given for every design in Appendix C.

At each h2 in Table 4, Eb=20 decreases with a loss of observations.

ihe larger 50-tree block designs are consistently better buffered to

loss than the smaller 20-tree block designs. These designs with fewer

but lal"ger blocks become even more efficient relative to designs with

smaller blocks with loss at the heritabilities investigated. The values

in Table 4 with an asterisk denote cases where var(~2) values from both

designs in the comparison are greater than the criterion of CV(h2) =

50% for h2 ~ .2 and std(h2) = .1 for h2 < .2. The actual ratio of the
A~

var(h~) to the criterion is listed in Appendix C by design. Only in

the 60% survival cases at the low heritabilities (h2 = .1818 and h2 =

.0198) were values greater than the standard. For the block sizes com-

pared in an efficiency ratio, neither was better than the other in

relationship to such a standard.

The results of Table 4 are generally applicable to those compari

sons listed in Table 5. In no design were any blocks lost due to random

loss of individual observations. The exceptions to the general
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application of the results in Table 4 to comparisons listed in Table

5 deal with the consistency of which of the designs with larger blocks

are better buffered to loss than those with smaller blocks and relation-

ship of the n=500 designs to the criterion. The buffering exceptions

arise in particular for the designs with var(fs), and to a lesser ex

tent, with n=500 at h2 = .0198. The lack of consistency in buffering

to loss is not necessarily an attribute of these design allocation situ

ations. Rather, the inconsistencies arise from the sensitivity of a

var(h2) value to loss. This is a result of the number of samples of

which the var(h2) represented in Appendix C is an average thereof.

The CV(var(h2)) (Appendix C) is the coefficient of variation for

var(h2), based on two samples per loss level. An investigation of these

sampling effects is presented in a later section.

A general comment can be made concerning n=lOOO and n=500 designs

in relationship to the criterion. With the 1000-observation designs,

only at the 60% survival level for either h2 = .1818 and/or h2 = .0198

are var(h2) values greater than the criterion. However, with 500-

observation designs, values are generally greater than the criterion

for all leyels of survival at h2 = .3333, .1818 and .0198.

The comparison of designs with different block sizes is extended

beyond the design cube to consider 100-tree blocks (Figure 2). The

efficiency ratio Eb=lO (Table 4) shows that the general results from

the previous comparison of 20- to 40-block designs can be extended to

this design comparison involving even fewer but larger blocks. In using

a 100-tree block design, there is greater efficiency (Eb=lO) over a

50-tree block design (E b=20) for a given h2 and 100% survival. There

"
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is a 2% gain in efficiency as h2 decreases for Eb=10 compared to a 1%

gain for Eb=20' and there is also a greater buffering capacity of the

100-tree block design across h2 compared to 50-tree block design.

The design comparison affected by block size expressed through

efficiency ratio Eb=10 is confounded with the state of balance. In

Table 6, comparisons (I) and (3) also have state of balance confounded

with the effect of block size. In each comparison, the balanced design

is more efficient; however, comparing the results from (1) and (3) with

(2), (4) and (S), there is no striking evidence that the state of being

a balanced design brings added efficiency over the efficiency of merely

having fewer larger blocks in a design. (The efficiency of designs

discussed here does not incorporate ease of computing or physical hand

ling of balanced designs compared to unbalanced designs.)

The block variance component itself does not directly influence

the value of h2• However, this component and the block design matrix

(US) are involved in the variance of the variance component estimates

through the inversion of the information matrix (Eq. 3). The design

comparisons listed in Tables 4 and 5 test the effect of US' (Since

all block size comparisons involve STP, Up and Uware each identity

matrices of the same dimensions for any two designs in a comparison.)

The effect of Us on var{h2) is not as neatly expressed as where Gaylor

and Anderson (1960) wrote the variance of a particular variance com

ponent estimates with unbalanced data based on the method of fitting

constants. The var{h2) involves a function of a function of the vari

ance components cr~, cr~ and cr~ and variances and covariances of the

estimates (Eq. 5). The variances of these estimates are derived from
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an inverse of a matrix (Eq. 3) whose elements are the trace of a product

of maty'ices. 60th of these matrix types in this product are functions

of the design matrices, V. and Q 2. In an analysis of variance analogy
1 a

(strictly appropriate only for 6.10.100.1-10.0 with 100% survival),

the greater number of degrees of freedom (d.f.) allotted to a block

effect aY·e at the sacrifice of d.f. to the plot and within-plot effects.

The variance of a~ + a~ plus the covariance with cr~ directly affect

the variance of fi2 (Eq. 5). The greater the number of d.f. for an

effect, the lower the variance of its variance component estimate.

For any of these STPdesigns the variance of (~~ + cr~) is 2(a~ + cr~)2/

(n-b-f+1) assuming normality. For a given number of families, a smaller

number of blocks will result in a smaller varia~ce on these error terms;

at particularly lower heritabilities, the var(fi2) will be lower than

with a larger number of smaller blocks.

The initial motivation for examining the usefulness of smaller

blocks was the observation that smaller homogeneous sites are more fre-

quent than larger homogeneous sites. In these comparisons designs have

been examined for the same set of variance components over the range

of h2 and a range of random loss, regardless of block and plot size.

The designs with larger blocks are 2% to 3% more efficient than those

with 25-tree plots, and are better buffered to loss. The practical

application of these results includes consideration of the frequency

at which these larger sites can be found. For a fixed n, fewer larger

sites would be required than small sites; whether b large blocks could

be found for a given site type, of course, depends upon the site. Con

sidering the use of 20 blocks, the results show that by using designs
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with blocks half the size, a 2% to 3% loss in efficiency is incurred.

(The loss in efficiency indicates the increase in var(h2) of having

used b=40 versus b=20.) This cost in efficiency has to be balanced

against the cost of obtaining and maintaining half as many blocks, each

of twice the size.

The initial loss expected in genetic tests is about 5 to 10%

(R. J. Weir, pet's. comm.). If 80% survival is the survival threshold

of interest, then all block sizes studied for n=1000 yield satisfactory

var(h2) values. The n=500 designs, on the whole, do not meet this

criterion. This implies that the minimum number of total observations

needed for satisfactory levels of var(h2) is evidently larger than 500.

Effect of Plot Size on Design Efficiency

The effect of plot size on design efficiency is illustrated in

Table 6 w·ith the comparison of U.20.100.2-10.0 to U.20.100.1-10.0.

Four other design comparisons were made as listed in Table 7. These

represent comparisons at different family sizes, both with equal and

variable sizes. All comparisons are with 50-tree blocks; 25-tree blocks

were not used since it is not possible to put out solely TTP.

The design efficiency ratio as affected by plot size (ETTP ) is

set up analogously to the ratio faY" block size, a ratio of var(h2) from

the larger plot (TTP) design to that from the smaller plot (STP) design.

However, with the plot size, in contrast to the block effect, the com

ponents a~ and a~ do directly determine h2• Also, w"ith TTP each com

ponent is separately estimated, whereas with STP these components are

estimated as their sum.
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Table 6. Design efficiency ratios as affected by plot size. The ratio
(ETTP ) is of the var(h2) from a TTP design to that from a
STP design given 100 families of equal size 10 trees. 20
blocks of size 50. n=1000 and the variance component sets
2 222as = 2. aF = apt aW= 1.

1.0000

.3333

.1818

.0198

Plot Size
Number of STPII TTp2/Observations

var(h2) 3/ETTP

10004/ .0215 1.2351
900 .0230 1.2256
800 .0251 1.2106
600 .0321 1.1828

1000 .0094 1.1815
900 .0107 1.1768
800 .0124 1.1685
600 .0187 1.1675

1000 .0066 1.1676
900 .0077 1.1656 5/
800 .0093 1.1622+ 6/
600 .0149 1.1552*

1000 .0039 1.1570
900 .0049 1.1554
800 .0061 1.1577
600 .0109 1.1605*

17 Data for single-tree plot (STP) effect are from design U.20.100.1
10.0.

2/ Data for two-tree plots (TTP) effect are from design U.20.100.2-10.0.
3/ The design efficiency ratio ETTP is equal to the var(h2) from the

TTP design divided by that from the STP design.
4/ A number of observations less than n=1000 represents a case where

loss has occurred. where loss = ((n - number of observations)/n) x
100%.

5/ t indicates a ratio where the var(n2) in the numerator is greater
than the crit~rion. which is based on a CV(h2) = 50% for h2 ~ .2
and on a std(h2) = .1 for h2 < .2.

6/ * indicates a ratio in which ~he var(n2) from the designs in both
the numerator and denominator is greater than the criterion.



Table 7. Listing of design comparisons for plot size
effect on design efficiency which are in addi
tion to that enumerated in Table 6. Compari
sons (1) and (2) are for 1000 observations.
(3) and (4) are for 500 observations; each
design has 50-tree blocks.

Comparison Two-Tree Plot vs. Single-Tree Plot
Designs Designs

(1) U.20.50.2-20.0 B.20.50.1-20.0

(2) U.20.100.2-10.3 U.20.100.1-10.3

(3) U.10.50.2-10.0 B.10.50.1-10.0

(4) U.lO .100. 2-5.1 U.10.100.1-5.1
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As shown in Table 6. the STP design is more efficient than that

with TTP across the range of h2• with the advantage in efficiency at

100% survival decreasing with h2• With the imposition of random 10%.

20% and 40% loss. the STP design remains more efficient. This result

is despite a greater buffering capacity to loss with the TTP design

at all h2 except h2 = .0198. Plots are lost from the TTP design. an

average of 1%. 4% and 16% for 90%. 80% and 60% survival levels. respec

tively. These data are given in Appendix C.

The efficiency ratios for the comparisons listed in Ta~le 7 are

similar to those presented in Table 6 with the exception of the effi

ciency ratio magnitude being influenced by family size and the incon

sistencies in the buffering effects. as described in the previous section.

An example of the effect of family size on the plot size comparison

can be given using the first comparison of Table 7. This design com

parison involves the same block and plot sizes as those in Table 6.

however. 50 families of equal size 20 rather than 100 families of equal

size 10. For 100% survival. the ETTP's for (I) are 1.1166. 1.1004.

1.0943 and 1.0883 at h2 = 1.0••3333••1818 and .0198. respectively.

The ratios from {2} compared to ETTP in Table 6 are also lower. except
2at h= 1.0, 1.2413. 1.1442, 1.1244 and 1.1057, respectively. This

is the effect of variance in family size compared to equal family size.

The ETTP profiles from Table 6 and {3} are almost identical. The four

designs involved have the same sized blocks, families and plot, with

the n=500 designs having half as many blocks and families.

As mentioned, a~ and a~ are separately estimated in TTP designs.

The largest a~ values are at h2 = 1.0 and decrease with h2 (Table 1).
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The efficiency ratio results show a similar trend, with the efficiency

of STP over TTP designs decreasing over h2• The separate estimation

of o~ with TIP designs is unnecessary and 'inefficient when compared

with STP designs. The magnitude of this inefficiency also depends on

the number of families. For the TTP design shown in Table 6, 43% of

the plot and within-plot error d.f. from an AOV go to estimate the plot

term while in comparison (1) 46% go to the plot term. In an AOV sense,

there are fewer d.f. in the 100-family TTP designs on the plot effect

relative to the 50-family case. The variance of the a~ estimate with

100-family TTP designs is consequently greater, contributing to a larger

var(h2) compared to 50-family TTP designs.

The premise of using TTP or any multiple-tree plots (MTP) is to

protect the data set against loss of plots. An AOV can be used for

balanced data on a plot mean basis. As seen, MTP are lost. In fact,

plots are lost with five-tree plots (see B.2.100.5-10.0 in Appendix

C, p. 167) at 60% survival. No plots are lost in the ten-tree plot

design (see B.4.25.10-10.0). With the MML methodology, loss of plots

is not a computational or inter'pretative obstacle. As observed here,

there is a cost to use even TTP, which even at that fails to insure

plot survival.

The question of plot size has received notable concern in the

literature and is typically framed within the objective of estimating

family means (Evans et ale 1961), rather than variance components.

Two measures of plot size are given: relative information per tree

from t-tree plots = V1/tVt where V1 is the variance of plot means of

size 1 (Wright and Freeland 1960) and coefficient of variation which
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is the percent ratio of the standard deviation of plot means divided

by the overall mean used to determine the optimum plot size by the use

of maximum curvature method. Single-tree plots are found empirically

for loblolly and slash pines to be most efficient in terms of relative

information, until competition sets in (Conkle 1962). A comparison

of the coefficient of variation for plot size, which is essentially

a comparison of the environmental portion of the error variance used

to test family differences, results in the larger plots being more effi-

cient (Conkle 1962).
.. 2 .. 2

Vt = (oW/t) + 0p and

components contain no

Based on a one-way AOV, with uncorrelated effects,

VI = cr~ + a~ where in these studies the variance

genetic variation. For the objective of testing

family differences, a compat'ison of error terms,. seeking the lowest

errors, is appropriate. The added efficiency by increasing plot size,

in terms of a lower error term, depends upon the relative magnitudes

of cr~ and cr~, and on how these change with plot size.

The effect of soil heterogeneity upon these plot size comparisons

is quantified by an empirical equation, Vt = V1/tb, where b is a measure

of soil heterogeneity (Smith 1938). The effect of correlated errors

upon the estimation of within-plot, plot and block components, and hence

on the estimation of h2, is examined in the section on 'Effect of Corre

lated Et'ror Terms'. The correlated model demonstrates the effect of

plot size on h2•

Effect of Block and Plot Sizes on Design Efficiency

The question of whether it is more efficient for the estimation

of h2 to use designs with more small blocks and STP or to use those

with fewer larger blocks and TTP is addressed in this section. This
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comparison is made for family sizes, with and without variance on the

family size. The general results are shown in Table 8 for a 20-block

TTP design compared to a 40-block-STP design in efficiency ratio

E20-TTp. A listing of other comparisons is shown in Table 9.

The design efficiency ratios of E20-TTP at 100% survival are all

greater than one, decreasing with h2• The smaller block-STP design

is more efficient than the larger block-TTP design across the range

of h2• Having previously assessed the effect of block size and plot

size on design efficiency, with designs with larger blocks and STP being

more efficient than those with smaller blocks and TTP, respectively,

the combined effect of blocks and plots in design efficiency is con

trolled primarily by plot size. The 20-block design (Table 4) was 2%

to 3% more efficient than the 40-block design. The efficiency ratios

in Table 8 (E20-TTP) are roughly 2% to 3% less than those in Table 6

(ETTP )' which is the efficiency of the 20-block designs compared to

the 40-block designs. As indicated by a decreasing ratio with loss,

the larger block-plot design is consistently better buffered to loss.

The greater buffering of designs with larger blocks and larger plots

than designs with smaller blocks and smaller plots, respectively, was

separately assessed (Tables 4 and 6). The advantage of buffering

capacity to loss is not sufficient even at 40% loss to overcome the

efficiency of the smaller b10ck-STP design.

For the comparisons listed in Table 9, the smaller block-STP

designs are consistently more efficient across h2 and levels of loss.

The n=lOOO large b10ck-MTP designs are consistently better buffered
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Table 8. Design efficiency ratios as affected by block-plot sizes.
The ratio (E b_tTP ) is of the var(h2) from a b block-t tree
plot design to that from a 40 block-STP design given 100
families of equal size 10 trees, n=1000 and the variance com-

2 222ponent sets aB = 2, aF = ap, aW= 1.

h2 Number of
Observations

1.0000 10006/
900
800
600

.3333 1000
900
800
600

.1818 1000
900
800
600

.0198 1000
900
800
600

Number of Blocks and Trees per Plot

40 11 202/ 53/ 24/
STP TTP TTP FTP

var(h2) E20_TTP
5/ E

5
_

TTP
E
2
_

FTP
.0219 1.213 1.177 2.226
.0235 1.201 1.162 2.170
.0256 1.184 1.143 2.104
.0331 1.145 1.112 1.973
.0096 1.154 1.111 1.863
.0109 1.146 1.103 1.835
.0128 1.134 1.089 1.803 7/
.0195 1.119 1.058 1.715 t

.0068 1.139 1.093 1.785t

.0080 1.132 1.083 1. 764t

.0096 1.124t 1.070t 1. 735t 8/

.0157 1.096* 1.041* 1.680*

.0041 1.125 1.076 1.723

.0050 1.119 1.068 1.708

.0064 1.110 1.053 1.684t

.0115 1.104* 1.031* 1.668*

17 Data for 40 blocks and STP effect are from design U.40.100.1-10.0.
2/ Data for 20 blocks and TTP effect are from design U.20.100.2-10.0.
3/ Data for 5 blocks and TTP effect are from design B.5.100.2-10.0.
4/ Data for 2 blocks and five-tree plots (FTP) are from design

B.2.100.5-10.0.
5/ E20-TTP is the design efficiency ratio of var(h2) from a design with

20 blocks and TTP compared to that from a 40 block-STP design. For
each of the ratios, the var(h2) from the 40 block-STP design is in
the denominator.

6/ A number of observations less than n=1000 represents a case where
loss has occurred, where loss = ((n - number of observations)/n) x
100%.

7/ t indicates a ratio where the var(h2) from the design in the numera
tor is greater than the criterion, which is based on a CV(h2) =
50% for h2 > .2 and on a std(h2) = .1 for h2 < .2.

8/ * indicates-a ratio in which the var(h2) from-the designs in both
the numerator and denominator is greater than the criterion.



Table 9. Listing of design comparisons for block-plot
sizes effect on design efficiency which are
in addition to those enumerated in Table 8.
Comparisons (1) through (4) are for 1000
observations, (5) through (7) are for 500
observations.

Comparison Multiple-Tree vs. Single-Tree
Plot Designs Plot Designs

(1) U.20.100.2-10.3 U.40.100.1-10.3

(2) U.20.50.2-20.0 U.40.50.1-20.0

(3) U.20.50.2-20.4 U.40.50.1-20.4

(4) 8.4.25.10-40.0 8.40.25.1-40.0

(5) U.1O.50.2-1O.0 U.20.50.1-10.0

(6) U.10.50.2-10.2 U.20.50.1-10.2

(7) U.10.100.2-5.1 U.20.100.1-5.1
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to loss, whereas there are inconsistencies in the buffering capacity e
for n=500, and especially var(fs), designs (comparisons (6)-(7)).

There is an effect of family size and var(fs) on these comparisons

(Table 9), such that the magnitude of the efficiency ratios differs

from those reported in Table 8. Similar to what was stated when dis-

cussing the effect of plot size on efficiency ratios, there is a larger

efficiency of 25-tree block-STP designs over larger tree block-MTP

designs \'lith 100 families than 50 families, and with variable family

sizes at high h2 than equal family sizes.

These efficiency results, based on 25-tree block-STP designs and

50-tree b1ock-TTP des igns, are found to hold tY'ue with even 1arger

blocks and plots. In Table 8, comparisons are extended to include a

5-b10ck-TTP design and a 2-block-five-tree plot (FTP) design. The lower

values of ES_TTP in contrast with E20_TTP reflect the efficiency of

fewer blocks while having the same plot size. General statements about

the efficiency of small block and plot designs, despite the buffering

capacity of larger blocks and plots remain true. For E2_FTP ' these

statements also apply. In addition, a high inefficiency is found, par

ticularly at h2 = 1.0. The 2-block-FTP design is greater than the

criterion at heritabilities and levels of loss not observed for other

n=1000 designs. The influence of plot size in such a trade-off of block

and plot size is clear.

Each block and plot size was assessed to provide a consistent

effect on design efficiency across the range of heritability. Large

blocks and STP each result in more efficient designs than smaller blocks

and MTP. The joint effect of smaller blocks and STP on design
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efficiency is not obvious from their separate effects. Under the block

plot sizes considered here. it is always more efficient for the estima

tion of h2 to use designs with smaller blocks and smaller plots than

those with larger blocks and larger plots. The inefficiencies of large

block-plot designs are particularly true the larger the plot is. Based

on a set of variance component estimates from first- and second-year

height data in the Loblolly Pine Heritability Study (Stonecypher 1966).

a design with a larger number of "blocks" and smaller plots was calcu

lated as being more efficient for the estimation of the "family" vari

ance component than those used.

Design Efficiency as Affected by Number of Families

The effect of family size on design efficiency is investigated

by McCutchan et ale (Appendix A) comparing 50 and 100 families for

n=1000. STP, TTP and 50-tree blocks. The effects of family size are

reported here under the additional conditions of n=500. 25-tree blocks,

variable family size and random loss. For illustrative purposes, the

comparison is given for n=1000. 25-tree blocks, STP and equal family

size (Table 10). Additional comparisons made are listed in Table 11.

For 100% survival and high heritabilities, the large number of

small family design is more efficient than the small number of large

family designs (Table 10, Ef =50). This result is reversed for low

heritabilities, where the larger family design is more efficient.

These results are within 1% of those presented for comparison (1) (Table

11) by McCutchan et ale (Appendix A), representing a difference in block

size. The effect of random loss on the design efficiency is given in



54

Table 10. Design efficiency ratios as affected by family size and num
ber. The ratio (Ef ) is of the var(h2) from a f-family design
to that of a 100-family design, given 40 blocks, STP, equal
family sizes, n=1000 and the variance component sets o~ =

2 2 22, of =Opt Ow =1.

Number of Families

1.0000

.3333

.1818

.0198

Number of
Observations

10005/
900
800
600

1000
900
800
600

1000
900
800
600

1000
900
800
600

10011
var(h2)

.0219

.0235

.0256

.0331

.0096

.0109

.0128

.0195

.0068

.0080

.0096

.0157

.0041

.0050

.0064

.0115

502/

Ef =50
4
/

1.476
1.429
1.374
1.229
1.026

.982

.935

.830

.824
•792
.758 6/
.687*
.517
.512
.506+
.499

2.539
2.412
2.266
1.888
1.354
1.250
1.140

.905

.886 A

.817 •

.747+ 7/

.604

.297

.289

.282+

.269

17 Data for the 100-family effect are from design U.40.100.1-10.0.
2/ Data for the 50-family effect are from design U.40.50.1-20.0.
3/ Data for the 25-family effect are from design 6.40.25.1-40.0.
4/ Ef=50 is the design efficiency ratio of var(h2) from a 50-family

deslgn compared to that from a 100-family design. For each of these
Ef ratios, the var(n2) from the 100-family design is in the denomina
tor.

5/ A number of observations less than n=1000 represents a case where
loss has occurred t where loss = ((n - number of observations)/n) x
100%.

6/ * indicates a ratio in which the var(h2) from the designs in both
the numerator and~denominator is greater than the cri~erion, which
i2based on a CV(h2)= 50% for h2 ~ .2 and on a std(n ) = .1 for
h < .2.

7/ + i~dicates a ratio in which the var(h2) from the design in the de
nominator is greater than the criterion.



Table 11. Listing of design comparisons for the family
size effect on design efficiency which are
in addition to those enumerated in Table
10. Comparisons (1) through (4) are for
1000 observations. (5) through (8) are for
5000bservations. 11

Comparison 50-Fami ly vs. 100-Fami ly
Designs Designs

(1) B.20.50.1-20.0 U.20.100.1-10.0

(2) U.20.50.2-20.0 U.20.100.2-10.0

(3) U.20.50.2-20.4 U.20.100.2-10.3

(4) U.40.50.l-20.4 U.40.l00.l-l0.3

(5) B.lO.50.1-10.0 U.I0.I00.1-5.0

(6) U.20.50.1-10.0 U.20.100.1-5.0

(7) U.20.50.1-10.2 U.20.100.1-5.1

(8) U.1O.50.2-10.2 U.10.100.2-5.1

11 For n=1000 designs, average family sizes for f=50
and f=100 are 20 and 10, respectively. For n=500
designs, average family sizes for f=50 and f=100
are 10 and 5, respectively.

55



56

Table 10 by Ef =50 based on 10%, 20% and 40% random loss. At each h2 ~
given, the var(h2) from the 50-family design increases less than that

from the 100-fami1y design. The actual percentage increase in the

var(h2) with Z% loss for a given design is presented in Table 12.

Clearly, with these size differences in families, the buffering capacity

is greatly influenced, there being roughly twice as much buffering

capacity at h2 = 1.0 for the 50-family design compared to the 100-fami1y

design, with this difference decreasing with h2• This greater buffering

capacity with 50-family designs is reflected in a decreasing Ef =50 with

loss. With this large difference in buffering capacity, in contrast

to the block or plot effects, the 50-family design becomes more effi-
~

cient with 10% loss at h~ = .33. In neither of these designs are fami-

lies lost through random loss of individuals (Appendix C). In the AOV

way of thinking, the d.f. for only the estimates of a~ + a~ (s-b-f+1)

decreases 911, 811, 711, 511 for 50-family designs with loss, and 861,

761, 661, 461 for 100-fami1y designs with loss. The variance on a~ + a~

estimates is consequently higher with loss, contributing to a larger

increase in the var(h2) with loss for 100-family designs than 50-family

designs.

The comparisons listed in Table 11 show similar results as those

presented in Table 10. The magnitudes of Ef =50 are influenced by the

combination of block size, plot Size, family size variance and total

size of the experiment for which 50 fanti1ies are compared with 100

families.

As indicated, the size of block does little to influence the Ef =50

ratios, using eithel' 50- or 20-tree blocks (Ef =50 in Table 10 compared 4It
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Table 12. Buffering capacity to loss for design efficiencies as
affected by family size. The buffering capacity ratio is
of the var(h2) from a given design with Z% loss to the var(h2)
with no loss, given 40 blocks, STP, equal family sizes,
n=1000 and variance component sets a~ = 2, a~ = a~, a~ = 1.

1.0000

.3333

.1818

.0198

Number of Number of Families
Observations Variable

10017 502/ 253/

10004/ var(f12) .0219 .0323 .0556
900 buffer (%)5/ 7 4 2
800 17 9 5
600 52 26 13

1000 var(f12) .0096 .0098 .0130
900 buffer (%) 14 9 5
800 34 22 13
600 104 65 36

1000 var(fl2) .0068 .0056 .0060
900 buffer (%) 18 13 9
800 42 31 20
600 133 94 59

1000 var(1i2) .0041 .0021 .0012
900 buffer (%) 24 23 21
800 57 54 49
600 183 173 156

1/ Data for the 100-family effect are from design U.40.100.1-10.0.

2/ Data for the 50-family effect are from design U.40.50.1-20.0.

3/ Data for the 25-fami1y effect are from design B.40.25.1-40.0.

4/ A number of observations less than n=lOOO represents a case where
loss has occurred, where loss = ((n - number of observations)/n) x
100%.

5/ Buffer (%) is the buffering capacity of a given design to Z% loss
(Eq. 6). It represents the percentage increase in var(h2) for a
given design with Z% loss over that with no loss.
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with comparison (I) in Table 11, comparison (5) with (6) in Table II}. ~

The efficiency ratio assessing the family size effect, when based on

designs with TTP (2) rather than STP (I) shows that the 50-family design

tends to be more efficient. This is also true for the n=500 compari

sons, (7) and (8). However, in this latter comparison, the overall

reduction in the value of Ef=50 based on designs with TTP compared with

STP is such that even at h2 = 1.0 the 50-family design is more efficient

(50 families at n=500 are each an average size of 10 compared to an

average size of 5 for 100 families). The presence of variance of family

size on the comparison, i.e., both designs being compared have var(fs},

((3) versus (2}) reduces the magnitude of the design differences, in

particular, the Ef =50 are closer to 1 (either above or below and in

the same direction). This effect is also seen when comparing efficiency

profiles of Ef =50 from Table 10 with comparison (4) (Table II), and

for n=500, (6) with (7).

In the comparisons listed in Table 11, there are inconsistencies

in the buffering capacity of designs with larger families for the n=500

and variable family size designs (comparisons (7) and (8}). These incon

sistencies, which will be explained in the section on 'Sampling Vari

ability in Average Var(n2) Values', result from sampling errors.

The possibility for inferences of these results to other family

sizes is examined in Table 10 for designs of 25 families, each of size

40. The ratio Ef =25 for 100% survival shows that the 25-family design

is much less efficient at h2 = 1.0 than either of the other two family

sizes, becoming the most efficient design at a h2 < .1818. The buffer

ing capacity of 25 40-tree family design is higher, in particular, the
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var(h2) increases less with loss than it does with either 50. or espe

cially 100. families (Table 12). Across the range of h2• there is a

portion of the range at which a design with a particular family size

provides a lower var(h2): 100 families for .33 ~ h2 ~ 1. 50 families

about h2 = .1818 and 25 families about .0198. The effect of family
A~

size is such that there is no one size which lowers var(h~) across the

range of h2• This is in contrast to the single and combined effects

of block and plot size on design efficiency. The implications for

design recommendations are that STP and large blocks provide low var(h2)

across the range of h2, but that the family size that should be employed

depends on the heritabilities of interest. Across a large portion of

the range of h2, the 100.family design is more efficient. However.

if all the traits of interest have low heritabilities. for example,

less than .2, then a 100.family design would not be the most efficient

design to use. The 50-family design would be more efficient in this

range and have greater buffering to loss.

The number of families and the number of trees per family deter

mine, in an AOV sense, the allocation of d.f. to the family. plot and

within-plot variance components. At high heritabilities where the

family term is largest, a design with a large number of small families

is most efficient. As h2 decreases and the plot and within-plot vari.

ance components become the dominant variance components, a design with

fewer larger families is most efficient. In the AOV way of thinking,

with larger families. i.e., fewer families, more degrees of freedom

are being allotted to the estimation of a~ and a~. Utility of large

families in designs does not imply the use of MTP. Estimation of the



60

plot and within-plot terms as their sum is more efficient than esti

mating each term separately. as is done with MTP designs.

Effect of Variable Family Size on Design Efficiency

The effect of variable family size in contrast to equal family

size on design efficiency is illustrated in Table 13 for 100 families

of average size 10. These efficiency results are in general true for

the comparisons listed in Table 14. At 100% survival. the equal family

size design is more efficient at h2 ~ .33 than the variable family size

design. Below this level of h2• the variable family size design is

more efficient. increasingly so as h2 decreases. These results confirm

the suggestion (McCutchan et a1 •• Appendix A) that increased variance

on family size might result in increased effici~ncies for low h2• They

found that for 100 families of average size 10. the design with var(fs)

= 7 based on a binomial distribution with mean 10 was 2% less efficient

at h2 =1.0 than the equal family size design. At .2456 > h2 > .2143

the variable family size design became more efficient than the equal

family size design. having a var(h2) 6% less than that of the equal

family size design at h2 = .0198. Variance of family size equal to

59.95 is examined here. The variable family size design is less effi

cient at h2 = 1.0. 21% higher var(h2). and more efficient at h2 = .0198.

35% lower var(h2).than the equal family size design. In addition to

the 100% survival case studied by McCutchan et a1. (Appendix A). the

effects of 10%. 20% and 40% random loss on this comparison are given

(Table 13). At heritabilities other than 1.0. the variable family size

design is better buffered to loss. The buffering is such that with
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Table 13. Design efficiency ratios as affected by the variance of
family size. The ratio (EV) is of the var(h2) from a vari
able family size design to that of an equal family size
design, given 40 blocks, STP, 100 families of average size
10, n=1000 and the variance component sets o~ = 2, o~ = o~,

2Ow = 1.

Variance on Family
Size

1.0000

.3333

.1818

.0198

Number of
Observations

10004/
900
800
600

1000
900
800
600

1000
900
800
600

1000
900
800
600

.0219

.0235

.0256

.0331

.0096

.0109

.0128

.0195

.0068

.0080

.0096

.0157

.0041

.0050

.0064

.0115

1.2067
1.2101
1.2104
1.1752
1.1052
1.0749
1.0432

.9633

.9596

.9323

.8978 5/

.8260*

.6534

.6485

.6419+ 6/

.6333

17 Data for the zero variance on family size design are from design
U.40.100.1-10.0.

2/ Data for the variable family size design are from design U.40.100.1
10.3, where the variance is equal to 59.95.

3/ EV=60 is ~he ratio of the var(h2) from U.40.100.1-10.3 divided by
the var(n ) from U.40.100.1-10.0.

4/ A number of observations less than n=1000 represents a case where
loss has occurred, where loss = ((n - number of observations)/n) x
100%.

5/ * indicates a ratio in which the var(h2) from the designs in both
the numerator and ~enominator is greater than the criterion, which
i~ based on a CV(n ) = 50% for h2 ~ .2 and on a std(li2) ,= .1 for
h < .2.

6/ + i;dicates a ratio in which the var(h2) from the design in the de
nominator is greater than the criterion.



Table 14. Listing of design comparisons for the vari
ance of family size effect on design effi
ciency which are in addition to that
enumerated in Table 13. Comparisons (1)
through (4) are for 1000 observations, (5)
through (8) are for 500 observations.

Comparison Variable Family vs. Equal Fami ly
Size Designs Size Designs

{I) U.40.50.1-20.4 1/U.40.50.1-20.0

(2) U.20.50.2-20.4 U.20.50.2-20.0

(3) U.20.100.1-10.3 U.20.100.1-10.0

(4) U.20.100.2-10.3 U.20.100.2-10.0

(5) U.20.50.1-10.2 U.20.50.1-10.0

(6) U.10.100.1-5.1 U.10.100.1-5.0

(7) U.20.100.1-5.1 U.20.100.1-5.0

(8) U.IO.50.2-10.2 U.1O.50.2-10.0

1/ The last digit of the design name indicates the mag
nitude of variance on the family size, which is in
proportion to the family mean and total number of
observations (under 100% survival). Please see Table
1 for further details.
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40% loss at h2 = .33. the variable family size design becomes more effi

cient. The buffering capacity of each design is given in Table 15.

There is a noticeable increase in the buffering capacity for h2 ~ .33

brought on with variable family size design. The buffering capacity

for variable family design is comparable to that of the 50-family design

(Table 12). The greater buffering capacity of the variable family size

design is despite a loss of families (Table 16). No families were lost

for the equal family size design.

The results of the other comparisons made (Table 14) are similar

to those presented (Table 13). The differences of results among com

parisons can be classified based on family size, regardless of the total

size. For average family size 20, the equal family size design is more

efficient than the variable design with .1818 ~ h2 ~ 1.0. At h2 =

.0198, the variable family size design is more efficient. The magni

tudes of the efficiency ratios are closer to 1 than for those designs

with 100 families of average size 10 (Table 13). The equal family size

design, with the same average size of families, ;s better buffered to

loss only at h2 = 1.0; otherwise, the variable family size design is

better buffered. The magnitude of the differences between buffering

capacities of variable versus equal family size designs for 50 fami

lies is less than that for 100 families. The buffering capacity did

not change the efficiency ranking of designs at any level of loss, as

was seen in T~ble 13 at h2 = .33.

For average family size 10, the h2 and level of loss at which

efficiency ranking changes, and the buffering capacity are shown in

Table 13.
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e
Table 15. Suffering capacity to loss for design efficiencies as

affected by the variance of family size. The buffering
capacity ratio is of the var{h2) from a given design with
Z% loss to the var{h2) with no loss, given 40 blocks, STP,
100 families of average size 10, n=1000 and variance com-

222 2ponent sets 0S'= 1, of = Os and Ow = 1.

Variance on

h2 Number of Family Size
Observations Variable

011 602/

1.0000 10003/ var{h2) .0219 .0264
900 buffer (%)4/ 7.4 7.7
800 17.1 17.5
600 51.4 47.5

.3333 1000 var{h2) .0096 .0106
900 buffer (%) 14.3 11.2
800 33.8 26.3
600 103.7 77.6

.1818 1000 var{h2) .0068 .0065
900 buffer (%) 17.7 14.4
800 42.3 33.2
600 132.8 100.4

.0198 1000 var{f,2) .0041 .0027
900 buffer (%) 23.7 22.8
800 57.3 54.6
600 183.4 174.7

1/ Data for the zero variance on family size design are from design
U.40.100.1-10.0.

2/ Data for the variable family size design are from design U.40.100.1
10.3, where the variance is equal to 59.95.

3/ A number of observations less than n=1000 represents a case where
loss has occurred, where loss = ({n - number of observations)/n) x
100%.

4/ Suffer (%) is the buffering capacity of a given design to Z% loss
(Eq. 6). It represents the percentage increase in var{h2) for a
given design with Z% loss over that with no loss.



Table 16. Heritabilities and survival levels
where families were lost in the com
parison shown in Table 13. These
results are only for variable family
size design. No families were lost
with equal family size.

65

1.0000

.3333

.1818

.0198

Number of Number of
Observations Famil ies

Observed

600 97.0

800 99.5
600 99.0

600 99.0

600 99.0
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For families of average size 5, the equal family size design is

more efficient only at h2 = 1; otherwise, the variable family size

design is more efficient and is also overall better buffered to loss.

No changes in efficiency ranking resulted from the buffering capacity

to loss.

There is inconsistency in the buffering capacity to loss. As

mentioned previously in the sections on block, plot and family sizes,

the variable family size design comparisons would show either a general

increase or decrease in efficiency ratios with loss at a given h2 with

exceptions to this trend occurring at a level of loss. Sampling error

was stated as the cause of this. Even though the CV(var(h2)) is esti

mated with only 1 d.f., the variable family size designs are primarily

the only designs where the CV(var(h2)) is greater than 1%. These

CV(var(h2)) values are listed in Appendix C. Designs with a total size

of 500 observations tend to yield larger CV(var(h2)),S. The larger

CV's are particularly noticed at low heritabilities and high loss (40%).

The difference in buffering capacities at h2 =1.0 for variable

and nonvariable family designs of average size 10 (Table 15) is most

likely not an effect of sampling. Such an effect is observed for the

other average size 10 family comparisons.

The variable family size effect on design efficiency is an ex

tended version of the family size effect. Use of variation on the

family size effectively increases the average family size through an

assymmetric effect of the larger families. The EV=60 profile in Table

13 has similar attributes to the Ef =50 profile in Table 10. At, in

particular, h2 < .33, the variable family size design is better buffered
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to loss than the equal family size design. Of somewhat of a contradic-

tion, these variable family size designs are more sensitive to the par

ticular observations that are lost, suggested by the typically larger

CV(var(h2)). Random loss occurring in a design of average size 10,

with some families of size 4 (Table 1), is more likely to result in

loss of families, as is seen. The presence of some families of size

20 in this family size distribution is apparently of controlling influ

ence in terms of how the average var(h2) value changes with loss, pro

viding the enhanced buffering capacity over an equal size family design.

The effect of variable family size on design efficiency is to

effectively increase the average family size. The deliberate use of

variable family size can be viewed, consequently, in a similar light

as family size, in that its use depends upon the portion of the range

of h2 in which interest in estimation lies. If family sizes are unequal

due to differential fecundity or survival, then for an average family

size fi, a variable family size design will actually be more efficient

at the lower range of h2 than an equal family size design.

Obtaining Efficient Designs as N is Reduced

The reduction of the total number of observations (n) employed

in an experiment is of economic benefit, as long as heritabilities of

particular interest are estimated with greater precision than those

of lesser interest and h2 is estimated with up to a certain amount of

variance, i.e., the var(h2) is less than the criterion imposed. Given

the n=lOOO design U.20.100.1-10.0, this implies that the desired n=500

design's var(h2) profile is less than the criterion and that the var(h2)
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values are proportional to those of U.20.100.1-10.0 across the range

of h2• In Table 17 efficiency ratios are given which compare three

of the n=SOO designs to U.20.100.1-10.0. A listing of the other seven

n=500 desigrys, which were compared, is given in Table 18.

Considering 100% survival (Table 17), B.10.S0.1-10.0 is the n=500

design whose var(h2) profile parallels that of U.20.100.1-10.0, having

twice its var(h2). lhe design B.10.50.1-10.0 has the same size but

half as many blocks, families and plots as U.20.100.1-10.0. This pro

file is in contrast to the design U.20.100.1-S.0, which has the same

number of levels, each of half the size of U.20.100.1-10.0. This design

is more efficient than B.10.S0.1-10.0 only at h2 = 1.0. Across the

range of heritability, the comparison of U.20.100.1-S.0 with

U.20.100.1-10.0 is one of family size (the effect of block size is con

founded in this comparison); the larger family design is more efflcient

particularly at low h2• The ES•1 ratios contrasted with ES•O show the

effect of variance of family size on these ratios, where efficiency

is gained to a large extent at low h2 with variable family size designs.

The variable family size design for B.10.50.1-10.0 could not be per

formed; however, the var(f5) effect on design efficiency can be compared

with U.20.50.1-10.0 and U.20.50.1-10.2. As seen when discussing the

block effect, the efficiency ratios of U.20.50.1-10.0 compared with

U.20.100.1-10.0 are slightly higher than E10 •0 in Table 17, 2.0347,

2.0454, 2.0496 and 2.0555 for h2 = 1.0, .3333, .1818 and .0198, respec

tively. The efficiency ratios of U.20.50.1-10.2 to U.20.100.1-10.0

are 2.2033, 2.1597, 2.0234 and 1.6338 for h2 ~ 1.0, .3333, .1818 and

.0198, respectively. The U.10.50.1-10.0 does not uniformly provide



Table 17. Design efficiency ratios as affected by the total size of the experiment. The efficiency ratios
are of the var(h2) from a n=SOO design allocation to that from U.20.100.1-10.0 with 1000 observa
tions, given STP and the variance component sets o~,= 2, 0:'= o~, o~ = 1.

U.20.100.1-10.0 B.10.S0.1-10.0 U.20.100.1-S.0 U.20.100.1-S.1
A2 1/

var(h ) .. E10•0 __ . __ __ __ ES•O ES•1

h2 Survival
(%)

1000
Observation

Design
SOO-Observation Designs

1.0000

.3333

.1818

.0198

100 .021S 2.0061 1.7S0S 2.0661
90 .0230 2.0045 1.8460 2.1382
80 .0251 2.0052 1.9677 2.1989
60 .0321 1.9990 2.3105 2.3513

100 .0094 1.9960 2.690S 2.4629
90 .0107 1.9944 2.8204 + 2.4984
80 .0124 1.9936 2.9632 + 2. S585 + 2/
60 .0187 1.9897+ 3.3202+ 2.6448+

100 .0066 1.9921+ 3.2610+ 2.S479+
90 .0077 1.9928+ 3.3766+ 2.S575+
80 .0093 1.9908+ 3.S218+ 2.5977+ 3/
60 .0149 1.9931* 3.8145* 2.6421*

100 .0039 1.9866 4.4184+ 2.625S+
90 .0049 1.9920 4.4669+ 2.6761 +
80 .0061 1.9911 + 4.5488+ 2.6455+
60 .0109 1.9771* 4.S750* 2.7648*

rr E1~~~-th; ;;t-i~-of the var(h2) from B.10.S0.1-1O.0 divided by that from U.20.100.1-10'-O'-Th-e-;a-;(-fl-2)
from U.20.100.1-10.0 is also used in the denominator for the efficiency ratios E5 0 and ES 1.

2/ + indicates a ratio in which the var(h2) from the design i~ the numerator is greater than the criterion,
which is based on a CV(fi2) ,= SO% for'h2 > .2 and on a std(h2)= .1 for h2 < .2.

3/ * indicates a ratio in which the var(h2)-from the designs in both the nume;ator and denominator is
greater than the criterion. O'l

\0



Table 18. A listing of n=500 design allocations com
pared with the n=lOOO design U.20.l00.l-l0.0,
which are in addition to those given in
Table 17.
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Variance of
Family Size

var(fs) = 0

var(fs) ~ 0

SO-Fami ly
Designs

U.20.50.l-l0.0

U.10.50.2-l0.0

U.20.S0.l-l0.2

U.10.SO.2-l0.2

100-Family
Designs

U.10.100.1-5.0

U.10.100.1-5.l

U.10.100.2-5.l
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a lower var(h2) across the range of h2; the effect of var(fs) will give

even lower var(h2) at the lowest h2•

With random loss occurring, the efficiency ratios at a given h2

change little for equal family size 10 designs (in particular, design

names with the last digits 10.0). The buffering capacities for block,

family and plot size, and var(f~) effects are those as previously dis

cussed. Designs with smaller blocks or families than those in

U.20.l00.1-l0.0 are less buffered to loss. The TTP and var(fs} (based

on the same average family size) designs tend to be better buffered

tv loss than U.20.l00.1-10.0. This evidence suggests that total size

(n) itself does not determine buffering capacity. Rather, it is the

size of the block, plot or family which affects buffering capacity.

For two designs with the same size blocks, plots and families, it is

either the total number of observations or the number of biocks, Plots

or families that affect the magnitude of the efficiency ratio.

The relationship of the var(h2) values to the criterion is indi

cated in Table 17. Overwhelmingly, the n=500 designs give var(h2} above

the criterion, even foY' 100% survival. Five hundred observations are

insufficient to meet the imposed standard. The n=1000 design

U.20.100.l-l0.0 is itself above the criterion at 60% and h2 = .1818

and h2 = .0198, showing the limitation to n~lOOO.

The var(h2) profile is determined in these generally unbalanced

designs by the ~ize of blocks, plots and families. The total size of

the experiments determines the magnitude of the var(h2} relative to

a design with the same size b1ocks, plots and families, but fewer or

greater total number of observations. Despite having found an n=500
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design whose var(h2) parallels that of U.20.100.1-10.0, none of the

n=500 designs provide var(h2) values which are less than the criterion

for the lower heritabilities even at 100% survival. Examination of

designs with the same size of blocks, plots and families but with 500

< n < 1000 would allow one to determine the number of observations re-

quired to meet the criterion even with Z% loss.

Effect of Variance Component Sets

There is more than one nonsca1ar-re1ated set of variance compon

ents that can generate a particular h2 (Table 2). To quantify the

effect, if any, of the variance component set used, a ratio is constructed

of the var(h2) based on the type a~ > a~ = .005 divided by that from

the type a~ = a~. The types are equivalent for' h2 .= .0198. The ratio

for all STP designs is one plus or minus less than 1% across levels

of loss and h2• The variance component set effect is illustrated with

the U.20.100.1-10.0 design (Table 19). The values at 100% are also

given by McCutchan et a1. (Appendix A). The ratios from the multiple.

tree plots are decisively less than one. In each design (Table 19),

these ratios increase as h2 decreases and loss increases. As seen by

comparing the ratios from U.20.100.2-10.0 with U.20.50.2-20.0, the 100·

family design comparison is more sensitive to a change of variance com-

ponent than the 50-family case. The block size does little to affect

these profiles as seen by comparing the ratios from U.20.100.2-10.0

to 8.5.100.2-10.0 which have the same size of families and plots. The

plot size greatly influences the magnitude of this ratio. A comparison

of the ratio profiles for 8.2.100.5-10.0 with either U.20.100.2-10.0

or 8.5.100.2-10.0 across h2 and levels of loss reveals this result.



Table 19. Design efficiency ratios as affected by the variance component set type. The ratios are of the

var(h2) based on a~ > a~ divided by var(h2) based on a~'= a~. given a~ = 2 and o~.= 1.

STP Multiple-Tree Plot Designs
h2 Number of Design

Observations U.20.100.1-10.0 U.20.100.2-10.0 U.20.50.2-20.0 8.5.100.2-10.0 8.2.100.5-10.0

1.0000 1000 1.00004 .838 .908 .840 .477
900 1.00039 .846 .912 .849 .493

.3333 1000 .99999 .908 .938 .909 .670
900 .99996 .915 .941 .914 .689

.1818 1000 1.00003 .941 .956 .942 .780
900 1.00024 .946 .959 .948 .796

"-l
W



74

Additional effects or the variarlce component sets were evaluated

with designs listed in Table 20. The ratios f0r vaY'iable family size

designs contrasted to those for comparable equal family size designs

are less at high h2 and highet' at lOW h2. The effect of total size

on these comparisons is, as mentioned in the last section, one of the

size of the blocks, plots at' famil ies. The ratio profile of

U.10.50.2-10.0 at 100% survival is .838, .908, .941 at h2 ~ 1.0, .3333,

.1818, respectively, which is also that of U.20.100.2-10.0, a design

with equal block, family and plot size.

Simplification is gained if design recommendations can be based

on h2 rather than its compr-ising components. Since STP design var(h2)

values from different variance component set types are the same for

a given h2, except for the small differences generated by different

values of o~ (to be discussed), an efflciency ratio invulving solely

STP designs is close to being invariant to the variance component set

type employed. Based on results given in Table 19, ratios involving

MTP designs are expected to differ depending upon the variance component

set used. Of primary concern is whether our design decisions would

d'iffer depending upon the variance component set.

All previous tables on design effects are based on the type a~ ~ a~.

Tables in this section are based on the type cr~ > cr~ and are presented

only for design comparisons involving multiple-tree plots. Note: all

block comparisons involved only STP designs.

The effect of plot size with the variance component set type

cr~ > a~ is shown in Table 21 fur the same comparison as in Table 6.

The STP designs are again more efficient with this type; however, the



Table 20. Multiple-tree plot designs, in addition
to those given in Table 19, for which the
effect of variance component set type on
design efficiency was evaluated.
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Variance of
Fami ly Size

varUs) = 0

varUs) 1 0

n=1000 Designs

8.4.25.10-40.0

U.20.50.2-20.4

U.20.100.2-10.3

n=500 Designs

U.10.50.2-10.0

U.10.50.2-10.2

U.10.100.2-5.1



76

Table 21. Design efficiency ratios as affected by plot size. The ratio
(ETTP ) is of the var(ti2) from a TTP design to that from a
STP design given 100 families of equal size 10 trees, 20
blocks of size 50, n=1000 and the variance component sets

o~ = 2, o~ > o~. o~= 1. These comparisons are the same
as those in Table 6 based on the variance component set type
2 2

of = 0p'

Plot Size

h2 Number of STp1/ TTp2/Observations
var(h2) ETTP

37

1.0000 10004/ .0215 1.035
900 .0230 1.036

.3333 1000 .0094 1.073
900 .0107 1.077

.1818 1000 .0066 1.099
900 .0077 1.103

1/ Data for the STP effect are from design U.20.100.1-10.0.

2/ Data for the TTP effect are from design U.20.100.2-100.0.

3/ ETTP is equal to the var(h2) from the TTP design divided by that
of the STP design.

4/ 900 observations for a n=1000 design indicates that 10% random loss
of individuals has occurred.
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margin of efficiency has decreased due to the reduction in var(h2) in

the TTP design. The buffering trend is reversed from that based on

o~ = o~. The STP design is slightly better buffered to loss than the

TTP design based on O~ > O~.

The effect of block and plot size is given in Table 22 based on

the type o~ > o~. These comparisons are presented also in Table 8 for

the type O~ : O~. As with the plot effect just described, these effi

ciency ratios are all lower with the o~ > O~ type. The efficiency of

small block-STP design compared tG the larger bleck-MTP design is re

duced compared to design efficiency ratios based on the type a~ = o~.

Overall, the same conclusion would be made as that based on the O~ = o~

type; the 40-block-STP design is most efficient. The exception to this

is the 5-block-TTP design which is more efficient at h2 = 1.0 based
2 2on of > op type. The larger block-MTP designs showed cunsistently

better buffering to loss under o~ ::" o~. This conclusion cannot gener

ally be made based on the results in Table 22 (or for the MTP design

results not given).

The effect of family size is shown in Table 23. The efficiency

ratios based en the a~ > o~ type are higher overall than those based

on the a~ = a~ type, although ttle general profiles and buffering c~paci

ties appear similar. The 100-family designs show a larger reduction

in var(h2) with O~ > O~ type over the O~ :: O~ type compared with 50

family designs (Table 19); with the var(h2) ft'om the 100-family designs

in the denominator of the efficiency ratios, the design efficiency ratio
2 2 2 2Ef =50 based on of > op is hence greater than that based on of :: 0p'

The h2 at which the 50 and 100 families are equally efficient is in

the range .33 < h2 < 1.0.
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Table 22. Design efficiency ratios as affected by block-plot size.
The ratio (E b_tTP ) is of the var(h2) from a b block-t tree
plot design to that from a 40 block-STP design, given 100
families of equal size 10 trees, n=1000 and the variance

2 2 2 2 These comparisonscomponent sets 0B = 2, of > 0p, Ow = 1.
are the same as those in Table 8 based on the variance com-
ponent set type o~,= O~.

Number of Blocks and Trees per Plot

h2 Number of 4011 202/ 53/ 24/
Observations STP TTP TTP FTP

var(h2) E20_TTP
5/ E

5
_

TTP E
2
_FTP

1.0000 10006/ .0219 1.0158 .9888 1.0612
900 .0235 1.0153 .9863 1.0693

.3333 1000 •0096 1.0483 . 1.0099 1.2483
900 .0109 1.0485 1.0077 1.2649

.1818 1000 .0068 1.0719 1.0292 1.3913
900 .0080 1.0712 1.0261 1.4042

1/ Data for 40 blocks and STP effect are from design U.40.100.1-10.0.

2/ Data for 20 blocks and TTP effect are from design U.20.100.2-10.0.

3/ Data for 5 blocks and TTP effect are from design B.5.100.2-10.0.

4/ Data for 2 blocks and FTP effect are from design B.2.100.5-10.0.

5/ E20-TTP is the efficiency ratio of var(h2) from a 20 block-TTP design
divided by that from a 40 block.STP design. For each of the effi
ciency ratios, the var(h2) from the 40 block-STP design is in the
denominator.

6/ 900 observations for a n=1000 design indicates that 10% random loss
of individuals has occurred.
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Table 23. Design efficiency ratios as affected by family size. The
ratio is of the var(h2) from U.20.50.2-20.0 to that of
U.20.l0~.2-l020 (Ef=50l/~ for two types of variance component
sets, glven Os = 2 and Ow = 1.

Variance Component
h2 Number of Set Type

Observations 2 2 2 2
of = 0p of > 0p

1.0000 100021 1.345 1.457
900 1.307 1.410

.3333 1000 .959 .991
900 .920 .947

.1818 1000 .773 .785
900 .744 .754

11 Ef =50 is the var(h2) from the 50-family design divided by that from
the 100-fami1y design.

21 900 observations for a n=1000 design indicates that 10% random loss
of individuals has occurred.
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Equal efficiency of tile variable and equal family size designs

(Table 24) is achieved is in the range .18 < h2 < .33 based on the two

"

types of variance components.

ratios based on a~ = a~ and a~

when comparing the ratios at a

The differences between the efficiency

> a~ are small. although as can be seen

given h2 with loss. conclusions about

buffering capacity at the higher heritabilities would differ.

The effect of variance component set type on the comparison of

n=500 designs to n=1000 designs is given in Table 25. Since the var(~2)

in the denominator is of a STP design. the E10 •0 presented in Table

25 effectively reflects the reduction in var(fi2) based on a~ > a~ com

pared with a~ = a~. The TTP designs in general have a lower var(h2)

profile based en ai > a~ than with a~ = a~. However. the general con

clusion based on the a~ = a~ type pertains here as well.

The effect of variance component set types is only on the MTP

designs. The STP designs yield var(h2) values from the types a~ = a~

and a~ > a~ which are within 1% of each other. Values for MTP designs

based on these two types are most different at h2 = 1.0. decreasing

in difference with increasing loss and decreasing h2• The FTP design

provides values of greater difference than the TTP designs. The 100

family designs are more sensitive to these variance component set types

than 50-family designs. The efficiency ratios involving MTP designs

based on a~ = a~ and a~ > a~ types differed primarily in the magnitude

of the ratio and in the buffering capacity. The h2 of equal design

efficiency remains in the same range; efficiency rankings of designs

over the range of h2 are generally the same based on either set type.
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Table 24. Design efficiency ratios as affected by variance on family
size. The ratio is of the var(h2) from U.20.100.2-10.3 to
that from U.20.100.2-10.0 (EV=601/) for two types of variance
component sets, given a~ = 2 and a~ = 1.

Variance Component
h2 Number of Set Type

Observations 2 2 2 2aF = ap aF > ap

1.0000 10002/ 1.213 1.210
900 1.208 1.219

.3333 1000 1.073 1.092
900 1.044 1.064

.1818 1000 .926 .936
900 .898 .908

1/ EV=60 is the var(h2) from U.20.100.2-10.3 divided by that from
U.20.100.2-10.0.

2/ 900 observations for an=1000 design indicates that 10% random loss
of individuals has occurred.
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Table 25. Design efficiency ratios as affected by the total size of
the experiment. The efficiency ratios are of the var(h2)
from a n=500 design U.10.50.2-10.0 to a n=1000 design

U.20.100.1-~0.0 (~10.01/) fO~ two types of variance compon
ent sets. glven Os = 2 and Ow = 1.

Variable Component
h2 Survival Set Type

(%) 2 2 2 2
of = 0p of > 0p

1.0000 100 2.465 2.064
90 2.440 2.069

.3333 100 2.361 2.144
90 2.347 2.154

.1818 100 2.335 t 2.199t 2/
90 2.331 t 2.506 t

1/ E10•0 is equal to the var(R2) from U.10.50.2-10.0 divided by that
from U.20.100.1-10.0.

2/ t indicates a ratio in which the var(h2) from the design in the
numerator is greater than the criterion. which is based on a CV(n2)
= 50% for h2 ~ .2 and on a std(h2) = .1 for h2 ~ .2.

"
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The cause of the apparent invariance of STP designs to variance

component set types can be seen by examining the sets of variance com

ponents themselves. Since only the sum of the plot and within-plot

variance components is estimated, the two types of variance component

vectors (0
2

0
2

0
2

0
2)1 can be written as vectors of (02 0 2 0 2 + 0 2)1B F P W B F P W

(Table 26). The vectors of Table 26 can be scaled, dividing each term

by the value of O~ + o~ (Table 27).

These two types of variance component sets for a given h2 are

essentially proportions except for the value of the block component.

The block component for the O~ > O~ type is larger than that of the

o~.= o~ type. This near-proportionality relationship of the two types

of variance component sets explains the apparent invariance of STP de

signs to set type. As noted in the methodology section, the block com

ponent does influence the var(h2), as it is involved in calculating

the variance-covariance matrix of the estimates of the variance com-

ponents (Eq. 3).

The relationship of the components in generating h2 is simpli

fied for STP.

where O~I is the scaled family component, such that the scaled value

of O~ + O~ = 1. A unique scaled family component is found for each

h2 by solving the above equation:

2 2 2
0FI = h 1(4 - h ).



Table 26. Variance component set types with the plot
and within-plot terms expressed as their sum
(02 02 02 + 02) IB F P W·

2 2 02 > 02 h2
of =0p F P

(2 .5 1. 5) (2 .335 1.005) 1.0000

(2 .1 1.1) (2 .09136 1.005) .3333

(2 .05 1.05) (2 .04786 1.005) .1818

(2 .005 1.005) (2 .005 1.005) .0198

Table 27. Rescaled variance component set types
2222. 22(oB of 0p + oW) t such that op + Ow = 1.

2 2 02 > 02 h2
of =op F P

(1.3333 .3333 1) (1. 9900 .3333 1) 1.0000

(1.8182 .0909 1) (1. 9900 .0909 1) .3333

(1. 9047 .0476 1) (1. 9900 .0476 1) .1818

(1. 9900 .0050 1) (1. 9900 .0050 1) .0198

84
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The var(~2) based on a STP design will differ then only depending

upon the value of cr~.

The difference in var(h2) values for TTP designs based en the

two sets at high h2 can be interpreted through the AOV. For' a given

set of d.f., both the family and plot components are smaller in the

cr~ > cr~ type than in the cr~ = cr~ type. The variances of their estimates

are consequently less, resulting in a lower var(h2) value for the cr~ > cr~

2 2than the crF = crp type.

Sampling Variability in Average Var(h2) Values

Two independent samples are averaged for the cases of 90%, 80%

and 60% survival to obtain the var(n2) value (Appendix C). Variation

of var(h2) is due to the sampling a5sociated with survival. The var(h2)

reported for cases of less than 100% surviva1 is actually var(h2).

The var(h2) is given as var(h2). The CV of the var(h2) is calculated,

where CV(var(h2))= (.vvadvar'(h2))/var(h2)) x 100%. Although these

CV·s are based en only 1 d.f., particularly higher CV·s, ranging from

1% to 8.8%, are typically associated with the var(h2) from designs with

variable family size evaluated at h2 = .1818 and h2 = .0198 and low

sur'vival, 60% and 80%. These designs are primarily those with the vari

ance component set type cr~ = cr~; only 90% survival is evaluated for

the type cr~ > cr~. The array of designs with CV(var(h2)) > 1% indicates

where sampling problems exist. In particular, it flags designs whose

average var(h2) is sensitive to the distribution of random loss of

observations. The sampling error discussed here is not the conventional

view of sampling d~e to different individuals being observed. As indi-

cated in earlier sections, inconsistencies in buffering capacity to
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loss are observed in comparisons involvlng variable family size de5igns.

primat'ily with n=500. and at low h2 and 5urvival. This suggests that

at least two of the design effects discussed have greater sensitivity

to sampling. that of variable family size being most pronounced. fol-

lowed by that of n=500.
~~

The CV of var(h~) indicates the variability of the two samples.

It does not. however. indicate if the mean var(~2) value based on two

samples differs from that of X samples (X »2). Of prime concern is

how such sampling variation affects efficiency ratios; if there is an

effect. does it depend upon the h2 or the survival rate.

To ascertain the effect of variable family size on the variation

of var(h2). two designs were chosen to examine how the CV(var(h2))

changes for each with 2 to 20 sample5 (independent of those given in

Appendix C). The n=500 designs U.10.100.1-5.0 and U.10.100.1-5.1 were

chosen for this purpose as well as to examine the design efficiency

ratio EV=15 with 2 and with 20 samples.
A~

The mean var(h~) based on 2 to 20 samples are given in Appendix

o for each U.10.100.1-5.0 and U.10.100.1-5.1 at 90% and 60% survival

across h2•

The pattern of the Cv(var(~2)) for a large number of samples is

similar for all of the eight survival.h2 cases studied per design:

the CV asymptotes to a value that is higher with loss and with lower

h2• The overall change in the CV with sampling"is rel&tively small.

although. as noted with few samples. it can be affected by which obser

vations are lost by each sampling.
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The CV{var{h2)) for 20 samples is given by h2 and survival (number

of observations) in Table 28 for each design. The CV{var{h2}) is lower

for the equal family size design than that with variable family size

in every case.

In Table 29 the efficiency ratio profile for U.IO.IOO.1-5.1 is

compared to that from U.10.100.1-5.0, based on 20 samples and also for

a disjoint set of two samples. The comparable eff'iciency ratios based

on 2 and 20 samples are similar with minor differences occurring at

low survival. One difference that does occur is that with two samples

the buffering effect at h2 = .0198 is not consistent, while with 20

samples the variable family size design is consistently better buffered

to loss. There is not a large gain in buffering; however, the consis

tency in buffering brought about with a large number of sanlples indi-

c~tes how sampling error can affect the buffering.

These results confirm two things.

(1) The mean var(h2) value is subject to sampling error, particu

larly with variable family size designs. Minor differences

occur with sampling in the efficiency ratios. Inconsistencies

arise in the buffering capacity of a certain effect with two

samples.

(2) Results based on 20 samples verify the n=1000 findings that

the mean var{h2) values from variable family size designs

are better buffered tc loss than those from equal family sized

designs.

While the mean var(h2) from a vat'iable family size design is

better buffered to loss than that from an equQl family size design,



Table 28. CV(var(h2)) based on 20 samples for the
U.10.100.1-5.0 design (var(fs) = 0) and
the U.10.100.1-5.1 design (var(fs) = 15).
Each design has n=500.

,.
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Number of
Observations

1.0000 450
300

.3333 450
300

.1818 450
300

.0198 450
300

Variance on
Family Size

0 15

.08 .38

.39 .90

.12 .58
1.27 2.32

.20 .88
1.34 3.15

.35 1.23
1.74 3.76
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Table 29. Design efficiency ratios as affected by variable family size.
Ratios are based on samples of 21/ and 20 for the cases of
loss. The designs compared are U.10.100.1-5.0 (var{fs)=O)
and U.10.100.1-5.1 (var{fs)=15) with the variance component

2 _ 2 2 2 2/sets Os - 2, 0F= 0p, 0W'= 1.

20 Samples 2 Samples

h2 Number of Variance in Variance in
Observations Family Size Fami 1y Size

0 15 0 15

var{h2) EV=15
3/ var{h2) EV=15

1.0000 5005/ .03684/ 1.1816 .0368 1.1816
450 .0414 1.1559 .0415 1.1542
300 .0708 1.0227 .0707 1.0181

.3333 500 .0245 .9202 .0245 .9202
450 .0291 .8878 .0291 .8865
300 .0590 .7832 .0593 .7743

.1818 500 .0209 .7861 .0209 .7861
450 .0253 .7685 .0253 .7696
300 .0542 .6941 .0543 .7028

.0198 500 .0169 .5982 .0169 .5982
450 .0210 .5972 .0210 .6064
300 .0482 .5748 .0483 .5706

1/ The values based on sample size 2 are those given in Appendix C.
The sample of size 20 is disjoint from this former set, its values
being listed in Appendix D.

2/ The relationship of the values presented here to the criterion are
not given. Please refer to Appendix C for such information on the
2 sample data.

3/ EV=15 is equal to the var{h2) from U.10.100.1-5.1 divided by that
of U.10.100.1-5.0.

4/ Data for 100% survival are identical regardless of the number of
samples.

5/ A number of observations less than n=500 represents a case where
loss has occurred, where loss = ({n - number of observations)/n) x
100%.
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the variable family size design is apparently sensitive to the particu

lar observations which are lost. In terms of anyone given trial, this

means that an equal family size design is more likely to be closer to

its long-run average value than a variable family size design.

To improve upon the consistency of the buffering trends, 6 to

10 samples for variable family size designs are suggested, especially

at h2 < .3333 and 60% survival.

Effect of Correlated Error Terms

A model was proposed and developed in the methodology section

to study the effect of plot size on the value of h2• The design alloca

tions studied are the block and plot sizes from the design cube (Figure

1), evaluating these effects as being balanced. It is assumed that

50 or 100 families equally sampie the genetic population and give the
2same of value. The effect studied, therefore, is the apportionment

of true random variance among blocks and plots. Consequently, the cal

culated heritability, h~ (Eq. 8), is based on the particular arrangement

of the blocks and piots on a given field and their sizes. This mode

of comparison is in contrast to all other design comparisons. Previ-

ously it was assumed that designs were laid out onto flelds and provided

the same set of variance components.

The calculation of h2 requires only the average interblock corre-
P

lation coefficient (P2)' and hence. the value of h~ for a given blcck-

plot size applies to either n=1000 or n=500. For each A (of Pd =Ad)

and block-plot combination, PI' P2, P3 and h~ are given for h2 < 1.0
~ 2 2

(Table 30). For h~ ~ 1.0, h
p

= h since all variation is genetic.



Tab le 30. Average intraplot correlation (PI)' intrablock correlation ((2). interblock correlation
((3) and heritability calculated under this correlation structure (h~) for a given h2•
block and plot size and A. The P3 values are for n=1000.

Block Plot h2
A PI (:>2 P3

P
Size Size h2=.3333 h2=.1818 h2=.0198

.99 50 2 .99 al .9595 .71812 .9252 .8460 .3331
50 1 n.d. .9602 .71812 .9262 .8480 .3365
25 1 n.d. .9737 .72400 .9501 .8943 .4349

.90 50 2 .90 .6621 .12377 .5967 .3967 .0564
50 1 n.d. .6669 .12377 .6002 .4002 .0572
25 1 n.d. .7615 .13537 .6770 .4823 .0781

.50 50 2 .50 .1218 .00353 .3628 .2020 .0225
50 1 n.d. .1296 .00353 .3648 .2034 .0227
25 1 n.d. .2102 .00478 .3877 .2196 .0249

.05 50 2 .05 .0037 .00004 .3341 .1824 .0199
50 1 n.d. .0046 .00004 .3344 .1825 .0199
25 1 n.d. .0087 .00005 .3353 .1831 .0200

II n.d. ,= not defined

\0......
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The main source of differences among h~ is the value of~. In

the most dramatic case of 25-tree blocks with STP and ~ = .99, h~ is

2.9 up to 22 times that of h2• The differences among h~ deflned by

different design allocations are that the h~ from 50 blocks of TTP is

less than that from 50 blocks of STP which is less than that of 25

blocks of STP; this same relation5hip is true for P2' The average

intrablock correlation for 50 blocks of STP is larger than that with

TTP because it includes all correlations in the block; P2 for 50 blocks

of TTP includes all correlations less 25 of distance 1, i.e., 25 intra

plot correlations. The P2 for the 25-tree block is larger than that

for a 50-tree block because a smaller block has fewer long distances

which reduce the average intrablock correlation coefficient. The P2

differ the most among block Sizes, in terms of relative magnitude, for

.3 < A < .7, where the P2 of 25-tree blocks is about twice that of P2

for 50-tree blocks. The interblock correlations (P3) are given in Table

31 for n=1000 and rl=500. The small trial, having a larger proportion

of smaller interblock distances among trees than that with n=1000, has

consequently a larger P3'

The assessment of the effect of the plot size on the heritability

is brought out by the biological implications of a trait with h2 = .93

versus one With h2 = .33. These two her'itabilities suggest different

selection strategies for improving a trait, mass selection in contrast

with family, respectively. The amount of genetic variation has not

changed; the environment of a given field has been differentially

sampl~d, and heritability, being a function of both genetic and environ-

mental variation, is consequently expected to differ. The appropriate



Table 31. Average interblock correlation (P3)
for n=1000 and n=500 for a given A
and block size.

Block P3
Size n=1000 n=500

.99 50 .71812 .83122
25 .72400 .83732

.90 50 .12377 .22415
25 .13537 .24267

.50 50 .00353 .00704
25 .00478 .00941

.05 50 .00004 .00007
25 .00005 .00010

93
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use of a given h~ depends on both the genetic and environmental popula~

tions to which inferences are to be made.

If the variance component field design is also used as a source

of selection. then h~ based on the genetic and environmental variances.

as calculated under correlation. are appropriate for this environment.

If h~ is to be used to make inferences about the genetic population

sampled yet grown in another environment. or merely. another experi~

mental design in the same environment. then the amount of random vari~

ation (a2) and correlations (P2) of both environments need to be

assessed to properly adjust h~ for the field of inference. The latter

case necessitates the estimation of P2' While beyond the scope of this

thesis. it will merely be stressed that the appropriateness of herit~

ability depends upon the environmental sampling as well as that of the

genetic.

The level of correlations in forestry field trials is unquanti~

fied. The correlation is expected to change over time as intergenotypic

competition sets in. If such a value is quantified. it could also be

used to help interpret changes in the variance components over time

(Namkoong and Conkle 1976).

If one of the three block-plot designs were to be put onto a given

piece of land. the most efficient design is that with the lowest

var(~2). Variance of ~2 profiles for these designs with a given number

of families have been established. However. for this comparison. the

var(~~) is compared. which might be based on two different values of

h~. one from each design. each based on the same amount of genet1c vari

ation.
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Com8arison of Var(h2) Values from ML
ontrasted with Those from MML

The ratio of vayo(h2) from ML to that from MML is given for each

design, variance component set type, h2 and survival level (Appendix

C). Within the limitations of design studied here, the var(h2) from

MML is never smalier than that of r-1L. It is at most .8% greater than

the var(h2) from ML (8.40.25.1-40.0, o~ = o~, h2 = 1, 60% survival).

A small but consistent effect uf the two estimators at a given h2 is

that the var(h2) based on ML is increasing sma11er than that from MML

with loss. The ML procedure is slightly more robust to ioss than the

MML procedure. A less consistent effect for a given level of survival

is that the var(h2) from the two procedures are less different as h2

decreases.

The overall slight gain in efficiency with the ML procedure com

pared to that for ~1L can be seen as the cost of restricting MML to

the space free of fixed effects. The MML estimates are the MIVQUE when

the variance components are known. Maximum likelihood estimates have

been shewn to be biased in a simulation study for a one-way model

(Swallow and Monahan 1984), although the bias becomes negligible as

the number of groups increases. The bias in ML estimates here may also

be negligible, yet this is unknown. These results suggest that even

lower variance on the estimates can be obtained for the levels of un~

balance and variance components studied by allowing possibly biased

estimates. The inclusion of only unbiased estlmates excludes trivial

estlmates which have no variance.
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Since the var(h2) calculated from either method is within .8%

of each other, conclusions made on design effects based on ML would

be similar to those based en ~~L.

Applicability of Results

Based en the criterion of var(h2), STP and large block designs

are found to be uniformly more efficient across the range of h2 for

a given set of variance components. The effect of family size on design

efficiency depends on the h2 of interest, with the effect of variance

on family size on design efficiency being essentially that of increased

average family size. For the fixed experilliental size n, the design

efficiency with the larger sized block, plot or family has a higher

buffering to loss than that with smaller sized olock, plot or family.

The state of balance in itself is not of apparent benefit in terms of

design efficiency. In fact, the enhanced flexibility in unbalanced

designs to increase the number of levels or to allow variance on family

size can increase efficiency over the possible balanced designs, in

at least certain portions of the h2 range.

Direct applicatlon of these results for improvement of h2 estima-

tion is possible in a program where mass selection and a similar field

design is used. For breeding programs based on family selection, these

results are only indirectly applicable; in a sense, being viewed as

basic research for such applications. Influential design effects are

flagged in this research which may also have influenced on design com-
A 2 2

parisons based on another criterion, such as var(hF), where hF is the

heritability based on family means. The MIVQUE methodology presented

here is applicable to other models; only specification of the particular
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parameters and variances of the estimates thereof are required. In

particular, this methodology can be used as a tool to evaluate currently

used field designs for the "quality" of estimation of variance compon

ent(s) or function(s) of interest, and to examine ways for design im

provement if needed. As mentioned previously, in analyzing data, MIVQUE

is not available since the variance components are unknown. However,

MML estimates can be obtained by iterating the MINQUE algorithm and

the asymptotic variance-covariance formula for these estimates is the

same as that for MIVQUE.

Expressing the average intraclass correlations in terms of the

spatial correlations, and, in turn, as a function of some attenuation

rule, provides a demonstration of the change in variance components,

and hence h2, as plot and block sizes change. The existence of environ

mental gradients and patches sweeping over flelds is cited (McCutchan

1982, SWindel and Squillace 1980), as well as means of assessing or

adjusting for its existence proposed (Warren and Mendez 1982, Wright

1978). Development of methodology that allows for the direct estimation

of such correlations in the presence of a "treatment" effect would be

of substantial benefit in analysis and interpretation of results. One

such design aspect is the inclusion of clones throughout a genetic

half-sib trial which would allow for the estimation of correlation based

on the clenal data, as well as the variance among half-sib families.
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CONCLUSIONS

The main objective of this study is to compare the efflciencies

for heritability estimation of randomized block design allocations with

a half-sib family structure in cases of both planned and unpldnned un

balance. Heritability is a function of variance components. The vari

ances of the best quadratic unbiased estlmates of the variance

components al'e computed assuming that the true components are known.

The variance of the estimate of heritability (var(h2)) is approximated

as a variance of a ratio, utilizing the variances of these estimates.

Planned balanced and urlbalanced designs are assessed for the lowest
A? 2

value of var{h~) fur each of f0ur levels of h , four levels of survival

and two types of variance component sets: 1.0000, .3333, .1818 and

.0198; 100%, 90%, 80% and 60% survival; and a~ = a~ and a~ > a~, re

spectively. The effects evaluated for design efflciency are block size,

plot size, family size, family size variation and t0tal nunlber of

observations.

Balance in itself is not 0f apparent benefit in terms of design

effitiency. The heightened flexibility in unbalanced designs to enlarge

the number of levels of blocks or families or allow variance on family

size can increase efficiency over the possible balanced designs in at

least certain portions of the h2 range.

The effect of block size on design efficiency is studied assuming

that they are la1d out on different pieces of iand such that var'ious

block sizes can be compared for the same set of variance components.
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For the same set of var'iance componE:nts and 100% survival, designs with

40 25-tree blocks have at mo~t a 3% efficiency cost re1atlve to designs

with 20 50-tree blocks. There is a 5% efficiency cost of using 40 25

tree block designs compared to 10 100-tree block designs. The designs

with larger blocks are also better buffered to loss than those with

smaller blocks, being more efficient With up to 40% loss for all h2

values examined. A problem in using larger block designs, however,

is that there are fewer large homogeneous sites than small homogeneous

sites. The practical application of these results, in terms of using

a 20-block 50-tree block, depends upon the Willingness to pay the cost

of obtaining blocks of twice the size of 40 25-tree blocks in order

to achieve a 3% gain in efficiency.

As with the block effect, the larger plot (TTP) designs tend to

be better buffered against random tree loss than the smaller plot (STP)

designs. However, it is the designs with STP that are always so much

more efficient than those with TTP that, despite not being as well buf-

fered to loss, remain more efficient. The STP designs are also only

sensitive to the magnitude of the block variance components for a given

h2, which indirectly affects var(h2). Two-tree plots, and multiple-tree

plots in general, are sensitive to the magnitude of each of the variance

components, increasingly so with plot size. The level of sensitivity

observed is in general not enough to change design ranking recommenda

tions. Decisions based on buffering capacities for different types

of variance component sets, however, are not compatible.

On combining the effects of blocks and plots, designs with smaller

blocks and STP are more efficient at all levels of survival and h2
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studied than designs with larger blocks and TTP, even though the former

design allocation )s less buffered to loss. For the combinations of

block and plot size examined, the efficiency of designs with STP (in

small blocks) is greater than that of designs with larger blocks (using

TTP). This combination of block and plot size effects is a trade-off

of their individual effects. Extended design comparison~ indicate that

the optimum block-plot combination is a design with few large blocks

and SlP.

As stated by McCutchan et al. (Appendix A), a design with a larger
'1

number of smaller families is more efficient at moderate to high h~,

'1

whereas at h~ generally less than .33 a design with a fewer number of

larger families is more efficient. Based on several family Sizes, we

can see that for a given h2 there is an optimal family size design for

minimizing var(~2). The larger family size designs provide better buf

fering to loss, similar to the response of larger blocks or plots, there

by becoming mQt'e efficient \'1ith "loss than they are at 100% survival.

Since both the plot and block size affect design efficiency in a consis

tent manner over h2 (in part"icular, designs with larger blocks or STP

at'e always more efficient than designs with smaller' blocks or TTP} ,

then block and plot sizes can be recommended for designs to est)mate

"h~ aCt'OSs its range, whereas the number and size of families depend

on the h2 of interest.

As suggested by McCutchan et ale (Appendix A), designs with larger

variance of family size are investigated and found to be even more effec-

tual at low h2 in contrast to designs "lith equal size families. Inter

estingly enough, the designs with variable family size are also better' tit
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buffered to less for at lea5t lower h2. The variable family sized

designs receive an asymmetric response ft'om their larger families rela·

tive to the smaller ones. The buffering response of the variable family

size designs compared to equal family size designs at lower h2 is simi-

lar to that observed with larger family designs (20 trees per family)

compared with smaller family designs (10 trees per family). ihe mean

var(h2) from designs with variable family size tends to be sensitive

to the distribution of random loss of observations. These designs pro

duce a larger coefficient of variation on var(h2) than comparable

designs with equal family size, as shown with samples of size 20.

The n=1000 observation designs yield var(h2) values that are less

than the criterion std(h2) = .1 for h2 ~ .2 and CV(f,2) = 50% for

h2 ~ .2. Exceptions to this are at h2 = .1818 (and h2 = .0198) and

60% survival. The SOO-observation designs produce var(h2) whic~1 are

frequently above the criterion except at h2 = 1.0 and all survivals.

The most efficacious manner to reduce from a lOOO-observatlon

design U.20.l00.1-0 down to a SOD-observation design is to maintain

the same family, block and plot sizes while halving the number of fami

lies, blocks and plots. This SOO-observation design has a vat'(h2) pro

file parallel to that of the lOOO-observation designs, where the

differenCe in actual values is inversely proportional to the difference

in n.

All the values of var(h2) are an average of two independent sam

ples. The designs with variable family sizes tend to have higher CV's

on these var(h2), particularly at low h2 and low survival. To examine

the validity of methodology employed, the CV(var(h2)) is examined with
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2 up to 20 independent samples for a variable and a nonvariab1e family

size design. Based on 20 and 2 samples, a maximum of only 3% difference

in the design efflciency ratios for the effect of family size variation

results. This difference, due to sampling random loss distributions,

does not change the picture of design efficiency. The greatest benefit

in additional sampling is to stabilize the mean var(h2) in order to

observe the buffering effect with different levels of loss. Consis

tent trends in buffering can be seen for the variable family size design

with 20 samples; sampling variation with 2 samples tends to show incon-

sistencies.

A demonstration is given of how plot and block size infiuence

the magnitude of the variance components, and consequently, h2• For

this demonstration, the average correlations are expressed as functions

of spatial correlations, where a given spatial correlation of distance

d is calculated as Pd = Ad. Heritability does differ depending upon

the plot size and also the value of A.

A comparison of the var(h2) results based on MML and ML procedures

shows that there is less than 1% difference between the results of these

two procedures given that the variance components are known. The

var(h2) based on ML is always, if anything, less than that from MML.

The results of efficiency comparisons using either method would be gen

erally the same. The observed difference between methods refiects the

difference between the minimum variance of unbiased estimates (MML)

and that variance from possibly biased estimates (ML).

Overall, design fiexibility is greatly enhanced by being able

to use planned unbalanced designs. Use of efficient ML type estimates

"
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is afforded by the recent computatlonal methodology. Based on the

effects studied here, the use of designs with STP in larger blocks is

recorrmended if the plots within blocks have homogeneous variances-

smaller blocks if the above is not possible. A recommendation of using

a design with a particular size of families depends upon how much is

known about the levels of h2 to be estimated. If the heritabilities

to be estimated are in the low, mid or high range, then the size of

families needed'is indicated by the results. However, to estimate h2

across the entire range without weighting any portion of the range

heavier than the others, a large number of small families is required

to estimate h2 well at high h2, and fewer larger families, at lower
"h'. This strategy essentially puts variance on family size using &

large number of families. Sinc~ designs with variable family size are

also better buffered to loss than equal family size, this brings addi

tional benefit to this scheme.

As mentioned above, with 500 observations, the values of var(h2)

for h2 ~ .33 and all survival rates are commonly above the criterion.

More than 500 observations are needed to provide this standard for estl

mation. With 1000 observations, only at 60% survival and h2 _ .1818

are there consistent problems in being above the criterion. If one

could assure a certain level of survival, the total number of observa-

tions could be reduced below 1000.

There are several issues of interest to the work discussed in

this dissertation that were not addressed. These are questlons of

direct applicability to the study:
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(1) Having assumed normality for the analysis, what is the Y'obustness

of these normality assumptions to unbalanced data?

(2) One cause of improper blocking on site heterogeneity is the impo~i

tion of equal sized blocks. what is the efficiency of designs

with variable block sizes in contrast to those with equal block

sizes?

(3) Only a uniform probability loss function was assessed for loss.

How would the results presented here change with a loss probabil"ity

density function other than the uniform?

(4) The emphasis in this study has been solely on the estimation of

variance components, in particular h2• Practicing tree improvement

programs estimate variance components as part of the goals from

genetic test data. How do these genetic tests compare with each

other and to a criterion for estimating h2 or other functions of

the variance components?

(5) The model studied here is relatively simple with respect to the

environment and genetic structure. What are the design efficien

cies if we extend the model to include a full-sib family structul"e,

replication over environments, cost of each effect, multiple traits

and estimation of fixed effects, such as family means?

Computational feasibility allows the use of efficient maximum

likelihood estimators whose properties are known even with unbalanced

data. Use of planned unbalanced designs extends design flexibility

to achieve the number and size of levels needed for efficient estimation

and to allow for proper blocking on environmental effects. The

methodology employed in this study to evaluate design efficiency for
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estimating h~ can analogously be empioyed for other parameters. This

sort of a priori examination of design efficiency offers the experi

menter a strong tool in achieving experimental design objectives.
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A Comparison of Planned Unbalanced Designs

for Estimating Heritability in Perennial Tree Crops

B. G. McCUtchan, J. X. Ou, and G. Namkoong

SUMMARY

One hundred families of average size ten are allocated in

single-tree plots to twenty blocks in several planned unbalanced

designs. Based on the variance of the estimate of heritability

from the Minimum Variance Quadratic Unbiased Estimates and 100% e
survival, the three partially balanced designs are equally effi

cient. A design with variable family size is more efficient for

heritabilities (h2) generally less than 0.25: an equal family size

design is more efficient for h 2 generally greater than 0.25. A

design with a large number of small families is more efficient at

high h 2 than that with a small number of large families: a design

with fewer families of larger size is more efficient at low h 2•

Two-tree plot designs are never more efficient than single-tree

plot designs and are also shown to be sensitive to the magnitude

of the variance components that generate a given h 2, whereas the

single-tree plot designs are not.

KEYWORDS: Minimum Variance Quadratic Unbiased Estimates, design

efficiency, plot size, variable family size, number

of families.
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INTRODUCTION

Perennial tree crops present several experimental difficul

ties for the breeder who is interested in estimating variance

components or functions of them, such as heritability. Not only

do experiments consume large amounts of space, but the seeds are

often difficult or expensive to obtain in reliable quantity.

For these reasons, Shrikhande (1957) developed a method for esti

mating genetic variances in coconut plantations of randomly

dispersed genotypes without using parental information: this

method was further developed for forest trees by Sakai and

Hatakeyama (1963). Usanis (1972) concluded that the model pro

duced inaccurate estimates with low precision in situations where

environmental gradients prevailed: only random variation is

accounted for by Shrikhande's model.

In this paper, we address some of the problems of space and

variable family size in planted experiments. In particular, we

consider that appropriately uniform test sites often exist only in

small patches but that a large number of families must be included

in such tests. In fact, one of the obstacles to the conduct of

genetic experiments in tree crops is the large size of blocks

needed for a randomized complete block design. The difficulties

of either finding reasonably uniform sites or of including large

site heterogeneity within blocks reduce the utility of such

experimental plantings. It is often far easier to find several

small planting sites than one large site of the same total area.

In addition to the problem of space, we also consider that seeds
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collected from individual trees are often limited in number and ~

may have germination problems such that family sizes are small and

variable. As a guide to the sizes of experiments which are useful

with trees, we note in recent publications that around 50 parent

trees are used in rubber (Tan 1977), and Oil Palm (Obisesan and

Fatunla 1983) with a total of 1500 to 3100 individuals measured.

Even though the number of families is small, this is roughly

similar to forest tree experiments (Namkoong 1979). Some typical

experiments such as in Western White Pine (Hanover and Barnes

1962) include only 28 families and 2700 seedlings while some, as

with Ponderosa Pine (Callaham and Duffield 1962), include 81

families and 4300 seedlings. Larger experiments such as one open

pollinated study with Loblolly Pine with 280 families and 50

seedlings per family are usually too large to manage in complete

block replications (Stonecypher 1966). Since the genetic variance

estimate depends on the number of families included, it is desir

able to include upwards of 100 families in these tests. It is

also beneficial, for progeny testing, to include a large number of

families when heritability and dominance variance are low (Pepper

and Namkoong 1978). With the additional need to keep block size

small, balanced designs will rarely be satisfactory to estimate

variance components for tree experiments. Under such conditions,

we require efficiency in use of materials as well as of space and

the analytical procedures with unbalanced field designs (Namkoong

1981).

As a paradigm, we choose an experimental situation in which

it is possible to collect a few viable seeds from each of 100
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sampled trees. We assume that an average of 10 seedlings per

parent tree can be planted and that all 1000 trees will survive to

measurement age. For the distribution of family size, we assume

that seed viability varies from 2/3 to 1/4 and appropriate

numbers of seed from 15 to 40, respectively, to generate binomial

distributions of offspring with mean family size of 10. We also

choose an extremely small area for each planting site, as is

appropriate for many tree crops. We consider that 1/10 hectare

blocks are easy to find and to manage such that survival within a

block is easily maintained. We assume that each block can

contain only 50 measurement trees laid out as single-tree plots

and, hence, for a total experiment size of 1000 trees, there are

20 such planting sites. These sites are random samples of the

distribution within a site type. Our inferences from such a

design will be limited to this site type.

Since variance component estimators derived from Analysis of

Variance are inefficient with unbalanced data, (Swallow and

Monahan 1984, Searle 1979), and provide minimum variance estima

tors only with balanced data, we prefer to use more efficient

estimators. Many unbalanced design comparisons are made on the

basis of various forms of modified Least Squares procedures such

as those by Muse et al. (1982) and others, as reviewed by Anderson

(1981). For our analysis, we choose to use the Modified Maximum

Likelihood (MML) procedure as detailed by Searle (1979) and

programmed by Giesbrecht (1983). Estimates from this procedure

are translation invariant, asymptotically normal (Brown 1976),

free of fixed effects and have minimum variance in the locality of
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the true values. The MML estimates result from iterating the

MInimum Norm Quadratic Unbiased Estimates (MINQUE) of variance

components. We compare efficiency ratios of three different in-

complete block designs, and of family size distribution over the

full range of heritability on the basis of the variance of a given

heritability. The efficiency of designs is expected to differ if

evaluated with another comparison criterion, as shown by Muse and

Anderson (1978). We also consider the efficiency of designs with

fewer families of larger size and two-tree plots, which are

possible alternatives in the 20-block situation if the constraints

on family size and number, and use of single-tree plots are

relaxed. Muse and Anderson compare parameter estimation from

several planned unbalanced designs in which the numbers of

"blocks" and "families" are not constrained, as they have been

here.

METHOOOLOGY

The Model

The following notation and computational methodology for

MInimum Norm Quadratic Unbiased Estimates (MINQUE) are after

Giesbrecht (1983), whose procedure for variance component estima

tion was written as a temporary SAS™ program entitled Procedure

MIXMOD.

The statistical model for each design considered is:

y =
nxl

~ 1
nxl

+ UB
nxb ~~l +

UF
nxf

eE +
fxl

Up
nxs

ep
sxl

+ ew
nxl

where Y is the column vector of observations; ~is the overall
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mean: UB, UF and Up are design matrices pertaining to the block,

family and plot (with s block-by-family combinations) effects,

respectively, with all elements equal to zero or one: for single-

tree plots Up is the identity matrix: eB' eF' ep and eW are

independent column vectors of independent random variables, each

wi th mean zero and variance-covariance matrix I b a~, If a~, Is a ~

and In a~, respectively. The variance-covariance matrix of Y is:

, 2
UpUp a p 2+ In a W'

where a~, a~, a~, and a ~ are the variance components due to

the block, family, plot and within plot error effects, respec-

tively. Letting Vi = UiUi, and for convenience Vw = In' V(Y),

based on the parameters, can be rewritten as:

V 2 = V(y) = VB a~ + VF a~ + VP a~
a

2+ Vwa W. (1 )

When the variance components of (1) are unknown, MINQUE of

them can be found as solutions to the equations:

where Q = V- l - V- l 1(I'V-ll)+I'V-l , V is V 2 in (1) with the
a a a a a a a

true values (a f) replaced with prior values (a i), I is a n x 1

vector and the symbol {ak } refers to a matrix whose elements are

ak' Iteration of MINQUE (I-MINQUE) to convergence results in

Modified Maximum Likelihood (also referred to as Restricted

Maximum Likelihood (REML» estimates, assuming all the random

elements are normally distributed and no negative estimates are

encountered in the iteration process.
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If the variance components (or) were known, then (2) with V 2
o

of (1) replacing V in Q (now Q 2) represents equations for
Ci Ci cr

MInimum Variance Quadratic Unbiased Estimates (MIVQUE) (assuming

normality). The variance-covariance matrix for the resulting

estimates of the components (cr~, o~, o~, oJ)' would be:

i, j = B, F, P, w. (3 )

The dispersion matrix (3) of the variance components is a function

of the variance components themselves plus the design matrices

(Ui ). It is therefore possible to calculate this dispersion

matrix for a given true set of variance component values and a

design.

For the calculation of heritability (h2), we assume that the

families are half-sibs and that 4 0 ~ = cr~, where (j ~ is the

additive genetic variance. Heritability is calculated as:

Using the variances and covariances from the dispersion

matrix (3), we calculate the variance of heritability using a

Taylor's series approximation for the variance of a ratio:

where values X and Yare based on true values of variance

components. Sets of variance components are evaluated for

a ( h 2( 1 and standardized such that 0 ~ = 1 which requires

cr ~ ~ 1/3 for (j ~=O. We examine two types of the plot error

component (cr~): (j~ = o~ and cr ~ > cr~ = .005, each over the
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range of h 2 for a constant a~ = 2. These types of variance

component sets are compared by an efficiency ratio (Et ) which

equals the var(h2) based on the variance component set type

a ~ > a ~ divided by the var(h2) based on the variance component

set type a~ = a~ for a given h 2. The variance of heritability is

scale invariant such that the results are generally applicable.

Since a~ affects the variance of other variance components

through its inclusion in (3), we examine its effect on the

magni tude of var(h2 ) at a ~ = .5, a ~ = 2 and a ~ = 4 by an

efficiency ratio (Ei ) equal to the var('h2) based on a ~ = i

divided by the var(h2 ) based on a~ = 2, for i = .5, 4 and a given

h 2 •

The Field Designs and Family Size Distributions

The unbalanced designs examined for allocating 1000 trees to

2000 block-family combinations were chosen to fit the constraints

of 20 blocks with 50 trees per block and 100 families with an

average of 10 trees per family. These designs then differ in the

way families are allocated to blocks.

The general forms of these design allocations are a parallel

design, a diagonal design and a uniform design (Figure 1). Upon

rearranging the order of the families and the blocks, all of these

allocations can be viewed as incomplete block designs with varying

patterns of family commonality among blocks (Figure 2). For the

case of ten trees per family, the diagonal design is a series of

10-block by 10-family units with 8 common blocks among "adjacent"

units. The parallel design is a series of 10-block by 5-family

units with 9 common blocks among "adjacent" units. The uniform
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uniform design allocations,
Schematic diagram of the diagonal, parallel and

where a shaded block
family combination indicates that a single tree from a

family is randomly allocated within a given
Each of the 20 blocks has 50 trees, the total

of trees being 1000. A uniformly ten trees per
distribution is illustrated here.

given
block.
number
family

1.Figure
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Figure 2. Schematic diagram of the diagonal, parallel and
uniform design allocations, with the order of families
and/or blocks rearranged to show the commonality of
the families among blocks. Each shaded block-family
combination indicates that a single tree from a given
family is randomly allocated within a given block.
Each of the 20 blocks contains 20 trees and n=1000.
For this diagram, each family has 10 trees.
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design is a series of two la-block by Sa-family units without any

common blocks among the units, referred to by Gaylor and Anderson

(1960) as a disjoint rectangles design. These patterns are com-

plicated with the imposition of family size distribution.

Five distributions were considered for family size: one with

a uniform 10 trees per family (U{lO», and four binomial

distributions (B{N,p»: B{15, 2/3), B{20, 1/2), B{30, 1/3) and

B{40,1/4). For all distributions, the number of trees per plot is

either zero or one, for a total of 1000 filled cells. Since o~

is confounded with o~, only the sum ( o~ + 0a) rather than the

individual components is estimable. For calculating var{h2),

only the variance of the sum is required. .

Given the same set of environmental effects with 20 blocks,

we can also consider the use of 50 families each with 20 trees.

In addition, we can compare the efficiency of using two-tree plots

(TTP) designs with that of single-tree plots (STP) designs. For

these comparisons we examine designs with single-tree and two-tree

plots, when we carry 50 families with 20 trees per family, and

when we carry 100 families with 10 trees per family. We assume a

uniform family size distribution and choose the following designs

to fill the four cells of this two-by-two comparison table:

B.20.50.l

U.20.50.2

A Balanced design with 20 blocks, 50

families using single (l) tree plots.

An Unbalanced diagonal design with 20

blocks, 50 families using 2 tree plots.

These are arranged as a series of balanced
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units having common blocks among "adjacent"

units: 10 blocks by 10 families having 8

common blocks with the "adjacent" 10-block

by 10-family unit, which has 8 common blocks

with its adjacent 10-block by 5-family unit,

which has 4 common blocks with the following

la-block by la-family unit...and the

pattern repeats.

U.20.100.1 An Unbalanced diagonal design with 20

blocks, 100 families and single (1) tree

plots. This is the diagonal design with a

U(lO} family size distribution.

U.20.100.2 An Unbalanced diagonal design with 20

blocks, 100 families and 2 tree plots.

These are arranged as a series of balanced

units having common blocks among "adjacent ll

units: 5 blocks by 10 families having 3

common blocks with the "adjacent" 5-block by

la-family unit, which itself has 3 common

blocks with its "adjacent" unit of 5 blocks

by 5 families which then has 4 common blocks

with the following 5-block by 10-family

unit...and the pattern repeats 3 more times.

For the two-tree plot designs, U.20.50.2 and U.20.l00.2,

and a~ are estimable separately.

The criterion for comparing design allocations (family size

distribution) is an efficiency ratio of the var(~2} from one



126

design allocation (family size distribution) divided by that from

another, for a given h 2 and family size distribution (design

allocation). For balanced designs, the MML estimates are ~~OVA

A

estimates but not otherwise. The var(h2 ) for B.20.50.1 based on

MIVQUE is the same as that based on the ANOVA procedure.

Design efficiency profiles (Namkoong and Roberds 1974) are

drawn to map the variance of the estimate of heritability
A

(var(h2» for a particular design allocation-family size

distribution combination over the range of heritability. Thus,

the efficiency of each design relative to a standard criterion can

be compared for any range of heritabilities. One such criterion

profile might simply be that based on a constant coefficient of

variation (CV(h2) = (..J var(h2)/h2) x 100%). Since very low

heritabilities would require very high precision if such a

criterion is adopted, Namkoong and Roberds (1974) suggest that a

composite criterion be adopted, using a constant CV at moderate to

high heritabilities and a constant standard error at low heritabi

lities. We compare our designs against a var(h2) profile based on

a CV = 50% curve for h 2 = .20 to 1.0~ while for 0 < h 2 < .20 we

have drawn the profile based on stdO:;2) = .10.

RESULTS AND DISCUSSION

The var(h2) profile of U.20.100.1, typical of the form and

magnitude found with other design allocations and family size

distributions, is shown in Figure 3. The standard curve allows us

to readily see that the unbalanced design has a var(h2) which is

always less than the criterion suggested.
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Figure 3. Var(h2 ) profile for U.20.l00.l with ten trees per
family, given a~=2, a ~= a 2 and a ~=l (broken
line) compared with a stan~rdA~riterion curve (solid
line), which is based on a CV(h )=50% for h 2 > 0.2 and
on a std('h2 )=0.l for h 2 < 0.2.
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Comparison of design allocations is based on efficiency

ratios of each of the parallel and uniform designs to the diagonal

design for a given family size distribution (B(30,1/3» at

selected heritabilities (Table 1). The general pattern seen for

the B(30,1/3) distribution is found with the other distributions.

There is a consistent difference of small magnitude (less than 1%)

among designs across h 2• The diagonal design is the most effi-

cient at high heritabilities and the uniform, the least. However,

at h 2 ~ .33, the uniform design is the most efficient, and at

h 2 ~ .26, the diagonal allocation is the least efficient. The

difference between the design allocations is the number of

families in the block by family units and the number of common

blocks among "adjacent" units. For the U(lO) family distribution,

the diagonal has units of 10 families having 8 blocks common among

adjacent units, the parallel has units of 5 families with 9 blocks

common, and the uniform has units of 50 without common blocks

among "adjacent" units. Neither the effect of the number of

common blocks nor the number of families in a unit corresponds

with the efficiency rating. How these two factors influence
"-

var(h2) such that we see a change in design efficiency at h 2 - 1/3

is unclear. Swallow and Searle (1978) note that no one design

allocation uniformly minimizes the variance of their estimate. In

all cases, however, the differences among designs are less than 1%

and these allocations are essentially equivalent. Previous know-

ledge of h 2 is not required to choose an efficient design

allocation.



Table 1. Design efficiency r~ios as affected by design allocation. The
ratio is of the vantr') from each of the parallel and uniform
designs to that from the diagonal design, illustrated usin~ a

B(30,1/3) family size distribution, a§=2, a~=l and a~=ap.

a~(= a~)

.5

.3

.2

.15

.10

.09

.075

.05

.02

.01

.005

h 2

1.00
.75
.57
.46
.33
.31
.26
.18
.08
.04
.02

Diagonal (D)

"
var(h2 )

.0219

.0176

.0142

.0120

.0095

.0089

.0080

.0066

.0047

.0040

.0037

Parallel (p)

E 1/p

1.00015
1.00014
1.00013
1.00010
1.00004
1.00002

.99999

.99992

.99978

.99984

.99968

Uniform (U)

E 2/
U

1. 00185
1.00142
1.00092
1.00047

.99979

.99962

.99932

.99869

.99765

.99731

.99694

1/

2/

Ep is the var(~2) from the parallel (p) design divided by the var(h2)
from the diagonal design.

"'-

EU i"s the var(h2 ) from the uniform (U) design divided by the
var(h2) from the diagonal design.

.....
N
\0
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The effects of family size distributions on magnitude of

~

var(h2 ) is shown in Table 2 for the diagonal design based on an

efficiency ratio of the var(h2) from a given distribution to that

from the U(lO) distribution. There is a larger magnitude of

differences among designs as affected by family size distributions

(up to 6%) than by design allocations. However these differences

are not very large. There is a consistent trend of var(h2) with

variance of the family size distribution (equal to Np(l-p) for a

binomial distribution) for a given h 2• For h 2 ~ .25 the U(lO)

design is the most efficient and the designs with variance of

family size are less efficient. For h 2 < .21 the most variable

family size design is the most efficient and the uniformly 10

trees per family design is the least efficient. Similar results

are found for the other design allocations: the most variable

family size design is the most efficient at h 2 ~ .18 for the

uniform design. A variable family size distribution which is

usually considered undesirable, can be beneficial for estimating

h 2 when h 2 is in its lower range. .

In assessing design allocations and family size distribution

together, we find that the diagonal design with U(lO) distribution

is the most efficient at high heritabilities and that the uniform

design with B(40,1/4) distribution is most efficient at low

heritabilities. The magnitude of these differences suggest that

one design or distribution is essentially equivalent across the

range of h 2. However, the trend in the differences suggests that

creating a large family variance for estimating heritabilities can ~.

be very useful for estimating h 2 at its lower values.



Table 2. Design efficiency ratios as affected by family size distribution.
The ratio is the var(h2 ) from each binomial distribution (B(N,p»
to that from the uniformly ten trees per family distribution
(U(10)~, illustrated using the diagonal design with a~=2, a~= a~
and aw=l.

a ~(= a~)

.5

.3

.2

.1

.07

.06

.05

.02

.005

h 2

1.00
.75
.57
.33
.25
.21
.18
.08
.02

u(lO) B(15,2/3) B(20,1/2) B(30,1/3) B(40,1/4)1/

var(h2 ) E 2/ E20 E30 E4015

.0215 1.010 1.015 1.020 1.022

.0173 1. 011 1. 016 1.021 1.023

.0139 1.010 1.015 1.020 1.021

.0094 1.006 1.009 1.011 1.012

.0077 1.002 1.003 1.003 1.004

.0072 1.000 1.000 .999 .999

.0066 .997 .996 .994 .994

.0048 .983 .976 .969 .966

.0039 .971 .958 .946 .941

1/ Distributions are arranged in increasing order of family size
variance: 0, 3 1/3, 5, 6 2/3, 7 1/2 for the U(10), B(15,2/3),
B(20,1/2), B(30,1/3) and B(40,1/4) distributions, respectively.

2/ EN is the var(h2 ) from the B(N,p) design divided by the
var(n2) from the u(lO) design.

......
w......
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The effect of the block variance component value on var(h2 )
"

can be seen in Table 3. The var(h2) increases with the magnitude

"

of the block variance component. We have used 2 throughout

the study and see that had we used a higher or lower value, that

we would have shifted the var(h2) profile higher or lower, ever so

slightly.

In the second part of this study we have removed the

constraint of 100 families with 10 trees apiece and single-tree

plots (STP) to consider the efficiency of designs with 50 families

of 20 trees apiece and two-tree plots (TTP). In Table 4(a) the

efficiency of TTP designs is compared with that of STP designs for

each 50 and 100 families. For a constant number of trees per

family, it is always more efficient to put out STP designs than

TTP designs, in particular for high heritabilities and with 100

families. Differences in STP and TTP designs that may explain the

results are that there are fewer combinations of blocks and

families with TTP (500) in contrast to STP (1000): also with 10

trees for each of 100 families, TTP designs reduce the number of

plots per family down to 5 compared to 10 with STP designs.

Gaylor and Anderson (1960) showed that the variance ofllcr~" term

is minimized with one observation per plot, based on the method of

fitting constants.

In general, it is clear that a design with a greater number

of small families is more efficient at high heritabilities

compared to heritabilities generally less than one third, where it

is more efficient to have a design with fewer but larger families

(Table 4(b». A design with few large families rather than many



Table 3. Design efficiency ratios as affected by th~ block variance
c~ponent va~ue. The ratio is of the var(h2 ) based on each
aB=.5 and a =4 to that based on o~=2, given the dia~onal
design with B(30,1/3) family size d1stribution and 0W=l.

a~(= o~)

.5

.2

.1

.08

.05

.04

.03

.02

h 2

1.00
.57
.33
.28
.18
.15
.11
.08

o~=2

var(h2 )

.0219

.0142

.0095

.0083

.0066

.0059

.0053

.0047

a~ = .5 o~ = 4

E 1/ E 2/
.5 4

0.9997 1.00006
0.9997 1.00007
0.9996 1.00007
0.9996 1.00006
0.9996 1.00007
0.9996 1.00007
0.9996 1.00007
0.9996 1.00007

1/ E.S is the var(h2 ) based on o~ = .5 divided by the var(h2 ) based on

a ~ = 2.

2/ E4 is the var(h2 ) based on a ~ = 4 divided by the var(h2) based on

a ~ = 2.

.....
w
w



Table 4(a). Design efficiency ratios as affected by plot size. The ratio
is of the var(h2 ) based on a two-tree plot (TTP) design to
that of a single-tree plot (STP) design for O~=2, O~= O~
and ~1,

O~(= O~) h 2 Single-Tree Plots Two-Tree Plots

"2
var(h2 )

var(h )TTP
&rTP = "2var(h )STP

Fifty families .5 1.00 .0320 1.117
each with 20 .1 .33 .0096 1.100
trees .05 .18 .0054 1.094

.005 .02 .0020 1.088

e

One hundred
families each
with 10 trees

.5

.1

.05

.005

1.00
.33
.18
.02

e

.0215

.0094

.0066

.0039

1.235
1.181
1.168
1.157

e

t-l
W
+::0



Table 4(b). Design efficiency ratios as affecteQ by the number of
families. The ratio is of the var(h2) from a 50-family
design divided by that from a 100-family design, given
a g=2, o}= ~ and O}l.

o~(= o~)

Single-Tree Plots .5
.1
.05
.005

Two-Tree Plots .5
.1
.05
.005

h 2

1.00
.33
.18
.02

1.00
.33
.18
.02

100 Families

A

var(h2 )

.0215

.0094

.0066

.0039

.0265

.0111

.0077

.0046

50 Families

var(l~2)50

E50 = var(~2)100

1.487
1.030

.825

.516

1.344
.959
.773
.486

t-'
W
01
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small families, in an ANOVA sense is equivalent to allocating a

"

larger number of degrees of freedom to the
'"
a~ (and also ~2 in a

W

design with STP) terms. For small heritabilities, these are the

dominant terms. This comparison sheds light on the effect of

family size variation. A high variance in family size indicates

that there are some families with more offspring, some with

respectively fewer. The response of variable family size designs

at low h 2 is asymmetric with increased efficiency from the larger

families outweighing the loss in efficiency from the smaller

families. At high heritabilities, a design with a large number of

small families is required to allocate sampling to the numerator

(4 a~).

The choice of family number for h 2 estimation depends on

whether we consider only a portion of the range of h2 or consider

the entire range. The former case involves little difficulty in

choosing an appropriate design. The latter case, however, re-

quires deeper consideration and is of interest when there is a

lack of prior knowledge of h 2 or when the heritabilities of

several traits, which may occur at various points across the range

of h 2, are to be estimated simultaneously. This would require a

design with a large number of families to obtain low variance

estimates of h 2 at high h 2 values as well as a large variance on

the family size for heritabilities in the lower range.

The two types of variance component sets are evaluated by an

efficiency ratio (Et , "t" for types) and are shown for the

factorial arrangement of number of families and plot size in Table

5. Efficiency ratios are also calculated for the design a1loca-



Table 5. Efficiency ratios (Et ) equal to the var(h2 ) based on a~ > a ~=.005
divided by that based on a~= a~, given a~=2, a~l and a
diagonal design allocation for the unbalanced designs.

h 2 Single-Tree Plots Two-Tree Plots

Fifty families each with 1.00 1.000001/ 0.90781 2/
20 trees .33 .99996 0.93814

.18 1.00005 0.95594

One hundred families 1.00 1.000043/ 0.837644/
each with 10 trees .33 .99999 0.90836

.18 1.00003 0.94147

1/ This design information is based on B.20.50.l
2/ This design information is based on U.20.50.2
3/ This design information is based on U.20.l00.l
4/ This design information is based on U.20.l00.2

.....
W
'-J
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tions and family size distributions mentioned earlier in this

study. Their results are of the lOO-family STP design type

(U.20.100.1). Single-tree plot designs, regardless of the family

size are generally insensitive to the magnitude of the different

types of variance component sets used in calculating a given h 2•

Design recommendations can then be based on h 2 itself without

requiring knowledge of the actual components. This situation is

in contrast with TTP designs, and in general with multiple-tree

plot designs, particularly at high heritabilities. Efficiency

ratios for TTP designs show up to 16% difference between var(h2)

based on the two variance component set types, with the var(h2)

based on O~ > O~ type being consistently less than that based on

O~ = O~ type. For the allocations examined here, we observe only

changes in magnitude, in contrast to that of ranking of the

designs. Simplicity of design recommendation is obviously gained

if decisions can be based upon h 2 itself rather than the magnitude

of the variance components. In Table 6(a) the effect of a

decreased var(h2) for o~ > o~ variance component set type with

2 2 b . ETTP designs compared with the OF > op type can e seen ~n TTp·

There is a decrease in the design efficiency ratios compared with

the analogous ratios in Table 4(a). The var(h2) for the STP

design remains essentially the same over variance component set

types. The sensitivity of TTP designs to types is particularly

noticed for the lOO-family design. The lOO-family design is more

sensitive to the use of TTP compared to STP than the 50-family

design (Table 4(a».

.'



Table 6(a). Design efficiency ratios as affected by plot size. The ratio
is of the var(h2 ) based on a two-tree plot (TTP) desi1n to
that of a single-tree plot (STP) design for 0~=2, op=.005
and OQ=l.

0 2
F h 2 Single-Tree Plots Two-Tree Plots

Fifty families
each with 20
trees

One hundred
families each
wi th 10 trees

A

var(h2 )

.335 1.00 .0320

.091 .33 .0096

.048 .18 .0054

.005 .02 .0020

.335 1.00 .0215

.091 .33 .0094

.048 .18 .0066

.005 .02 .0039

E.rTP

"'2var(h )TTP

var(h2 )STP

1.014
1. 032
1.046
1.088

1.035
1.073
1.099
1.157

....
W
\.0



Table 6(b). Design efficiency ratios as affected by the number of
families. The ratio is of the var(h2 ) from a 50-family
design to that from a 100-family design, given afi=2, a~=.005
and aa=l.

e

a~ h 2 100 Families 50 Families

'"
'" var(h2 )50

var(h2 ) E50 ( "'2var h )100

Single-Tree .335 1.00 .0215 1.487
Plots .091 .33 .0094 1.030

.048 .18 .0066 .825

.005 .02 .0039 .516

Two-Tree .335 1.00 .0222 1.457
Plots .091 .33 .0100 .991

.048 .18 .0072 .785

.005 .02 .0045 .486

e e

....
.J::>oo
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In Table 6(b), the STP design information is the same as in

Table 4(b). The ETTP ratios have increased compared with those in

Table 4(b), reflecting the greater sensitivity of the 100-family

design compared to the 50-family design employing TTP. Each

var(~2) decreased; however, the var(~2) due to the 100-family

design decreased more than that with the 50-family design.

A natural extension of this research is to examine the

robustness of designs to unplanned loss, as is typical of

perennial crops and, to consider alternative block size and

numbers. Of particular interest will be the robustness of a

family size distribution with high variance of family size. The

calculations we made lead us to suspect that by increasing the

variance of family size even higher, we might be able to get
A

lower var(h2) at low h 2 than that with a lower variance of family

size. However, in a design with high variance of family size,

loss of trees may begin to reduce the number of families since

there will be some families with only a few trees.

CONCLUSIONS

We have considered an estimation situation where the total

number of observations is 1000, and the number of blocks is re-

stricted to 20, each of size 50 trees employing single-tree plots

(STP). The objective is to estimate heritability. One hundred

families of average size 10 are allocated to these blocks. Given

these small blocks, we can design efficient h 2 estimation experi-

ments. We find that the tested patterns of allocating families to

blocks is inconsequential. Little difference, as measured by

efficiency ratios of the variance of the estimate of heritability,
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exists among patterns of family associations in and across blocks.

We considered designs having variance in family size and found a

small but consistent trend. Equal size family designs are most

efficient at high heritabilities. A design with a large family

size variance (our largest is 7 1/2) is most efficient at low

heritabilities.

Relaxing the constraint of 100 families and STP, we find that

STP designs are more efficient than two-tree plots (TTP) designs

across the range of h 2, regardless of the number of families.

Single-tree plot designs are generally insensitive to the variance

component set type used for calculating var(h2} at a given h 2,

whereas TTP designs are sensitive to the type used. The number

and size of families is influential on design efficiency. In

general, a design with a large number of small families is

desirable for high heritabilites, whereas a design with fewer

families of larger size is more efficient at lower heritabilities.

The design of an experiment to estimate h 2 is sensitive to

the number and size of families, the variance of family size and

the plot size. These results substantiate similar work by Haile

and Webster (197S), who examined unbalanced block designs for

estimating a row variance component (in a two-way classified

design) and concluded that the choice of design is of minor

importance. The correct choice of the number of levels for the

effects, given a particular magnitude of the components, is where

gain, in terms of reducing the variance of the estimator, can be

made. Based on the allocations studied and 100% survival of

trees, we recommend designs with STP to gain stability over
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variance component set types as well as efficiency, and the

consideration of a large number of families with a high family

size variance to provide efficient estimators of h 2 across its

range.

The criterion for efficiency ratios has been var(h2), where

h 2 is based on individual performance. Depending upon the mating

and experimental designs employed, criteria other e1an h 2 might be

preferred. For example, in a breeding program utilizing family

selection, the heritability derived with family means (h~) is a

more appropriate criterion than h 2• Design comparisons based on

var(h~) can be made, in an analysis analogous to ours, where

h~ = a~/ c~ c~ being the phenotypic variance among family

means).
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APPENDIX B

Derivation of the expected mean square for the block source, given the

model Y" k = Il + e" k and expectations E(e"k' e"k) = a
2, E(e"k'lJ lJ lJ lJ lJ

) _ 2 ( )_ 2 ( _ 2eijk, - PIa. E eijk • eij'k' - P2a and E eijk , ei'j'k') - P3a , for

the i th block (i=l.b), jth plot within block (j=l.p) and kth tree within

plot (k=l,t).

E(SSB) = tp E 0: (iL _e... )2)
i 1 ••

o. e. e••• 2
= tp E (-fp - tP'D) )

i

"

2e .•.
- E ( tpb )

e. 2 2e •• )e;..
= tp E (L 1 •• _ 1

i t 2p2 t 2p2b

2 2e. 2e ••• e... e••.
E ( ~ 1.. +)= ~ tp - tpb . tpb

1

2 2e. e ••.
= E (? ~p. - tpb)

1

e. 2
= E (L 1..). tp

1
(Bl)

(B2)



2
e.. . 1 2

E ( bpt ) .= '6j3t E ((~ ~ L
k

eijk ) )
1 J
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= b;t (bptcr2 + bPt(t-l) P1cr2 + bP(p-l)t2p
2cr2

+ b(b-l)p2t 2P3cr2)

Substituting (B2) and (B3) into (B1):

E(SSB) = cr2(b_l) + P1cr2(b(t-l) - (t-l)) + P2cr2(bt(P-l) - t(p-l))

- Pt(b-l)P3cr2

E(MSB) = E(SSB)/(b-l)
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APPENDIX C

Data base for results presented in the text. listed by design

and variance component set type

Description of variables:

V(F) = V(P) is the variance component set type o~ = o~ (Table 2).
2 2V(F) > V(P) is the variance component set type of > 0P'

H2 is heritability (h2) (Eq. 4).

NO. FAM. 08S. is the number of families observed.

NO. PLOTS 08S. is the number of plots observed.

TOTAL NO. 08S. is the total number of observations. where if less

than n of a given design. indicates ((TOTAL NO. 08S.)/n)*100%

survival.

VAR(H2) is the var(h2) (Eq. 5). which is the average of 2 samples

for cases of less than 100% survival.

BUFFER CAP. is the buffering capacity (Eq. 6). given as a per-

centage.

STANDARD RATIO is the ratio of var(h2) to that based on the

criterion (Figure 3).

CV(VAR(H2» is the coefficient of variation for the var(h2). given

as a percentage.

ML/MML RATIO is the ratio of the var(h2) based on ML divided by

that of MML.
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APPENDIX C.

-----------------------------------------------
----------U.40.100. 1-10.0 __V(F) =V (P) ------

H2 NO. NO. TOTAL VAR (H2) BUFF- STAN- CV ML~M~L
'FAM. PLOTS NO. En DAIlD vAR (H2) RA_~O

OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 1000.0 1000 0.0219 · 0.09
0:0160

0.999757
1.0000 100.0 900.0 900 0.0235 7.4 0.09 0.999741
1.0000 100.0 800.0 800 0.0256 17. 1 0.10 0.1960 0.999718
1.0000 100.0 600.0 600 0.0331 51.4 0.13 0.3250 0.999617
o. 3333 100. a 1000.0 1000 0.0096 · 0.34

0:0080
0.999970

0.3333 100.0 900.0 900 0.0109 14.3 0.39 0.99991)9
O. 3333 100.0 800.0 800 0.0128 33.8 0.46 0.0060 0.999944
0.3333 100.0 600.0 600 0.0195 103.7 0.70 0.2300 0.999861
0.1818 100.0 1000.0 1000 0.0068 · 0.68 · 0.999983
0.1818 100.0 900.0 900 0.0080 17.7 0.80 0.0100 0.999972
0.1818 100.0 800.0 800 0.0096 42.3 0.96 0.0460 0.999956
O. 1818 100.0 600.0 600 0.0157 132.8 1.57 0.1510 0.999878
0.0198 100.0 1000.0 1000 0.0041 • 0.41 · 0.999992
0.0198 100.0 900.0 900 0.0050 23.7 0.50 0.0470 0.999980
0.0198 100.0 800.0 800 0.0064 57.3 0.64 0.2170 0.999963
0.0198 100.0 600.0 600 0.0115 183.4 1.15 0.4020 0.999876

-----------U.40.100. 1-10.0 __ V(F) >V (P) ---------
JI2 NO. 140. TOTAL VAR(H2) BUFF- STAN- CV MLfMl1L

FAl'1. PLOTS NO. ER DARD VAR(H2) RA 10
OBS. OBS. OBS. CAP. RATIO

1.00 00 100.0 1000.0 1000 0.0219 • 0.09
0:1040

0.999883
1.0000 100.0 900.0 900 0.0235 7.4 0.09 0.999873
O. 3333 100.0 1000.0 1000 0.0096 · 0.34 · 0.999975
0.3333 100.0 900.0 900 0.0109 14.3 0.39 0.0070 0.999965
0.1818 100.0 1000.0 1000 0.0068 · 0.68

0:0120
0.999984

0.1818 100.0 900.0 900 0.0080 17.7 0.80 0.999974

----------U.40.100. 1-10.3 __V(l) =V (P) -------
H2 NO. NO. TOT AI. VAR(H2) BUFF- STAN- CV l'1L~MML

FAM. PLO'!' 5 NO. ER DARD VAR (H2) RA .10
OBS. 085. OBS. CAP. RATIO

1.0000 100.0 1000.0 1000 0.0264 · 0.11
0:1420

0.999236
1.0000 100.0 900.0 900 0.0284 7.7 O. 11 0.999126
1.0000 100.0 800.0 800 0.0310 17.5 0.12 0.9870 0.998992
1.0000 97.0 600.0 600 0.0389 47.5 0.16 0.6400 0.998639
O. 3333 100.0 1000.0 1000 0.0106 · 0.38 · 0.999600
0.3333 100.0 900.0 900 0.0118 11.2 0.42 0.0520 0.999572
O. 3333 99.5 800.0 800 0.0134 26.3 0.48 0.0060 0.999510
0.3333 99.0 600.0 600 0.0188 77.6 0.68 0.0430 0.999341
0.1818 100.0 1000.0 1000 0.0065 · 0.65 · 0.999676
O. 1818 100.0 900.0 900 0.0074 14.4 0.74 0.3920 0.999637
0.1818 100.0 800.0 800 0.0086 33.2 0.86 0.3820 0.999587
0.1818 99.0 600.0 600 0.0130 100.4 1.30 1.7000 0.999428
0.0198 100.0 1000.0 1000 0.0027 · 0.27

0:'710
0.999781

0.0198 100.0 900.0 900 0.0033 22.8 0.33 0.999745
0.0198 100.0 800.0 800 0.0041 54.6 0.41 0.2110 0.999690
0.0198 99.0 600.0 600 0.0073 174.7 0.73 1.5600 0.999526
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APPENDI:'{ c. (CONT INUED) e
--------------------------------------------

-------------U.40.100. 1-10.3 __ V(P') )V (P) --------
H2 NO. NO. TOT~L VAH (H2) BU'FP'- STAN- CV Ml/MML

FAM. PLOTS NO. ER DARD VAR (82) RATIO
ODS. OBS. OBS. CAP. RATIO

1.. 1)000 100.0 1000.0 1000 0.0264 · O. 11 · 0.999534
1.0000 100.0 900.0 900 0.0282 6.6 0.11 0.7610 0.999494
O. 3333 100.0 1000 .. 0 1000 0.0106 • 0 .. 38

0:0120
0.999638

O. 3333 100.0 900.0 900 0.0118 11.4 0.42 0.999605
O. 1318 100.0 1000.0 1000 0.0065 .. 0.65 · 0.999691
0.1818 100.0 900.0 900 0.007~ 14.2 0.7~ 0.1140 0.999651

---------0.40. 50. 1-20.0 __V(F) =V (P) ------ - -.
H2 NO. NO. TOT AL VAR (H2) BUFF- STAN- CV ML~1'!Ml

P' Al'!. PLOTS NO. ER DARD VAR (H2) RA 10
OBS. OBS. OBS. CAP. RATIO

1.0000 50 .. 0 1000.0 1000 0.0323 · 0.13 • 0.998655
1.0000 50.0 900.0 900 0.0336 3.9 0.13 0.0070 0.998623
1.0000 50.0 800.0 800 0.0352 9.0 0.14 0.0190 0.996578
1.0000 50.0 600.0 600 0.0407 26.0 0.16 0.2350 0.998418
0.3333 50.0 1000.0 1000 0.0096 · 0.35 · 0.999867
0.3333 50.0 900.0 900 0 .. 0107 9.4 0.39 0.0840 0.999851
O. 3333 50.0 800.0 800 0.0120 22.0 0.43 0.0700 0.999826
0.3333 50 .. 0 600.0 600 0.0162 64.9 0.58 0.2250 0.999747
0.1818 50.0 1000.0 1000 0.0056 · 0.56 • 0.999919 eO. 1818 50.0 900 .. 0 900 0.0063 13.2 0.63 0.0440 0.999923
0.1818 50.0 800.0 800 0 .. 0073 30.9 0 .. 73 0.0410 0.999903
0.1818 50.0 600.0 600 0.0108 94.0 1.08 0.0320 0.999823
0.0198 50.0 1000.0 1000 0.0021 · 0.21 · 0.999981
0.0198 50.0 900.0 900 0.0026 22.5 0.26 0.0610 0.999968
0.0198 50.0 800.0 800 0.0032 54.1 0.32 0.1390 0.999945
0.0198 50.0 600.0 600 0.0057 173.4 0.57 0.0280 0.999855

--------U.40. 50. 1-20.0 _V(P'»V(P) -----
82 NO. NO. TOTAL VAR (82) BUFF- STAN- CV /ltLfl'!ML

FAM. PLOTS NO. ER DARD VAR (82) RA 10
OBS. OBS. OBS. CAP.. RATIO

1.0000 50.0 1000.0 1000 0.0323 • 0.13 • 0.999316
1.0000 50.0 900.0 900 0.0336 3.9 0.13 0.0100 0.999297
0 .. 3333 50.0 1000.0 1000 0.0098 · 0.35 · 0.. 999888
0.3333 50.0 900.0 900 0.0107 9.4 0.39 0.0340 0.999875
0 .. 1816 50 .. 0 1000.0 1000 0 .. 0056 · 0 .. 56 · 0.. 999944
0 .. 1818 50.0 900.0 900 0.0063 13. 1 0.63 0.0030 0.999931
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APPENDIX C. (CONTINUED)

- ------------------------------------

----------------0.40. 50. 1-20.4 __V(P) =V (P) -------
!I2 no. NO. TOTAL VAR(H2) BUPF- STAN- CV ML~MML

FAM. PLOTS NO. ER DARD VAR (H2) RA~IO

OBS. OBS. OBS. CAP. RATIO

1.0000 50.0 1000.0 1000 0.0338 · 0.14 · 0.998547
1.0000 50.0 900.0 900 0.0353 4.2 0.14 0.2430 0.998495
1. 0000 50.0 800.0 800 0.0373 10. 1 0.15 0.3090 0.998407
1.0000 50.0 600.0 600 0.0432 27.8 0.17 0.3830 0.998164
o. 3333 50.0 1000.0 1000 0.0106 · 0.38 · 0.999706
0.3333 50.0 900.0 900 0.0116 9.0 0.42 0.4780 0.999660
0.3333 50.0 800. a 800 0.0130 21.8 0.47 0.0450 0.999568
0.3333 50.0 600.0 600 0.0173 63.1 0.62 1.2820 0.999293
0.1818 50.0 1000.0 1000 0.0059 • 0.59 · 0.999696
0.1818 50.0 900.0 900 0.0061 12.2 0.61 0.2040 0.999633
O. 1818 50.0 800.0 800 0.0076 28.1 0.16 0.0880 0.999542
0.1818 50.0 600.0 600 0.0110 85.0 1.10 0.2890 0.999250
0.0198 50.0 1000.0 1000 0.0018 · 0.18 · 0.999486
0.0198 50.0 900.0 900 0.0022 22.2 0.22 0.3950 0.999427
0.0198 50.0 800.0 800 0.0027 52.0 0.27 1.3940 0.999315
0.0198 50.0 600.0 600 0.0041 162.7 0.41 0.4600 0.998917

----------U.40. 50. 1-20.4 _V(P) >v (P) -------
H2 NO. NO. TOTAL VAR(H2) BUFF- STAN- CV !1L4MML

FAM. PLOTS NO. ER DARD VAR (H2) RA 10
OBS. OBS. OBS. CAP. RATIO

1.00f}0 50.0 1000.0 1000 O. 0338 • 0.14 · 0.999249
1.0000 SO.O 900.0 900 0.0352 4.2 0.14 0.3310 0.999218
O. 3333 50.0 1000.0 1000 0.0106 · 0.38 · 0.999741
0.3333 50.0 900.0 900 0.0116 9.2 0.42 0.0810 0.999695
0.1818 50.0 1000.0 1000 0.0059 · 0.59 · 0.999712
0.1818 50.0 900.0 900 0.0067 12.5 0.67 0.1600 0.999644

---------B.40. 25. 1-40.0 __v (P) =v (P) ---------
H2 NO. NO. TOTAL VAR (H2) BOFP- STAN- CV ML/MML

FA1'l. PLOTS NO. ER DARD VAR (H2) RATIO
OBS. OBS. OBS. CAP. RATIO

1.0000 25.0 1000.0 1000 0.0556 · 0.22 · 0.992812
1.0000 25.0 900.0 900 0.0566 2.0 0.23 0.0150 0.992144
1.0000 25.0 800.0 800 0.0581 4.5 0.21 0.0260 0.992655
1.0000 25.0 600.0 600 0.0625 12.6 0.25 0.1030 0.992382
0.3333 25.0 1000.0 1000 0.0130 · 0.47 · 0.999319
0.3333 25.0 900.0 900 0.0131 5.5 0.49 0.0150 0.999285
O. 3333 25.0 800.0 800 0.0146 12.6 0.53 0.0210 0.999243
0.3333 25.0 600.0 600 0.0177 36.2 0.64 0.1990 0.999091
0.1818 25.0 1000.0 1000 0.0060 · 0.60

0:0220
0.999736

0.1818 25.0 900.0 900 0.0065 8.6 0.65 0.999112
0.1818 25.0 800.0 800 0.0012 20.0 0.12 0.OLJ20 0.999676
0.1818 25.0 600.0 600 0.0095 58.6 0.95 0.0200 0.999562
0.0198 25.0 1000.0 1000 0.0012 · 0.12 · 0.999955
0.0198 25.0 900.0 900 0.0015 20.5 0.15 0.0080 0.999939
0.0198 25.0 800.0 800 0.0018 LJ9.2 0.18 0.0700 0.999912
0.0198 25.0 600.0 600 0.0031 156.4 0.31 0.4120 0.999812
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APPENDIX C. (CONTINUED) e
----------------------------------------------

-----------B.40. 25. 1-40.0 __V(F) >V (P) ----
32 NO. NO. TOT A'L VAR (H2) BUFF- STAN- CV ~L,l!~L

FAM. PLOTS NO. ER D.PtR!) VAR (H2) RA.:.IO
OBS. OBS. OBS. CAP. RATIO

1.0000 25.0 1000.t) 1000 0.0556
2:0

0.22 · 0.996029
1.0000 25.0 900.0 900 0.0567 0.23 0.0180 0.995985
1.0000 25.0 800.0 800 0.0581 4.5 0.23 0.0260 0.995932
1.0000 25.0 600.0 600 0.0625 12.6 0.25 0.0550 0.995755
0.3333 25.0 1000.0 1000 0.0130 • 0.47 · 0.999423
0.3333 25.0 900.0 900 0.0137 5.5 0.49 0.0230 0.999394
0.3333 25.0 800.0 800 0.0146 12.6 0.53 0.0080 0.999356
0.3333 25.0 600.0 600 0.0177 36.7 0.64 0.0630 0.999199
O. 1818 25.0 1000.0 1000 0.0060 · 0.60 · 0.999757
0.181A 25.0 900.0 900 0.0065 8.6 0.65 0.0060 0.999734
0.1818 25.0 800.0 800 0.0072 20.0 0.72 0.0450 0.999701
0.1818 25.0 600.0 600 0.0095 58.7 0.95 0.1350 0.999577

---U.20.100. 1-10.0 __V(F) =V (P) -----
H2 NO. NO. TOTAL VAR (FI2) BUfF- STAN- CV MLfMML

fAM. PLOTS NO. ER DARD VAR (H2) RA IO
OBS. OBS. OAS. CAP. RATIO

1.0000 100.0 1000.0 1000 0.0215 · .
0.09 • 0.999934

1.0000 100.0 900.0 900 0.0230 7. 1 0.09 0.0020 0.999928
1.0000 100.0 800.0 800 0.0251 16.6 0.10 0.1450 0.999919 e1.0000 100.0 600.0 600 0.0321 49.2 0.13 0.0880 0.999877
0.3333 100.0 1000.0 1000 0.0094 · 0.34

0:0230
0.999992

O. 3333 100.0 900.0 900 0.0107 13.9 0.38 0.999987
0.3333 100.0 800.0 800 0.0124 32.9 0.45 0.0240 0.999979
0.3333 100.0 600.0 600 0.0187 99.9 0.67 0.0450 0.999946
0.1818 100.0 1000.0 1000 0.0066 • 0.66 • 0.999996
0.1818 100.0 900.0 900 0.0077 17.3 0.77 0.0630 0.999991
0.1818 100.0 800.0 800 0.0093 41.2 0.93 0.0110 0.999984
0.1818 100.0 600.0 600 0.0149 126.5 1.49 0.5880 0.999950
0.0198 100.0 1000.0 1000 0.0039 • 0.39 • 0.999998
0.019~ 100.0 900.0 900 0.0049 23. 1 0.49 0.1180 0.999992
0.0198 100.0 800.0 8 Of) 0.0061 55.1 0.61 0.2530 0.999984
0.0198 100.0 600.0 600 0.0109 177.1 1.09 0.7200 0.999949

U.20.100. 1-10.0 __V(F) >V (P) - -----
H2 NO. NO. TOTAL VAR (H2) BUFF- STAN- CV MLfMML

FAM. PLOTS NO. ER DARD VAH (H2) RA IO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 1000.0 1000 0.0215 • 0.09 · 0.999969
1.0000 100.0 900.0 900 0.0230 7.1 0.09 0.1220 0.999966
0.3333 100.0 1000.0 1000 0.0094 • 0.34 · 0.999994
O. 3333 100.0 900.0 900 0.0107 13.9 0.38 0.0280 0.999989
0.1818 100.0 1000.0 1000 0.00#;6 · 0.66 · 0.999996
0.1818 100.0 900.0 900 0.0077 17.3 0.77 0.0390 0.999992
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APPENDIX C. (CONTINUED)
----------------------------------
----------0.20.100. 1-10.3 __V(F) =V (P)

H2 NO. NO. TO"!'A!. VAR(fI2) BUFF- STAN- CV ML/M1'lIL
FAM. PLOTS NO. ER DARD VAR (H2) RATIO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 1000.0 1000 0.0259 · 0.10
0:3020

0.999776
1.0000 100.0 900.0 900 0.0279 7.5 0.11 0.999730
1.0000 100.0 800.0 800 0.0303 16.7 0.12 0.6210 0.999678
1.0000 99.0 600.0 600 0.0374 44.4 0.15 0.1680 0.999553
0.3333 100.0 1000.0 1000 0.0104 · 0.37

0:0320
0.999806

o. 3333 100.0 900.0 900 0.0115 11.2 0.41 0.999778
0.3333 100.0 800.0 800 0.0130 25.7 0.47 0.0910 0.999740
O. 3333 98.0 600.0 600 0.0181 74.4 0.65 0.3920 0.999654
O. 1818 100.0 1000.0 1000 0.0063 · 0.63

0:1410
0.999815

0.1818 100.0 900.0 900 0.0072 14. 1 0.72 0.999796
o. 1818 100.0 800.0 800 0.0084 32.8 0.84 0.~890 0.999768
O. 1818 97.5 600.0 600 0.0125 96.5 1.25 1.0400 0.999673
0.0198 100.0 1000.0 1000 0.0026 · 0.26

0:0970
0.999858

0.0198 100.0 900.0 900 0.0031 21.5 0.31 0.999838
0.0198 100.0 800.0 800 0.0040 53.8 0.40 0.3310 0.999813
0.0198 97.0 600.0 600 0.0069 167.3 0.69 1.2280 0.999716

------U.20.100. 1-10.3 _V (F) >V (P) -------
H2 NO. NO. TO"'A!. VAR (fi2) BUFF- STAN- CV ML/r!ML

FAM. PLOTS NO. ER DARD VAH (H2) RATIO
OBS. OBS. ODS. CAP. RA'rIO

1.0000 100.0 1000.0 1000 0.0259 · 0.10
0:0460

0.999865
1.0000 100.0 900.0 900 0.0279 7.6 0.11 0.999834
0.3333 100.0 1000.0 1000 0.0104 · 0.37

0:0920
0.999824

O. 3333 100.0 900.0 900 0.0115 11.3 0.42 0.999792
O. 1818 100.0 1000.0 1000 0.0063 · 0.63

0:3450
0.999824

O. 1818 100.0 900.0 900 0.0072 14.0 0.72 0.999805

-------U.20.100. 2-10.0 _V(F)=V(P) -------
H2 NO. NO. TOTAL VAH (H2) BUFF- S.,.AN- CV l'!L/MML

FAM. PLOTS NO. ER DARD VAR (H2) RATIO
OBS. OBS. ODS. CAP. RATIO

1.0000 100.0 500.0 1000 0.0205 · 0.11
0: 2130

0.999928
1.0000 100.0 493.0 900 0.0282 6.3 0.11 0.999923
1.0000 100.0 481.0 ROO 0.0303 14. ] 0.12 0.3870 0.999917
1.0000 100.0 423.5 600 0.0319 42.9 0.15 0.2580 0.999882
0.3333 100.0 500.0 1000 0.0111 · 0.40 · 0.999992
0.3333 100.0 495.0 900 0.0125 13.5 0.45 0.0560 0.999988
0.3333 100.0 486.5 800 0.0145 31. 4 0.52 0.0520 0.999983
0.3333 100.0 416.5 600 0.0218 97.6 0.79 0.6620 0.999948
0.1818 100.0 500.0 1000 0.0077 · 0.17 · 0.999996
O. 1818 100.0 495.0 900 0.0090 17.1 0.90 0.1090 0.999991
O. 1818 100.0 481.5 800 0.0108 40.5 1.08 0.0600 0.999984
0.181R 100.0 416.5 600 0.0172 124. 1 1.72 0.0720 0.999943
0.0198 100.0 500.0 1000 0.0046 · 0.46 · 0.999998
0.0198 100.0 496.0 900 0.0056 22.9 0.56 0.0640 0.999992
0.0198 100.0 474.5 800 0.0071 55.2 0.11 0.1660 0.999982
0.0198 100.r) 425.0 600 0.0127 177.9 1.27 0.8400 0.999951
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APPENDIX C. (CONTINUED) e
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-----------U.20.100. 2-10.0 __V (F) >V (ll) -----
R2 no. NO. "'01'AL VAR (H2) BUFF- STAN- CV MLLl'IML

FHl. PLOTS NO. ER DARD V AR (H2) RATIO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 500.0 1000 0.0222 · 0.09 · 0.999970
1.0000 100.0 496.5 900 0.02J9 7.3 0.10 0.0670 0.999968
0.3333 100.0 500.0 1000 0.0100 · 0.36 • 0.999994
0.3333 100.0 496.0 900 0.0115 14.3 0.41 0.0820 0.999990
O. 1818 100.0 500.0 1000 0.0072 · 0.72 · 0.999996
O. 1818 100.0 493.5 900 0.0085 17.7 0.85 0.1200 0.999991

-----------0.20. 100. 2-10.3 __V (F) =V (P) - -------
H2 NO. NO. TOTAL VAR (H2) BUFF- STAN- CV MLf!1ML

FAl!. PLOTS NO. ER DARD VAR (II2) RA 10
OBS. OBS. ODS. CAP. RATIO

1.0000 100.0 500.0 1000 0.0322 · 0.13 · 0.999540
1. 0000 100.0 493.0 900 0.0341 5.8 0.14 0.0850 0.999497
1.0000 99.5 473.0 800 0.0366 13.7 0.15 0.5800 0.999448
1.0000 99.0 423.0 600 0.0442 37.2 0.18 0.0260 0.999297
0.3333 100.0 500.0 1000 0.0119 · 0.43 · 0.999781
0.3333 100.0 497.0 900 0.0131 10.5 0.47 0.1750 0.999766
0.3333 100.0 479.0 800 0.0148 24.7 0.53 0.2980 0.999732
O. 3333 99.0 423.5 600 0.0203 71.2 0.73 0.6360 0.999666
0.1818 100.0 500.0 1000 0.0071 · 0.71 · 0.999826 e0.1818 100.0 496.0 900 0.0081 13.5 0.81 0.1950 0.999810
0.1818 100.0 479.0 800 0.0094 31.7 0.94 0.1610 0.999788
0.1818 96.5 425.0 600 0.0137 91. 7 1.37 4.3510 0.999721
0.0198 100.0 500.0 1000 0.0029 · 0.29

0:0120
0.999885

0.0198 100.0 496.5 900 0.OfJ35 21.9 0.35 0.999867
0.0198 100.0 475.5 800 0.0043 51. 1 0.43 0.1530 0.999844
0.0198 99.0 420.5 600 0.0076 167.7 0.76 3.4570 0.999741

----------U.20.100. 2-10.3 _v (F) >V (P) ------
H2 NO. NO. TOTAL VAR (H2) BUFF- S'!'AN- CV ML/l'IML

FAM. PLOTS NO. ER DARD VAR (H2) RATIO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 500.0 1000 0.0269 • O. 11 · 0.999786
1.0000 100.0 493.0 900 0.0291 8.1 0.12 0.5370 0.999750
O. 1333 100.0 500.0 1000 0.01 10 · 0.39 · 0.999814
0.3333 100.0 495.5 900 0.0122 11.3 0.44 0.0560 0.999197
0.1818 100.0 500.0 1000 0.0068 · 0.68 · 0.999839
0.1818 100.0 494.0 900 0.0077 14. 1 0.71 0.1630 0.999823



157

APPENDIX C. (CONTINUED)
---------------------------- ----

--------U.20.100. 1- 5.0 __V(F) =V (P) -------
R2 NO. NO. TOTAL VI'1TI (H2) BfJFF- STAM- CV ML"ll1ML

FAM. PLO-rS NO. ER DARD VAR (H2) RA.l.IO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 500.0 500 0.0376 • 0.15 · 0.999910
1.0000 100.0 450.0 450 0.0425 12.9 0.17 0.0580 0.999885
1.0000 100.0 400.0 400 0.0493 31. 1 0.20 0.0620 0.999837
1.0000 99.5 300.0 300 0.0741 97.0 0.30 0.4620 0.999613
O. 3333 100.0 500.0 500 0.0252 · 0.91 · 0.999984
0.3333 100.0 450.0 450 0.0301 19.4 1.08 0.0490 0.999962
0.3333 100.0 400.0 400 0.0368 46.3 1.32 0.7220 0.999933
0.3333 99.0 300.0 300 0.0621 146.7 2.23 0.5190 0.999775
O. 1818 100.0 500.0 500 0.0215 · 2.15 · 0.999989
O. 1818 100.0 450.0 450 0.0261 21.4 2.61 0.0990 0.999967
O. 1818 100.0 400.0 400 0.0328 52.5 3.28 0.2980 0.999932
0.1818 99.5 300.0 300 0.0569 165.0 5.69 2.2440 0.999789
0.0198 100.0 500.0 500 0.0174 • 1.74

0:0880
0.999993

0.0198 100.0 450.0 450 0.0217 24.5 2.17 0.999971
0.0198 100.0 400.0 400 0.0278 59.7 2.78 0.3270 0.999940
0.0198 100.0 300.0 300 0.0500 186.9 5.00 1.4790 0.999769

U.20.100. 1- 5.0 _V (F) >V (1')------ -----------
H2 NO. NO. TOTAL VAR (H2) BUPF-" STAN- CV MLtMML

PAM. PLOTS NO. ER DARD VAR (H2) RA ... IO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 500.0 500 0.0376 • 0.15 · 0.999958
1.0000 100.0 450.0 450 0.0425 13. 1 0.17 0.0060 0.999941
0.. 3333 100.0 500.0 500 0.0252 · 0.91 · 0.999986
0.3333 100.0 450.0 450 0.0301 19.4 1.08 0.0790 0.999966
0.1818 100.0 500.0 500 0.0215 · 2.15 • 0.999990
0.1818 100.0 450.0 450 0.0261 21.4 2.61 0.0680 0.999967

---------U.20.100. 1- 5.1 __V(F) =V (1') ------
H2 NO. NO. TOTAL VAR(H2) BUFF- STAN- CV !i!Lt MI1L

FAM. Pl.O~S NO. ER DARD VAR(H2) RA-,-IO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 500.0 500 0.0444 · 0.18 · 0.999571
1.0000 98.5 450.0 450 0.0492 10.8 0.20 0.0720 0.999492
1.0000 <:)9.0 400.0 400 0.0551 24.1 0.22 0.1500 0.999423
1.0000 90.5 300.0 300 0.0754 69.8 0.30 1.0500 0.999170
O. 3333 100.0 500.0 500 0.0230 · 0.83 · 0.999170
0.3333 100.0 450.0 450 0.0266 15.6 0.96 0.0240 0.999729
0.3333 99.0 400.0 400 0.0318 38.0 1.14 0.5600 0.999695
0 .. 3333 92.0 300.0 300 0.0495 114.7 1.78 0.1360 0.999460
0.1818 100.0 500.0 500 0.0168 · 1.68 · 0.999783
0.. 1818 <:)9.5 450.0 450 0.0198 17.7 1.98 0.5990 0.999743
O. 1818 97.5 400.0 400 0.0242 43.9 2.42 2.1090 0.999705
0.1818 90.5 300.0 300 0.0394 134.9 3 .. 94 1.1700 0.999480
0.0198 100.0 500.0 500 0.0104 · 1.04 · 0.999800
0.0198 100.0 450.0 450 0.0130 25.5 1.30 0.1050 0.999757
0.01<:)8 96.5 400.0 400 0.0162 56.3 1.62 0.3700 0.999713
0.0198 92.5 300.0 300 0.0302 191.8 3.02 0.8570 0.999414



158

APPENDIX C. (CONTINUED) e-------------------------- ------
---------U.20.100. 1- 5.1 __ V(F) )V {P} ---------

H2 NO. NO. TOTAL VAR(R2) BUFF- STAN- CV ML~MML
FAM. PLOTS NO. ER DARD VAR (H2) RA IO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 500.0 500 0.0444 · 0.18 · 0.999763
1. 0000 99.5 450.0 450 0.0490 10.3 0.20 0.2050 'l.999722
0.3333 100.0 500.0 500 o. 0230 · 0.83 • 0.999793
0.3333 100.0 450.0 450 0.0266 15.3 0.96 0.1510 0.999749
o. 1818 100.0 500.0 500 0.0 Hi8 · 1.68 · 0.999793
0.1818 99.5 450.0 450 0.0200 13.9 2.00 0.3390 0.999759

----- B.20. 50. 1-20.0 __ V(F) =V (P) ---------
H2 NO. NO. TOT AL VAH (H2) BUFF- STAN- CV ML~Ml'lL

FAM. PLOTS NO. ER DARD VAH (H2) !U .IO
OBS. OBS. OBS. CAP. RATIO

'.0000 50.0 1000.0 1000 0.0320 · 0.13 · 0.999606
1.0000 50.0 900.0 900 0.0332 3.8 0.13 0.0050 0.999597
1.0000 50.0 800.0 800 0.0347 8.6 0.14 0.0770 0.999582
1.0000 50.0 600.0 600 0.0398 24.4 0.16 0.2100 0.999529
O. 3333 50.0 1000.0 1000 0.0096 · 0.35 · 0.999965
0.3333 50.0 900.0 900 0.0105 9.1 0.38 0.0310 0.999961
O. 3333 50.0 800.0 800 0.0117 21. 1 0.42 0.0310 0.999954
0.3333 50.0 600.0 600 0.0156 62.1 0.56 0.0190 0.999918
O. 1818 50.0 1000.0 1000 0.0054 · 0.54 · 0.999985
0.1818 50.0 900.0 900 0.0061 12.8 0.61 0.0580 0.999919 e0.1818 50.0 800.0 800 0.0071 29.9 0.71 0.0390 0.999912
0.1818 50.0 600.0 600 0.0103 89.9 1.03 0.0230 0.999935
0.0198 50.0 1000.0 1000 0.0020 • 0.20

0:0550
0.999995

0.0198 50.0 900.0 900 0.0025 21.9 0.25 0.999989
0.0198 50.0 800.0 800 0.0031 52.8 0.31 0.04 0 0.999981
0.0198 50.0 600.0 600 0.0054 166.4 0.54 0.3760 0.999939

---B.20. 50. 1-20.0 __V{F})V{P) ------
H2 NO. NO. TOTAL VAR (H2) BUFF- STAN- CV l'lLf~ML

FAM. PLOTS NO. ER DARD VAR(H2) RA IO
OBS. OBS. OBS. CAP. RATIO

1.0000 50.0 1000.0 1000 0.0320
3: 7

0.13 · 0.999812
1.0000 50.0 900.0 900 0.0332 0.13 0.0080 0.999806
O. 3333 50.0 1000.0 1000 0.0096 • 0.35 • 0.999972
0.3333 50.0 900.0 900 0.0105 9.1 0.38 0.0130 0.999961
0.1818 50.0 1000.0 1000 0.0054 · 0.54 · 0.999986
0.1818 50.0 900.0 900 0.0061 12.8 0.61 0.0150 0.999981
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APPENDIX C. (CONTINUED)
------------------------------------------

------U.20. 50. 2-20.0 __V(F) =V (P) ----------
H2 NO. NO. TOTAL VAR (H2) BUFF- STAM- CV Ml~MML

FAM. PLOTS NO. ER DARn VAR (H2) RA .. IO
OBS. OBS. OBS. CAP. RATIO

1.0000 50.0 500.0 1000 0.0357 • 0.14
0:0910

0.999576
1.0000 50.0 495.5 900 0.0369 3.3 0.15 0.999566
1.0000 50.0 480.5 800 0.0385 7.8 0.15 O. 1800 0.999553
1. 0000 50.0 426.5 60r) 0.0437 22.5 0.17 1.1390 0.999493
o. 3333 50.0 500.0 1000 0.0106 · 0.38 · 0.999964
0.3333 50.0 495. S 900 0.0115 8.9 0.42 0.0580 0.999959
O. 3333 50.0 474.0 800 0.0128 20.9 0.46 0.1670 0.999951
0.3333 50.0 427.0 600 0.0170 60.3 0.61 0.2060 0.999917
0.1818 50.0 500.0 1000 0.0060 · 0.60 · 0.999984
0.1818 50.0 496.0 900 0.0067 12.6 0.67 0.0320 0.999980
0.1818 50.0 477.5 800 0.0077 29.7 0.77 0.1130 0.999972
0.. 1818 50.0 422 .. 5 600 0.0112 88.7 1. 12 0 .. 2650 0.999938
0.0198 50.0 500 .. 0 1000 0.. 0022 · 0.22 · 0.999995
0.0198 50.0 495.0 900 0.0027 21.9 0 .. 27 0 .. 0420 0.999990
0 .. 0198 50.0 475.5 800 0.0034 53.1 0 .. 34 0.0130 0.999982
0.0198 50 .. 0 415.5 600 0.0060 168.. 6 0.60 0.6510 0.999945

---U.20. 50. 2-20.0 __V(F) >V (P) - - -- .
H2 NO .. NO. TOTAL VAR(H2) BUFF- STAN- CV ML~MML

FAM. Pl.O~S NO. ER DARD VAR (H2) RA_IO
OBS .. OBS. OBS. CAP. RATIO

1.0000 50.0 500.0 1000 0.0324 · 0.13 · 0.999811
1.0000 50.0 496.0 900 0.0336 3.8 0.13 0.0010 0.999806
O. 3333 50.0 500.0 1000 0.0099 · 0.36 · 0.999972
0.3333 50.0 496.0 900 0.0109 9.3 0.39 0.0220 0.999967
0.1818 50.0 500.0 1000 0.0057 · 0.57 · 0.999986
0.1818 50.0 497.0 900 0.0064 12.9 0.64 0.0020 0.999982

----U.20. 50. 2-20.4 _V (P) =V (P) - --
H2 NO. NO. TOTAL VAR (H2) BUFP- STAN- CV I1L~MML

FAM. PLOTS NO. ER DARD VAR (H2) RA 10
OBS. OBS. OBS. CAP. RATIO

1.0000 50.0 500.0 1000 0.0378 · 0.15 · 0.999500
1.0000 50.0 498.5 900 0.0391 3.5 0.16 0.0380 0.999479
1.0000 50.0 478.0 800 0.0409 8.4 0.16 0.4550 0.999450
1. 0000 50.0 426.0 600 0.0469 24.2 0.19 0.0440 0.999329
0.3333 50.0 500.0 1000 0.0115 · 0.41

0:0910
0.999868

O. 3333 50.0 496.0 900 0.0124 8.3 0.45 0.999850
0.3333 50.0 480.5 800 0.0137 19.7 0.49 0.0090 0.999816
o. 3333 50.0 418.5 600 0.0182 58.2 0.65 0.7500 0.999676
0.1818 50.0 500.0 1000 0.0063 · 0.63

0:2580
0.999848

o. 1818 50.0 497.5 900 0.0071 '1.8 0.71 0.999812
0.1818 50.0 478.0 800 0.0081 27.6 0.81 0.3810 0.999764
0.1818 50.0 416.5 600 0.0114 80.5 1.14 0.5410 0.999637
0.0198 50.0 500.0 1000 0.0019 · 0.19 · 0.999734
0.0198 50.0 495.0 900 0.0022 19.9 0.22 0.2370 0.999684
0.0198 50.0 484.5 800 0.0028 50.6 0.28 1.68QO 0.999657
0.0198 50.0 417.5 600 0.0047 154.8 0.47 5.0600 0.999454
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A??ENDIX C. (CONTINU ?:D) ----------------------------- -----

------------U.20. so. 2-20.4 __v(F) >V (P) -------
H2 NO. NO. TOT At VAP. (FI2) BUFF- S"'AN- CV ML/MML

FA~. PLOTS NO. ER DAP.D VAR (H2) RATIO
OBS. OBS. OBS. CAP. RA'l'IO

1.0000 50.0 500.0 1000 0.0339 · 0.14 · 0.999782
1.0000 50.0 494.0 900 0.0354 4.3 0.14 0.2350 0.999769
O. 3333 50.0 500.0 1000 0.0108 • 0.39 · 0.999897
0.3333 50.0 495.5 900 0.0118 9.4 0.42 0.0330 0.999871
O. 1818 50.0 500.0 1000 0.0060 · 0.60 · 0.999864
O. 1818 50.0 492.0 900 0.0068 12.5 0.68 0.1450 0.999825

-----------U.20. 50. 1-10.0 _V (F) =V (P) - ---
H2 NO. NO. TOT At VA!l(H2) BUPF- S'l'AN- CV MLfMML

FAM. PLOTS NO. ER D/'tP.D VAR (H2) RA IO
ODS. ODS. OBS. CAP. RATIO

1.0000 50.0 500.0 500 0.0437 · 0.17 · 0.999519
1.0000 50.0 450.0 450 0.0469 7.3 0.19 0.0270 0.999485
1.0000 50.0 400.0 400 0.0512 17.1 0.20 0.0270 0.999438
1.0000 50.0 300.0 300 0.0663 51.7 0.21 0.5060 0.999216
0.3333 50.0 500.0 500 0.0191

14: 3
0.69 · 0.999939

0.3313 50.0 450.0 450 0.0219 0.79 0.0060 0.999918
0.3333 50.0 400.0 400 0.0256 33.8 0.92 0.0720 0.999877
o. 3333 50.0 300.0 300 0.0391 104.5 1.41 0.1470 0.999744
O. 1818 50.0 500.0 500 0.0135

17: 8
1.35 · 0.999966 e0.1818 50.0 450.0 450 0.0159 1.59 0.0040 0.999948

O. 1818 50.0 400.0 400 0.0192 42.4 1.92 0.0020 0.999916
O. 1818 50.0 300.0 300 0.0313 131.8 3.13 0.1230 0.999719
0.0198 50.0 500.0 500 0.0081 · 0.81

0:1310
0.999983

0.0198 50.0 450.0 450 0.0100 23.4 1.00 0.999958
0.0198 50.0 400.0 400 0.0127 56.9 1.27 0.1150 0.999921
o. 0198 50.0 300.0 300 0.0231 185. 1 2.31 1.9750 0.999750

---------U.20. 50. 1-10.0 _v (F) >V (P) -----
R2 NO. NO. TO." AL VAR (H2) BOFP- STAN- CV ML/MML

FAM. PLOTS NO. ER DAP.D VAP. (H2) RATIO
OBS. OBS. OBS. CA? RATIO

1.0000 50.0 500.0 500 0.0437
7:4

0.17 · 0.999768
1.0000 50.0 450.0 450 0.0470 0.19 0.1160 0.999148
1.0000 50.0 400.0 400 0.0512 17.1 0.20 0.2350 0.999722
1.0000 50.0 300.0 300 0.0664 51.8 0.27 0.6850 0.999582
O. 3333 50.0 500.0 500 0.01')1 · 0.69

0:0040
0.999949

o. J333 50.0 450.0 450 0.0219 14.3 0.79 0.999929
0.1818 50.0 500.0 500 0.0135

17: 8
1.35 · 0.999968

O. 1a18 50.0 45Q.0 450 0.0159 1.59 0.0630 0.999951
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APPENDIX C.
-----------------------------------------

--------U.40.100. 1-10.0 __V(F) =V (P) ------
H2 NO. NO. TOTAL VAR (H2) BUFF- STAN- CV ?1L~~~L

'PAM. PLOTS NO. En DAnD VAR(H2) RA_IO
OBS. OBS. OBS. CAP. R.\TIO

1.0000 100.0 1000.0 1000 0.0219 • 0.09 · 0.999757
1.0000 100.0 900.0 900 0.0235 7.4 0.09 0.0160 0.999741
1.0000 100.0 800.0 800 0.0256 17. 1 0.10 0.1960 0.999718
1.0000 100.0 600.0 600 0.0331 51.4 0.13 0.3250 0.999617
o. 3333 100.0 1000.0 1000 0.0096 · 0.34 · 0.999970
0.3333 100.0 900.0 900 0.0109 14.3 0.39 0.0080 0.99991:59
0.3333 100.0 800.0 800 0.0128 33.8 0.46 0.0060 0.999944
0.3333 100.0 600.0 600 0.0195 103.7 0.70 0.2300 0.999861
0.1818 100.0 1000.0 1000 0.0068 • 0.68 · 0.999983
0.1818 100.0 900.0 900 0.0080 17.7 0.80 0.0100 0.999972
O. 1818 100.0 800.0 800 0.0096 42.3 0.96 0.0460 0.999956
O. 1818 100.0 600.0 600 0.0157 132.8 1.57 0.1510 0.999878
0.0198 100.0 1000.0 1000 0.0041 • 0.41 · 0.999992
0.0198 100.0 900.0 900 0.0050 23.7 0.50 0.0470 0.999980
0.0198 100.0 800.0 800 0.0064 57.3 0.64 0.2170 0.999963
0.0198 100.0 600.0 600 0.0115 183.4 1.15 0.4020 0.999876

---------U.40.100. 1-10.0 __ V(F) >V (P)

IT2 NO. 140. TOTAL VAR(H2) BUFF- STAN- CV L1L~~!1L
FA!'!. PLOTS NO. ER DABD VAR (H2) RA_IO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 1000.0 1000 0.0219 • 0.09 · 0.999883
1.0000 100.0 900.0 900 0.0235 7.4 0.09 0.1040 0.999873
0.3333 100.0 1000.0 1000 0.0096 · 0.34 · 0.999975
0.3333 100.0 900.0 900 0.0109 14.3 0.39 0.0070 0.999965
0.1818 100.0 1000.0 1000 0.0068 • 0.68

0:0120
0.999984

0.1818 100.0 900.0 900 0.0080 17.7 0.80 0.999974

-------0.40.100. 1-10.3 __ VtE) =V (P) ------
H2 NO. NO. TOTAL VAR(H2) BUFF- STAN- CV l'!L~M~L

FAM. PLO'!'S NO. ER DAR!) V~R (H2) RA_IO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 1000.0 1000 0.0264
7:7

0.11
0:1420

0.999236
1. 0000 100.0 900.0 900 0.0284 O. 11 0.999126
1.0000 100.0 800.0 800 0.0310 17.5 0.12 0.9870 0.998992
1.0000 97.0 600.0 600 0.0389 47.5 0.16 0.6400 0.998639
0.3333 100.0 1000.0 1000 0.0106 · 0.38

0:0520
0.999600

O. 3333 100.0 900.0 900 0.0118 11.2 0.42 0.999572
O. 3333 99.5 800.0 800 0.0134 26.3 0.43 0.0060 0.999510
0.3333 99.0 "00.0 600 0.0188 77.6 0.68 0.0430 0.999341
0.1818 100.0 1000.0 1000 0.0065 · 0.65 · 0.9Q9676
0.1818 100.0 900.0 900 0.0074 14.4 0.74. 0.3920 0.999637
0.1818 lno.o 800.0 800 0.0036 33.2 0.86 0.3820 0.999587
0.1818 99.0 600.0 600 0.0130 100.4 1.30 1.7000 0.999428
0.0198 100.0 1000.0 1000 0.0027 • 0.27

0:1710
0.99Q781

0.0198 100.0 900.0 900 0.0033 22.8 0.33 0.999745
0.0198 100.0 800.0 800 0.0041 54.6 0.41 0.2'10 0.999690
0.0198 99.0 600.0 600 0.0073 174.7 0.73 1.5600 0.999526
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A?PEND!~ C. (CONTINUED) e
---------------------------------

---------U.40.100. 1-10.3 _V (F) >V (?) -------
H2 NO. NO. TOTAL VAP,(H2) BUFP- STAN- cv ~L/MML

FAM. PLOTS NO. ER DARD VAll (H2) RATIO
ODS. OES. OBS. CAP. RATIO

1.1)000 100.0 1000.0 1000 0.0264 · O. 11 • 0.999534
1.0000 100.0 900.0 900 0.0282 6.6 0.11 0.7610 0.999494
O. 3333 100.0 1000.0 1000 0.0106 • 0.38 · 0.999638
O. 3333 100.0 900.0 900 0.0118 11.4 0.42 0.0120 0.999605
0.181Q 100.0 1000.0 1000 0.0065 · 0.65 · 0.999691
0.1818 100.0 900.0 900 0.0074 14.2 0.74 0.1140 0.999651

-------U.40. 51). 1-20.0 _V (F) =V (P) ------
H2 NO. NO. '=O'1'AL VAR (H2) BUFF- STAN- CV ML~l'1ML

FAM. PLOTS NO. EB. DARn VAR (H2) RA IO
OBS. OBS. OBS. CAP. RATIO

1.00/)0 50.0 1000.0 1000 0.0323 · 0.13 • 0.998655
1.0000 50.0 900.0 900 0.0336 3.9 0.13 0.0010 0.998623
1.0000 50.0 800.0 800 0.0]52 9.0 0.14 0.0190 0.998578
1.0000 50.0 600.0 600 0.0407 26.0 0.16 0.2350 0.998418
0.3333 50.0 1000.0 1000 0.0098 · 0.35 · 0.999867
0.3333 50.0 900.0 900 0.0107 9.4 0.39 0.0840 0.999851
O. 3333 50.0 800.0 800 0.0120 22.0 0.43 0.0700 0.999826
0.3333 50.0 600.0 600 0.0152 £4.9 0.53 0.2250 0.999747 e0.1818 50.0 1000.0 1000 0.0056 · 0.56 • 0.999939
0.1818 50.0 900.0 900 0.0063 13.2 0.63 0.0440 0.999923
0.1818 50.0 800.0 800 0.0073 30.9 0.73 0.0410 0.999903
0.1818 50.0 600.0 600 0.0108 94.0 1.08 0.0320 0.999823
O. 0198 50.0 1000.0 1000 0.0021 · 0.21 · 0.999981
0.0198 50.0 900.0 900 0.0026 22.5 0.26 0.0610 0.999968
0.0198 50.0 800.0 800 0.0032 54.1 0.32 0.1390 0.999945
0.0198 50.0 600.0 600 0.0057 173.4 0.57 0.0280 0.999855

-----tJ.40. 50. 1-20.0 _v (F) >V (P) ----
H2 NO. NO. TOTAL VAR(H2) BUFF- STAN- CV l'lL/l'IML

FAM. PLOTS NO. ER DARD VAR (H2) RAl'IO
OBS. OBS. OBS. CAP. RATIO

1.0000 50.0 1000.0 1000 0.0323 • 0.13 · 0.999316
1.0000 50.0 900.0 900 0.0336 3.9 0.13 0.0100 0.999297
0.3333 50.0 1000.0 1000 0.0098 · 0.35 • 0.999888
O. 3333 50.0 900.0 900 0.0107 9.4 0.39 0.0340 0.999875
0.1818 50.0 1000.0 1000 0.0056 • 0.56 • 0.999944
0.1818 50.0 900.0 900 0.0063 13. 1 0.63 0.0030 0.999931
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APPENDIX C. {CONTnlTJED}
----------------------------------

------0.40. 50. 1-20.4 __V (P) =V (P) -----
J2 no. NO. TOTAL VAR{H2) BUFF- STA~l- CV ML~MML

FAM. PLOTS NO. ER DARD YAR (H2) RA.IO
OBS. OBS. OBS. CAP. RATIO

1.0000 50.0 1000.0 11)00 0.0338 • 0.14 • 0.998547
1.0000 50.0 900.0 900 0.0353 4.2 0.14 0.2430 0.998495
1.0000 50.0 800.0 800 0.0373 10. 1 0.15 0.3090 0.998407
1.0000 50.0 600.0 600 0.0432 27.8 0.17 0.3830 0.998164
0.3333 50.0 1000.0 1000 0.0106 · 0.38 · 0.999706
0.3333 50.0 900.0 900 0.0116 9.0 0.42 0.4780 0.999660
0.3333 50.0 800.0 800 0.01.30 21.8 0.47 0.0450 0.999568
0.3333 50.0 600.0 600 0.0173 63.1 0.62 1.2820 0.999293
O. 181 A 50.0 1000.0 1000 0.0059 • 0.59 · 0.999696
O. 1818 50.0 900.0 900 0.00~7 12.2 0.67 0.2040 0.999633
0.1818 50-.0 800.0 800 0.0076 28.7 0.76 0.0880 0.999542
0.1818 50.0 600.0 600 0.0110 85.0 1. 10 0.2890 0.999250
0.0198 50.0 1000.0 1000 0.0018 · 0.18 • 0.999486
0.0198 50.0 900.0 900 0.0022 22.2 0.22 0.3950 0.999427
0.0198 50.0 800.0 800 0.0027 52.0 0.27 1.3940 0.999315
0.0198 50.0 600.0 600 0.0047 162.7 0.47 0.4600 0.998977

--------U.40. 50. 1-20.4 _V(F»V (P) -----
H2 NO. NO. TOTAL VAR {H2} BOFF- STA~- CV I'!L~1'!r1L

FAM. PLOTS NO. ER DARD VAli (H2) RA .. IO
OBS. OBS. OBS. CAP. RATIO

1.00,.,0 50.0 1000.0 1000 0.0318 · 0.14
0:3310

0.999249
1.0000 50.0 900.0 900 0.0"352 4.2 0.14 0.999218
0.3333 50.0 1000.0 1000 0.0106 · 0.30 • 0.Q99741
0.3333 50.0 900.0 900 0.01 16 9.2 0.42 0.0810 0.999695
0.1818 50.0 1000.0 1000 0.0059 · 0.59 · 0.999712
O. 1818 50.0 900.0 900 0.0067 12.5 0.67 0.1600 0.999644

-----B.40. 25. 1-40.0 __V (F) =V (P) -
R2 NO. NO. TOTAL VAR (H2) B!JFF'- STAN- CV MLfMML

FA!'!. PLOTS NO. ER DARD VAR (H2) RA IO
OBS. OBS. 013S. CAP. RATIO

1.0000 25.0 1000.0 1000 0.0556 • 0.22 · 0.992812
1.0000 25.0 900.0 900 0.0566 2.0 0.23 0.0150 0.9927~4

1.0000 25.0 800.0 800 0.0581 4.5 0.21 0.0260 0.992655
1.0000 25.0 600.0 600 0.0625 12.6 0.25 0.1030 0.992382
0.3333 25.0 1000.0 1000 0.0130 • 0.47 · 0.999319
0.3333 25.0 900.0 900 0.0137 5.5 0.49 0.0150 0.999285
O. 3333 25.0 800.0 800 0.0146 12.6 0.53 0.0210 0.999243
0.3333 25.0 600.0 600 0.0177 36.2 0.64 0.1990 0.999091
0.1818 25.0 1000.0 1000 0.0060 · 0.60

0:0220
0.999736

0.1818 25.0 900.0 900 0.0065 8.6 0.65 0.999712
0.1818 25.0 800.0 800 0.0072 20.0 0.72 0.0420 0.999676
O. 1818 25.0 600.0 600 0.0095 58.6 0.95 0.0200 0.999562
0.0198 25.0 1000.0 1000 0.0012 • 0.12 • 0.999955
0.0198 25.0 900.0 900 0.0015 20.5 0.15 0.0080 0.999939
0.0198 25.0 300.0 800 0.0018 49.2 0.18 0.0700 0.999912
0.0198 25.0 600.0 600 0.0031 156.4 0.31 0.4120 0.999812
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APPENDIX C. (CONTINUED) e
-- ---------------------------- - ------

----------B.40. 25. 1-40.0 __V(F) >V (P) -----
H2 NO. NO. '!'OT~L VAR (82) Brn'}"- STAN- CV ~L/~~L

FAM. PLOTS NO. ER D.&oR!> VAR (H2) RATIO
OBS. OBS. OBS. CAP. RATIO

1.0000 25.0 1000.0 1000 0.0556 · 0.22 • 0.996029
1.0000 25.0 900.0 900 0.0567 2.0 0.23 0.0180 0.995985
1.0000 25.0 800.0 800 0.0581 4.5 0.23 0.0260 0.995932
1.0000 25.0 600.0 600 0.0625 12.6 0.25 0.0550 0.995755
O. 3333 25.0 1000.0 1000 0.0130 • 0.47 • 0.999423
0.3333 25.0 900.0 900 0.0137 5.5 0.49 0.0230 0.999394
0.3333 25.0 800.0 800 0.0146 12.6 0.53 0.0080 0.999356
O. 3333 25. a 600.0 600 0.0177 36.7 0.64 0.0630 0.999199
0.1818 25.0 1000.0 1000 0.0060 • 0.60 • 0.999757
O. 1818 25.0 900.0 900 0.0065 8.6 0.65 0.0060 0.999734
0.1818 25.0 800.0 800 0.0072 20.0 0.72 0.0450 0.999701
0.1818 25.0 600.0 600 0.0095 58.7 0.95 0.1350 0.999577

---U.20.100. 1-10.0 __V(F) =V (P) --
82 NO. NO. TOTAL VAR (ff2) BUFF- STAN- CV l1LfMML

FAM. PLOTS NO. ER DARD VAR (H2) RA IO
OBS. OBS. ORS. CA? RATIO

1.0000 100.0 1000.0 1000 0.0215 · . 0.09 • 0.999934
1.0000 100.0 900.0 900 0.0230 7. 1 0.09 0.0020 0.999928 e1.0000 100.0 800.0 800 0.0251 16.6 0.10 0.1450 0.999919
1.0000 100.0 600.0 600 0.0321 49.2 0.13 0.0880 0.999877
0.3333 100.0 1000.0 1000 0.0094 · 0.34 · 0.999992
0.3333 100.0 900.0 900 0.0107 13.9 0.38 0.0230 0.999987
0.3333 100.0 800.0 800 0.0124 32.9 0.45 0.0240 0.999979
0.3333 100.0 600.0 600 0.0187 99.9 0.67 0.0450 0.999946
0.1818 100.0 1000.0 1000 0.0066 • 0.66 • 0.999996
O. 1818 100.0 900.0 900 0.0077 17.3 0.77 0.0630 0.999991
0.1818 100.0 800.0 800 0.0093 41.2 0.93 0.0110 0.999984
0.1818 100.0 600.0 600 0.0149 126.5 1.49 0.5880 0.999950
0.0198 100.0 1000.0 1000 0.0039 · 0.39 • 0.999998
0.0199 100.0 900.0 900 0.0049 23. 1 0.49 0.1180 0.999992
0.0198 100.0 800.0 800 0.0061 55.1 0.61 0.2530 0.999984
0.0198 100.0 600.0 600 0.0109 177.1 1.09 0.7200 0.999949

---U.20.100. 1-10.0 __V(P) >V (?) - ---
82 NO. NO. TOTAL VAli (R2) BUFF- STAN- CV MLfr1ML

P' J\ P!. PLOTS NO. ER DARD VAR (R2) RA IO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 1000.0 1000 0.0215 • 0.09 · 0.999969
1.0000 100.0 900.0 900 0.0230 7.1 0.09 0.1220 0.999966
0.3333 100.0 1000.0 1000 0.0094 • 0.34 • 0.999994
O. 3333 100.0 900.0 900 0.0107 13.9 0.38 0.0280 0.999989
0.1818 100.0 1000.0 1000 0.00156 • 0.156 · 0.999996
0.1818 100.0 900.0 900 0.0077 17. ) 0.77 0.0390 0.999992
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APPENDIX C. (CONTINUED)
------------------------- ---
-------U.20.100. 1-10.3 __V (F) =V (P)

H2 NO. NO. TO"'A!. VAP. (fI2) BUFF- S'rAN- CV ML/MML
FAM. PLOTS NO. RR DARD VAR (H2) RATIO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 1000.0 1000 0.0259 • 0.10 • 0.999776
1.0000 100.0 900.0 900 0.0279 7.5 O. 11 0.3020 0.999730
1.0000 100.0 800.0 800 0.0303 16.7 0.12 0.6210 0.999678
1.0000 99.0 600.0 600 0.0374 44.4 0.15 0.1680 0.999553
0.3333 100.0 1000.0 1000 0.0104 · 0.37 · 0.999806
O. 3333 100.0 900.0 900 0.0115 11.2 0.41 0.0320 0.999778
0.3333 100.0 800.0 800, 0.0130 25.7 0.47 0.0910 0.999740
O. 3333 98.0 600.0 600 0.0181 74.4 0.65 0.3920 0.999654
O. 1818 100.0 1000.0 1000 0.0063 · 0.63 · 0.999815
0.1818 100.0 900.0 900 0.0072 14. 1 0.72 0.1410 0.999796
0.1818 100.0 800.0 800 0.0084 32.8 0.84 0.4890 0.999768
D.1818 97.5 600.0 600 0.0125 96.5 1.25 1.0400 0.999673
0.0198 100.0 1000.0 1000 0.0026

21: 5
0.26 · 0.999858

0.0198 100.0 900.0 900 0.0031 0.31 0.0970 0.999838
0.0198 100.0 800.0 800 0.0040 53.8 0.40 0.3310 0.999813
0.0198 97.0 600.0 600 0.0069 167.3 0.69 1.2280 0.999716

------U.20.100. 1-10.3 _V (F) >V (P) -------
H2 NO. no. TO"'AL VAH (H2) BUFF- s'!' Arl- CV 11L/r!1'1L

F J\ M. PLOTS NO. ER DARD VAP. (H2) RATIO
ODS. 095. ODS. CAP. RA~IO

1.0000 100.0 1000.0 1000 0.0259 • 0.10 · 0.999865
1. 0000 100.0 900.0 900 0.0279 7.6 o. 11 0.0460 0.999834
0.3333 100.0 1000.0 1000 0.0104 · D.37 · 0.999824
O. 3333 100. a 900.0 900 0.0115 11.3 0.42 0.0920 0.999792
0.1818 100.0 1000.0 1000 0.0063 · 0.63

0:3450
0.999824

O. 1818 100.0 900.0 900 0.0072 14.0 0.72 0.999805

-----U.20.100. 2-10.0 _v (F) =V (P) -------
R2 NO. NO. TOTAL VAH (H2) BUFF- S~AN- CV !"IL/M!'!L

FAM. PLOTS NO. ER DARD VAP.(H2) RATIO
OBS. OB~. ODS. CAP. RATIO

1.0000 100.0 500.0 1000 0.02 Fi5 · 0.11 · 0.999928
1.0000 100.0 493.0 900 0.0282 6.3 0.11 0.2130 0.999923
1. 0000 100.0 481.0 ROO 0.0303 14.3 0.12 0.3870 0.999917
1.0000 100.0 423.5 600 0.0379 42.9 0.15 0.2580 0.999882
O. 3333 100.0 500.0 1000 0.01 11 • 0.40 · 0.999992
0.3333 100.0 495.0 900 0.0125 13.5 0.45 0.0560 0.999988
0.3333 100.0 486.5 800 0.0145 31. 4 0.52 0.0520 0.999983
0.3333 100.0 416.5 600 0.0218 97.6 0.79 0.6620 0.999948
0.1818 100.0 500.0 1000 0.0077 · 0.77 • 0.999996
O. 1818 100.0 495.0 900 0.0090 17.1 0.90 0.1090 0.999991
0.1818 100.0 481.5 800 0.0108 40.5 1.08 0.0600 0.999984
0.,1818 100.0 416.5 600 0.0172 124.1 1.72 0.0720 0.999943
0.0198 100. a 500.0 1000 0.0046 · 0.46 · 0.999998
0.0198 100.0 496.0 900 0.0056 22.9 0.56 0.0640 0.999992
0.0198 100.0 474.5 800 0.0071 55.2 0.71 0.1660 0.999982
0.0198 100.() 425.0 600 0.0127 177.9 1.27 0.8400 0.999951
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APPENDIX C. (CONTINUED) e----------------------------- - -----

-----U.20.100. 2-10.0 __V (P) >V (P) ----
R2 NO. NO. ":'01' AL VAR(H2) BUFF- c;TA~- CV MLL~ML

FAM. PLOTS NO.' ER DARD VAR (H2) RATIO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 500.0 1000 0.0222 • 0.09 · 0.999970
1. 0000 100.0 496.5 900 0.0219 7.3 0.10 0.0610 0.999968
0.3333 100.0 500.0 1000 0.0100 · 0.36 • 0.999994
O. 3333 100.0 496.0 900 0.0115 14.3 0.41 0.0820 0.999990
O. 1818 100.0 500.0 1000 0.0072 • 0.72 · 0.999996
0.1818 100.0 493.5 900 0.0085 17.7 0.85 0.1200 0.999991

-----U. 20. 100. 2-10.3 __V(F) =V (1.') ------
H2 NO. NO. TOTAL VAR (H2) BUFF- STAN- CV MLf:1ML

FA~. PLOTS NO. ER DARD VAR (U2) RA IO
OBS. OBS. ODS. CAP. RATIO

1.0000 100.0 500.0 1000 0.0322 • 0.13 · 0.999540
1.1)000 100.0 493.0 900 0.0341 5.8 0.14 0.0850 0.999497
1.0000 99.5 473.0 800 0.03156 13.7 0.15 0.5800 0.999448
1.0000 99.0 423.0 600 0.0442 37.2 0.18 0.0260 0.999297
0.3333 100.0 500.0 1000 0.0119 · 0.Ll3 · 0.999781
0.3333 100.0 497.0 900 0.0131 10.5 0.47 0.1750 0.999766
0.3333 100.0 479.0 800 0.0148 24.7 0.53 0.2980 0.999732
O. 3333 99.0 423.5 600 0.0203 71.2 0.73 0.6360 0.999666
0.1818 100.0 500.0 1000 0.0071 · 0.71 · 0.999826 eo. 1818 100.0 496.0 900 0.0081 13.5 0.81 0.1950 0.999810
0.1818 100.0 479.0 800 0.0094 31.7 0.94 0.1610 0.999788
0.1818 96.5 425.0 60J 0.0137 91.7 1.37 4.3510 0.999721
0.0198 100.0 500.0 1000 0.0029 · 0.29

0:0120
0.999885

0.0198 100.0 496.5 900 O. on 35 21.9 0.35 0.999867
0.0198 100.0 475.5 800 0.0043 51. 1 0.43 O. 1530 0.999844
0.0198 99.0 420.5 600 0.0076 167.7 0.76 3.4510 0.999741

---U.20.100. 2-10.3 _V (F) >V (1.') - ----
H2 NO. NO. TOTAL VAR (H2) BUFF- S'!'AN- CV ML/MML

FAM. PLOTS NO. ER DARD VAR (H2) RATIO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 500.0 1000 0.0269 · O. 11
0:5310

0.999786
1.0000 100.0 493.0 900 0.0291 8. 1 0.12 0.999750
0.1333 100.0 500.0 1000 0.0110 • 0.39 · 0.999814
0.3333 100.0 495.5 900 0.0122 11.3 0.44 0.0560 0.999197
o. 1818 100.0 500.0 1000 0.0068 · 0.68 · 0.999839
0.1818 100.0 494.0 900 0.0077 14. 1 0.77 0.1630 0.999823
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APPENDIX C. (CONTINUED)

-----------------------------
-------U.20.100. 1- 5.0 __V (F) =V (P) -------

R2 NO. NO. TO'r' AL VA~ (H2) B!JFF- STAN- CV ML~l'!l'lL

FAM. PLOtt'S NO. ER DARD VAR (H2) RA.:..IO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 500.0 500 0.0376 • 0.15 • 0.999910
1.0000 100.0 450.0 450 0.0425 12.9 0.17 0.0580 0.999885
1.0000 100.0 400.0 400 0.0493 31.1 0.20 0.0620 0.999837
1.0000 99.5 300.0 300 0.0741 97.0 0.30 0.4620 0.999613
O. 3333 100.0 500.0 500 0.0252 • 0.91 • 0.999984
0.3333 100.0 450.0 450 0.0301 19.4 1.08 0.0490 0.999962
0.3333 100.0 400.0 400 0.0368 46.3 1.32 0.7220 0.999933
0.3333 99.0 300.0 300 0.0621 146.7 2.23 0.5190 0.999775
O. 1818 100.0 500.0 500 0.0215 · 2.15 · 0.999989
O. 1818 100.0 450.0 450 0.0261 21.4 2.61 0.0990 0.999967
O. 1818 100.0 400.0 400 0.0328 52.5 3.28 0.2980 0.999932
0.1818 99.5 300.0 300 0.0569 165.0 5.69 2.2440 0.999789
0.0198 100.0 500.0 500 0.0174 • 1.74 · 0.999993
0.0198 100.0 450.0 450 0.0217 24.5 2.17 0.0880 0.999971
0.0198 100.0 400.0 400 0.0278 59.. 7 2.78 0.3270 0.999940
0.0198 100.0 300.0 300 0.0500 186.9 5.00 1.4790 0.999769

U.20.100. 1- 5.0 _V (:") >V (P) -------
H2 NO. NO. TO~AL VA~(32) BUPF-"S'!'AN- CV ML~MML

F!~. PLOTS NO. ER DARD VAR (H2) RA.l.IO
OBS. OBS. oas. CAP. RATIO

1.0000 100.0 500.0 500 0.0376 • 0.15 · 0.999958
1.0000 100.0 450.0 450 0.0~25 13. 1 0.17 0.0060 0.999941
0.3333 100.0 500.0 5()0 0.0252 · 0.91 · 0.999986
0.3333 100.0 450.0 450 0.0301 19.4 1.08 0.0790 0.999966
O. 1818 100.0 500.0 500 0.0215 • 2.15 • 0.999990
O. 1818 100.0 450.0 450 0.0261 21.4 2.61 0.0680 0.999967

-------U.20.100. 1- 5.1 __V(F) =V (P) ---
H2 NO. no. TO~AL VAR (H2) BUFF- STAN- CV ~L~l'!ML

FAM. !?1 0":' S NO. ER DARD VAR(H2) RA_IO
OBS. OBS. OBS. CAP. RATIO

'.0000 100.0 500.0 500 0.0444 · 0.18 • 0.999571
1.0000 98.5 450.0 450 0.0492 10.8 0.20 0.0720 0.999492
1.0000 Q9.0 400.0 400 0.0551 24. 1 0.22 0.1500 0.999423
1.0000 90.5 300.0 300 0.0754 69.8 0.30 1.0500 0.999170
0.1333 100.0 500.0 500 0.0230 · 0.83 · 0.999770
0.3333 100.0 450.0 450 0.0266 15.6 0.96 0.0240 0.999729
0.3133 99.0 400.0 400 0.0318 38.0 1.14 0.5600 0.999695
0.3333 92.0 300.0 300 0.ou95 114.7 1.78 O. 1360 0.999460
0.1818 100.0 500.0 500 0.0168 · 1.68 · 0.999783
o. 1818 Q9.5 450.0 450 0.0198 17.7 1.98 0.5990 0.999743
o. 1818 97.5 400.0 400 0.0242 43.9 2.42 2.1090 0.999705
O. 1818 90.5 300.0 300 0.0394 134.9 3.94 1.1700 0.999480
0.0198 100.0 500.0 500 0.0104 • 1.04 · 0.999800
0.0198 100.0 450.0 450 0.0130 25.5 1.30 0.1050 0.999757
0.01Q8 96.5 400.0 400 0.0162 56.3 1.62 0.3700 0.999713
0.0198 92.5 300.0 300 0.0302 191.8 3.02 0.8570 0.999414
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APPEND!X C. (CONTINUED) e
--------------------------- -------

-------U.20.100. 1- 5.1 __ V(P) >V (P) -------
H2 NO. NO. TO'=AL VAH (R2) BUFF- STAN- CV ~LfMML

FAM. PLOTS NO. ER DARD VAR (fi2) RA IO
OBS. OBS. OBS. C!? RATIO

1.000n 100.0 500.0 500 0.0444 · 0.18 • 0.999763
1. 0000 99.5 450.0 450 0.0490 10.3 0.20 0.2050 1).999722
O. 3333 100.0 500.0 500 0.02]0 • 0.83 • 0.999793
0.3333 100.0 450.0 450 0.02fi6 15.3 0.96 0.1510 0.999149
O. 1818 100.0 500.0 5no 0.01'58 · 1.68 · 0.999193
0.1818 99.5 450.0 450 0.0200 18.9 2.00 0.3390 0.999759

--- --B.20. 50. 1-20.0 __V (P) =V (P) -------
H2 NO. NO. TOT AL VAR (H2) BUPP'- STAN- CV ~L~Ml'1L

FAM. PLOTS NO. ER DARD VAR (H2) RA.IO
OBS. OBS. OBS. CAP. RATIO

1.nOOO 50.0 1000.0 1000 0.0320 · 0.13 · 0.999606
1.0000 50.0 900.0 900 0.0332 3.8 0.13 0.0050 0.999591
1.0000 50.0 800.0 800 0.0347 8.6 0.14 0.0770 0.999582
1.0000 50.0 600.0 600 0.0398 24.4 0.16 0.2100 0.999529
O. 3333 50.0 1000.0 1000 0.0096 · 0.35 · 0.999965
0.3333 50.0 900.0 900 0.0105 9.1 0.38 0.0310 0.999961
o. 3333 50.0 800.0 800 0.0117 21. 1 0.4:? 0.031a 0.999954
0.3333 50.0 600.0 600 0.0156 62.1 0.56 0.0190 0.999918 e0.1818 50.0 1000.0 1000 0.0054 · 0.54 • 0.999985
0.1818 50.0 900.0 900 0.0061 12.8 0.61 0.0580 0.999979
O. 181 a 50.0 800.0 800 0.0011 29.9 0.71 0.0390 0.999972
0.1818 50.0 fiOO.O 600 0.0103 89.9 1.03 0.0230 0.999935
0.0198 50.0 1000.0 1000 0.0020 • 0.20 • 0.999995
0.0198 50.0 900.0 900 0.0025 21.9 0.25 0.0520 0.999989
0.0198 50.0 800.0 800 0.0031 52.8 0.31 0.0450 0.999981
0.0198 50.0 600.0 600 0.0054 166.4 0.54 0.3160 0.999939

---B.20. 50. 1-20.0 __V (?) >v (P)

H2 !lO. NO. TOTAL VAR(H2) BUFF- STAN- CV r1L~~H1t
FAM. PLOTS NO. ER DARD VAR(H2) RA ... IO
OBS. OBS. oas. CAP. RATIO

1.0000 50.0 1000.0 1000 0.0320 · 0.13 • 0.999812
1.0000 50.0 900.0 900 0.0332 3.7 0.13 0.0080 0.999806
O. 1333 50.0 1000.0 1000 0.0096 • 0.35 • 0.999972
0.3333 50.0 900.0 900 0.0105 9. 1 0.38 0.0130 0.999967
0.1818 50.0 1000.0 1000 0.0054 · 0.54 · 0.999986
0.1818 50.0 900.0 900 0.0061 12.8 0.61 0.0150 0.999981
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APPENDIX C. (CONTI~frJED)

-------------------------- -------
-----u.20. 50. 2-20.0 __ V(F) =V (P) ---------

H2 NO. NO. TO~AI. VAR (fi2) BTJFF- .STAN- CV ~L~MML
FAM. PLOTS NO. ER DARn VAR (H2) RA.IO
OBS. OBS. OBS. CAP. RA-TIO

1.0000 50. a 500.0 1000 o. 0357 • 0.14 · 0.999576
1.0000 50.0 ~95. 5 900 0.0369 3.3 0.15 0.0910 0.999566
1. 0000 50.0 480.5 800 0.0385 7.8 0.15 0.1800 0.999553
1. 0000 50.0 426.5 60r) 0.0437 22.5 0.17 1.1390 0.999493
o. 3333 50.0 500.0 1000 0.0106 • 0.38 · 0.999964
0.3333 50.0 495. I) 900 0.0115 8.9 0.42 0.0580 0.999959
O. 3333 50.0 474.0 800 0.0128 20.9 0.46 0.1670 0.999951
O. 3333 50.0 427.0 600 0.0170 60.3 0.61 0.2060 0.999917
0.1818 50.0 500.0 1000 0.0060 · 0.60 • 0.999984
0.1818 50.0 496.0 900 0.0067 12.6 0.67 0.0320 0.999980
0.1818 50.0 477.5 800 0.0077 29.7 0.77 0.'130 0.999972
O. 1818 50.0 422.5 600 0.0112 88.7 1. 12 0.2650 0.999938
0.0198 50.0 500.0 1000 0.0022 · 0.22 • 0.999995
0.0198 50.0 495.0 900 0.0027 21.9 0.27 0.0420 0.999990
0.0198 50.0 475.5 800 0.0034 53.1 0.34 0.0130 0.999982
0.0198 50.0 415.5 600 0.0060 168.6 0.60 0.6510 0.999945

---U.20. 50. 2-20.0 __ V(F) >V (i?)

H2 NO. NO. TO':' AI. VAR(H2) BUFF- S'!A1I- CV ~L~Mr1L
FA~. PI.O~S NO. ER DARD VAR (R2) RA_IO
OBS. OBS. OBS. CAP. RATIO

'.0000 50.0 500.0 1000 0.0324 • 0.13 · 0.999811
1.0000 50.0 496.0 900 0.0336 3.8 0.13 0.0010 0.999806
O. 3333 50.0 500.0 1000 0.0099 · 0.36 · 0.999972
0.3333 50.0 496.0 900 0.0109 9.3 0.39 0.0220 0.999967
0.1818 50.0 500.0 1000 0.0057 • 0.57 • 0.999986
0.1818 50.0 497.0 900 0.0064 12.9 0.64 0.0020 0.999982

---{J. 20. 50. 2-20.4 _V (F) =V (P) - ----
H2 NO. NO. TOT AI. VAR (H2) BUFF- STAN- CV MI.~MML

FAM. PLOTS NO. ER DARD VAR (H2) RA.IO
OBS. OBS. OBS. CAP. RATIO

1.0000 50.0 500.0 1000 0.0378 • 0.15 · 0.999500
1.0000 50.0 498.5 900 0.0391 3.5 0.16 0.0380 0.999479
1.0000 50.0 478.0 800 0.0409 8.4 0.16 0.4550 0.999450
1. 0000 50.0 426.() 600 0.0469 24.2 O. 19 0.0440 0.999329
O. 3333 50.0 500.0 1000 0.0115 · 0.41

0:0910
0.999868

O. 3333 50.0 496.0 900 0.0124 8.3 0.45 0.999850
0.3333 50.0 480.5 800 0.0137 19.7 0.49 0.0090 0.999816
0.3333 50.0 418.5 600 0.0182 58.2 0.65 0.7500 0.999676
0.1818 50.0 500.0 1000 0.0063 · 0.63

0:2580
0.999848

0.1818 50.0 497.5 900 0.0071 11.8 0.71 0.999812
O. 1A18 50.0 478.0 800 0.0081 27.6 0.81 0.3810 0.999764
0.1818 50.0 416.5 600 0.0'14 AO.5 1.14 0.5410 0.999637
0.0198 50.0 500.0 1000 0.0019 · 0.19 · 0.999734
0.0198 50.0 495.0 900 0.0022 19.9 0.22 0.2370 0.999684
0.n198 50.0 484.5 800 0.0028 50.6 0.28 1.68QO 0.999657
0.0198 50.0 417.5 600 0.0047 154.8 0.47 5.0600 0.999454
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A??ENDIX C. (CON'!'INU~D) e
-------------------- ----

----------U.20. 50. 2-20.4 __ V(F) >V (P) --- -
H2 NO. NO. TOTAL VAR (F12) BUFF- S~AN- CV I'!L/r1ML

PA:!. PLOTS . NO. ER DARD VAR (H2) RATIO
OBS. OBS. OBS. CAP. RA"'IO

1.0000 50.0 500.0 1000 0.0339 · 0.14 · 0.999782
1.0000 50.0 494.0 900 0.0354 4.3 0.14 0.2350 0.999769
o. 3333 50.0 500.0 1000 0.0108 • 0.39 • 0.999897
0.3333 50.0 495.5 900 0.0118 9.4 0.42 0.0330 0.999871
0.1818 50.0 500.0 1000 0.0060 · 0.60 · 0.999864
O. 1818 50.0 492.0 900 0.0068 12.5 0.68 0.1450 0.999825

-----------0.20. 50. 1-10.0 _V (F) =V (P)

H2 NO. NO. TOTAL VA!l(H2) BUP'F- STAN- CV ~LfMML
FAM. PLOTS NO. ER DAR:> VAR (H2) RA IO
ODS. ons. OBS. CAP. RATIO

1.0000 50.0 500.0 500 0.0437 • 0.17 • 0.999519
1.0000 50.0 450.0 450 0.0469 7.3 0.19 0.0270 0.999485
1.0000 50.0 400.0 400 0.0512 17.1 0.20 0.0270 0.999438
1.0000 50.0 300.0 300 0.0663 51.7 0.27 0.5060 0.999216
0.3333 50.0 500.0 500 0.0191 · 0.69 · 0.999939
0.3313 50.0 450.0 450 0.0219 14.3 0.79 0.0060 0.999918
0.3333 50.0 400.0 400 0.0256 33.8 0.92 0.0720 0.999877
0.3333 50.0 300.0 300 0.0391 104.5 1.41 0.1470 0.999744
O. 1818 50.0 500.0 500 0.0135 • 1.35 · 0.999966 e0.1818 50.0 450.0 450 0.0159 17.8 1.59 0.0040 0.999948
O. 1818 50.0 400.0 400 0.0192 42.4 1.92 0.0020 0.999916
O. 1818 50.0 300.0 300 0.0313 131.8 3.13 0.1230 0.999719
0.0198 50.0 500.0 500 0.0081 · 0.81 • 0.999983
0.0198 50.0 450.0 450 0.0100 23.4 1.00 0.1310 0.999958
0.0198 50.0 400.0 400 0.0127 56.9 1.27 0.1150 0.999921
0.0198 50.0 300.0 300 0.0231 185. 1 2.31 1.9750 0.999750

----0.20. 50. 1-10.0 _V (F) >V (P) -----
H2 NO. NO. TO.,.AL VAR (ff2) BOFF- STAN- CV ML/MML

FAM. PLOTS NO. ER DARD VAR (H2) RATIO
OBS. OBS. OBS. CAP. RATIO

1.0000 50.0 500.0 500 0.0437 • 0.17 · 0.999768
1.0000 50.0 450.0 450 0.0470 7.4 0.19 0.1160 0.999748
1.0000 50.0 400.0 400 0.0512 17. 1 0.20 0.2350 0.999722
1.0000 50.0 300.0 300 0.0664 51.8 0.27 0.6850 0.999582
O. 3333 50.0 500.0 500 0.01!)1 · 0.69 • 0.999949
O. 1333 50.0 450.0 450 0.0219 14.3 0.79 0.0040 0.999929
0.1818 50.0 500.0 500 0.0135 · 1.35 · 0.999968
O. 1a18 50.0 450.0 450 0.0159 17.8 1.59 0.0630 0.999951
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APPENDIX c. (CONTINUED)
--------------------- ----

-----TJ.20. 50. 1-10.2 _V (F) =V (P) --
H2 NO. NO. TOTAL VAR (H2) BUFF- S'l'~N- CV MLf~ML

FAM. PLOTS NO. ER DARD VAR (H2) RA 10
OBS. OBS. OBS. CAP. RA't'IO

1.0000 50.0 500.0 500 0.0473 • 0.19
0: 8650

0.999306
1.0001) 50.0 450.0 450 0.0510 7.6 0.20 0.999222
1.0000 50.0 400.0 400 0.0553 16.7 0.22 0.1000 0.999127
1.0000 50.0 300.0 300 0.0711 50.1 0.28 1.1650 0.998699
0.3333 50.0 500.0 500 0.0202 • 0.73

0:2220
0.999624

O. 3333 50.0 450.0 450 0.0228 12.9 0.82 0.999555
0.3333 50.0 400.0 400 0.0264 30.7 0.95 0.1110 0.999428
O. 3333 49.5 300.0 300 0.0386 90.9 1.39 0.7970 0.999196
0.181a 50.0 500.0 500 0.0133 • 1.33 · 0.999592
0.1818 50.0 450.0 450 0.0155 16.3 1.55 0.0910 0.999566
0.181a 50.0 400.0 400 0.0184 37.7 1. 8 ~ 0.4160 0.999~11

0.1818 50.0 300.0 300 0.0290 117.6 2.90 0.6290 0.999096
0.0198 50.0 500.0 500 0.0064 · 0.64

0:4780
0.999547

0.0198 50.0 450.0 450 0.0079 22.1 0.79 0.999460
0.0198 50.0 400.0 400 0.0102 58.8 1.02 0.1990 0.999423
0.0198 50.0 300.0 300 0.0184 185.8 1.84 2.2220 0.999115

---U.20. 50. 1-10.2 _V (F) >V (P)

H2 NO. NO. TO'" AL VAR (H2) BUYF- STAN- CV ~Lf~ML
FAM. PLOTS NO. ER DARD VAR (H2) RA 10
OBS. OBS. OBS. CAP. RATIO

1.0000 50.0 500.0 500 0.0474 • 0.19
0:1670

0.999629
1.0000 50.0 450.0 450 0.0509 7.5 0.20 0.999576
0.3333 50.0 500.0 500 0.0202

13: 0
0.73 · 0.999660

0.3333 50.0 450.0 450 0.0228 0.82 0.0930 0.999584
0.1818 50.0 500.0 500 0.0133 · 1.33 · 0.999610
0.1818 50.0 450.0 450 0.0154 15.7 1.54 0.0680 0.999524

------B.10.100. 1-10.0 _V (F):V (1')

H2 NO. NO. TO~AL VAR (H2) BUFF- STAN- CV ML,MML
FAM. PLOTS NO. E'R DARD VAR (H2) RA_IO
OBS. OBS. OBS. CAP. RATIO

1. 0000 100.0 1000.0 1000 0.0213 • 0.09
0:0960

0.999982
1.0000 100.0 900.0 900 0.0228 7.0 0.09 0.999982
1.0000 100.0 800.0 800 0.0248 16.4 0.10 0.0040 0.999978
1.0000 100.0 600.0 600 0.0314 47.3 0.13 0.2570 0.999965
o. 1333 100.0 1000. a 1000 0.0092 • 0.33 · 0.999998
O. 3333 100.0 900.0 900 0.0105 13. 7 0.38 0.0060 0.999996
0.3333 100.0 800.0 800 0.0122 32.2 0.44 0.0090 0.999994
0.3333 100.0 600.0 600 0.0182 97.4 0.66 0.0190 0.999979
o. 1818 100.0 1000.0 1000 0.0065 • 0.65 · 0.999998
0.1818 100.0 900.0 900 0.0076 17.1 0.76 0.0560 0.999997
0.1818 100.0 800.0 800 0.0091 40.5 0.91 0.0060 0.999993
O. 1818 100.0 600.0 600 0.0145 123.9 1.45 0.1580 0.999979
0.0198 100.0 1000.0 1000 0.0039 · 0.39 · 1.000000
0.. 0198 100.0 900.0 900 0.0048 22.6 0.48 0.2050 0.999997
0.0198 100.0 800.0 800 0.0060 55.1 0.60 0.1720 0.999993
0.0198 99.5 600.0 600 0.0105 171.3 1.05 0.2210 0.999976
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'-Pt'ENDIY. C. (CONTINTJED) e
------------------------~--------

-----B.l0.100. 1-10.0 __V(F) >V (P) ---
H2 NO. NO. TOTAL VAR(R2} BUFF- S'l'~N- CV l!L~MML

FAM. PLOTS NO. ER DARD VAR (H2) RA_IO
OBS. OBS. OBS. CAP. RATIO

1. 0000 100.0 1000.0 1000 0.0213 · 0.09 · 0.999993
1.0000 100.0 900.0 900 0.0228 6.. 9 0.09 0.0080 ".999992
1.. 0000 100.0 800.0 800 0.0248 16.0 0.10 0.0850 0.999990
1.0000 100.0 600.0 600 0.0316 48.0 0.13 0.0310 0.999978
O. 3333 100.0 1000.0 1000 0.0092 • 0.33 • 0.999998
0.3333 100.0 900.0 900 0.0105 13.7 0.38 0.0180 0.999997
0.3333 100.0 800.0 800 0.0122 12.3 0.44 0.0140 0.999994
0.3333 100.0 600.0 600 0.0182 97.4 0.66 0.1670 0.9999AO
0.1818 100.0 1000.0 1000 0.0065 • 0.65 · 0.999999
0.1818 100.0 900.0 900 0.0076 17.0 0.76 0.0360 0.999997
0.1818 100.0 800.0 800 O.OO<;q 40.5 0.91 0.0140 0.999994
0.1818 100.0 600.0 600 0.0146 124.1 1.46 0.0730 0.999980

U.10.100. 1- 5.0 _V(F)=V(P) ------
H2 NO. NO. TOTAL VAR (H2) BUFF- STAN- CV MLtllfML

FAM. PLOTS NO. ER DARD VAR (H2) RA-,-IO
OBS. OBS. OBS. CA? RATIO

1.0000 100.0 500.0 500 0.0368 · 0.15 • 0.999976
1.0000 100.0 450.0 450 0.0415 12.8 0.17 0.0320 0.999962
1.0000 100.0 400.0 400 0.0478 29.9 0.19 0.0580 0.999950 e1.0000 99.0 300.0 300 0.0707 92.4 0.28 0.0090 0.999863
O. 3333 100.0 500.0 500 0.0245 · 0.88 · 0.999996
O. 3333 100.0 450.0 450 0.0291 18.. 9 1. 05 0.0740 0.999986
0.3333 100.0 400.0 400 0.0355 44.7 1.28 0.2750 0.999968
0.3333 99.5 300.0 300 0.0593 141.9 2.13 1.3870 0.999904
0.1818 100.0 500.0 500 0.0209 • 2.09 • Q.999997
O. 1818 100.0 450.0 450 0.0253 21.0 2.53 0.0620 0.999987
0.1818 100.0 400.0 400 0.0315 50.9 3.15 0.1700 0.999974
0.1818 99.5 300.0 300 0.0544 160.0 5.44 0.2040 0.999903
0.0198 100.0 500.0 500 0.0169 • 1.69 • 0.999998
0.0198 100.0 450.0 450 0.0210 23.6 2.10 0.0090 0.999987
0.019A 100.0 400.0 400 0.0265 56.5 2.65 0.5230 0.999971
0.0198 100.0 300.0 300 0.0483 185.3 4.83 3.4160 0.999905

0.10.100. 1- 5.0 __ V(F) >V {P} --------------
H2 NO. NO. TOT AL VAR (H2) BfJFP- STAN- CV ML/P!~L

PAM. PLO'!'S NO. ER DAR' VAR (H2) RATIO
OBS. 08S. OBS. CAP. RATIO

1.0000 100.0 500.0 500 0.0368 · 0.15 · 0.999989
1.0000 100.0 450.0 450 0.0414 , 2.7 0.17 0.0950 0.999981
0.3333 100.0 500.0 500 0.0245 • 0.88 · 0.999997
0.3333 100.0 450.0 450 0.0292 19.0 1.05 0.0710 0.999988
O. 1818 100.0 500.0 500 0.0209 · 2.09 · 0.999997
O. 1818 100.0 450.0 450 0.0253 21.2 2.53 0.0310 0.999988
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APPENDIX C. (CO~~INUED)

----------------------------
U.10.100. 1- 5.1 __V (F) =V (P)------ --------

H2 NO. NO. TOTAL VAH (H2) 3UFF- STA!i- CV Ml~MML
FAM. PLO':"S NO. ER DARD VAR (H2) RA_IO
OBS. OBS. OBS. CAP. RA':IO

1.0000 100.0 500.0 500 0.0434 · 0.17 • 0.999736
1.0000 99.0 450.0 450 0.0479 10.2 0.19 0.1090 0.999689
1.0000 97.5 400.0 400 0.0538 23.9 0.22 0.1750 0.999611
1.0000 89.0 300.0 300 0.0720 65.7 0.29 0.3040 0.999483
O. 3333 100.0 500.0 500 0.0226 · 0.81 · O.Q99791
0.3333 100.0 450.0 450 0.0258 14.5 0.93 0.6480 0.999762
O. 3333 96.5 400.0 400 0.0302 33.8 1.09 1.0780 0.999729
O. 3333 89.0 300.0 300 0.0459 103.6 1.65 3.1070 0.999621
O. 1818 100.0 500.0 500 0.0164 · 1.64 · 0.999815
0.1818 99.5 u50.0 450 0.0195 18.5 1.95 0.6810 0.999792
0.1818 98.0 400.0 400 0.0234 42.2 2.34 3.4920 0.999761
0.1818 90.5 300.0 300 0.0382 132.5 3.82 1.9110 0.999654
0.0198 100.0 500.0 500 0.0101 · 1.01 · 0.999852
0.0198 99.5 450.0 450 0.0127 25.3 1.27 1.3970 0.999827
0.0198 97.0 400.0 400 0.0157 54.6 1.57 3.4930 0.999786
0.0198 89.5 300.0 300 0.0276 172.1 2.76 5.2890 0.999662

--------U.10.100. 1- 5.1 __ V(F) >V (P) - -----
H2 NO. NO. TOTAL VAR(H2) BUFF-·STA~- CV 1'1L~MML

FAM. PLOTS NO. EE DARD VAH (H2) HA_IO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 500.0 500 0.0434 • 0.17 • 0.999828
1. 0000 98.5 450.0 450 0.0481 10.6 0.19 0.3160 0.999785
0.3333 100.0 500.0 500 0.0226

14: 5
0.81 · 0.999809

0.3333 99.0 450.0 450 0.0258 0.93 0.6690 0.999786
O. 1818 100.0 500.0 1500 0.0164 · 1.64 • 0.999823
0.1818 99.5 450.0 450 0.0194 18.3 1.94 0.9370 0.999801

--- U. 10. 100. 2- 5.1 __V(F)=V(P)

H2 NO. NO. TOT AL VAR(H2) DU~F'- STAN- CV llILfllll1L
FAM. PLOO:OS NO. ER DJ\RD VAR (H2) RAIO
OBS. OBS. 03S. CAP. RATIO

1.0000 100.0 250.0 500 0.0617 • 0.25
0:2440

0.999762
1.0000 99.0 247.0 450 0.0664 7.7 0.2"7 0.999739
1.0000 97.0 238.0 400 0.0733 19.0 0.29 0.7140 0.999713
1. 0000 92.5 208.0 300 0.0957 55.3 0.33 2.4170 0.999587
0 .. 3333 100.0 250.0 500 0.0284 · 1.02 · 0.999864
0.1333 100.0 246.0 450 0.0327 15.2 1.13 1.3510 0.999846
0.3333 96.5 2U1.0 400 0.0379 33.6 1.37 2.2000 0.999821
0.3333 92.0 214.0 300 0.0564 98.6 2.03 2.9210 0.999725
0.1818 100.0 250.0 500 0.0202 • 2.02 · 0.999873
0.1818 98.0 247.5 450 0.0232 15.0 2.32 0.5070 0.999852
O. 1818 98.5 242.0 400 0.0288 U2.6 2.88 0.1880 0.999822
0.1818 89.5 215.0 300 0.0448 121.9 4.48 4.6180 0.999704
0.0198 100.0 250.0 500 0.0121 · 1.21 · 0.999886
0.0198 98.5 247.5 450 0.0148 21.9 1.48 0.3030 0.999863
0.0198 96.5 239.5 400 0.0185 52.5 1.85 2.9000 0.999826
O. !1198 91.5 211.5 300 0.0335 175.5 3.35 0.3300 0.999702
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APP~NDIX C. (CONTINUED) e
---------------------- ---------

-----U.l0.l00. 2- 5.1 _V (F) >V (P) ----
H2 NO. NO. '1'O"'AL VAR(R2) BUPF- STAN- CV !iL/Mf1L

FA l'II. PLOTS UO. ER DARD VAR (H2) RATIO
OBS. OBS. ODS. CAP. RATIO

1.0000 100.0 250.0 500 0.0479 • 0.19 • 0.999903
1.0000 99.5 248.0 450 0.0528 10.2 0.21 0.1560 0.999885
0.3333 100.0 250.0 500 0.0256 • 0.92 • 0.999888
0.3333 99.0 247.5 450 0.0296 15.6 1.07 0.0290 0.999871
O. 1818 100.0 250.0 500 0.0190 • 1.90 · 0.999884
0.1818 99.0 246.5 450 0.0224 17.9 2.24 0.2800 0.999863

B.l0. 50. 1-10.0 _V (F) =V (P) -----------
H2 NO. NO. TO'!' AL VAR (H2) BUFl'- STAN- CV il!L/~ML

FAM. PLOTS NO. ER DARD VAR (H2) RATIO
OBS. OBS. OBS. CAP. RA~IO

1.0000 50.0 500.0 500 0.0431 .. 0.17 · 0.999875
1.0000 50.0 450.0 450 0.0461 7.0 0.18 0.0540 0.999865
1.0000 50.0 400.0 400 0.0502 16.5 0.20 0.3120 0.999845
1.0000 50.0 300.0 300 0.0641 48.7 0.26 0.0610 0.999761
0.3333 50.0 500.0 500 0.0187 • 0.67 • 0.999985
O. 3333 50.0 450.0 450 0.0213 13.8 0.76 0.0350 0.999977
O. 3333 50.0 400.0 400 0.0248 32.7 0.89 0.0620 0.999962
0.3333 50.0 300.0 300 0.0372 99.3 1.34 0.2030 0.999888 e0.1818 50.0 500.0 500 0.0131 · 1.31 • 0.999992
0.1818 50.0 450.0 450 0.0154 17.3 1.54 0.0250 0.999984
0.1818 50.0 400.0 400 0.. 0185 41. 1 1.85 0.0080 0.999968
O. 1818 50.0 300.0 300 0.0298 126.6 2.98 0.3930 0.999900
0.0198 50.0 500.0 500 0.0078 • 0.78

0:1360
0.999996

0.0198 50.0 450.0 450 0.0097 23.4 0.97 0.999987
0.0198 50.0 400.0 400 0.0122 55.4 1.22 0.4910 0.999969
0.0198 50.0 300.0 300 0.0216 175.8 2.16 0.2750 0.999894

------B.10. 50. 1-10.0 _V (F) >V (P) ---
H2 NO. NO. TOTAL VAR (!i2) BUFF- STAN- CV l'!LLl'!l1L

FAl1. PLOTS NO. ER DARD VAR (H2) RATIO
OB5. OBS. OBS. CAP. RATIO

1.0000 50.0 500.0 500 0.0431 · 0.. 17 · 0.999942
1.0000 50.0 450.0 450 0.0461 7.0 0.18 0.0820 0.999936
0.3333 50.0 500.0 500 0.0187 • 0.67 · 0.999988
0.3333 50. a 450.0 450 0.0213 13.9 0.76 0.0110 0.99997A
0.1818 50.0 500.0 500 0.0131 · 1.31 • 0.999992
0.1818 50.0 450.0 450 0.0154 17.3 1.54 0.0440 0.999983
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AP?:::NDIX C. (CONTINUED)
---------------------- ------
-----------U.10. 50. 2-10.0 __V(F) =V (P) ------

H2 NO. NO. TOT AI. VAR (H2) BUFF- S"'A~- CV ;'Lf~H1L
FAM. PLOTS NO. ER DARD VAR (H2) RA IO
OBS. OBS. OBS. CAP. ~A"'IO

1. 0000 50.0 250.0 500 0.0530 · 0.21 · 0.999856
1.0000 50.0 248.0 450 0.0562 6.0 0.22 0.0170 0.999846
1.0000 50.0 242.0 400 0.0604 14.0 0.24 0.2280 0.999831
1.0000 50.0 210.5 300 0.0761 43.6 0.30 0.4870 0.999758
0.3333 50.0 250.0 500 0.0221 · 0.79 · 0.999984
O. )33.1 50.0 249.5 450 0.0250 13.3 0.90 0.0710 0.999976
0.3333 50.0 241.5 400 0.0291 31.6 1.05 0.2610 0.999960
o. 3333 50.0 209.5 300 0.0435 97.2 1.57 0.5380 0.999889
O. 1818 50.0 250.0 500 0.0154 • 1.54 · 0.999991
0.1R18 50.0 248.0 450 0.0180 17. 1 1.80 0.0790 0.999983
0.1818 50.0 242.0 400 0.0216 40. 1 2.16 O. 1990 0.999966
O. 1a18 50.0 208.0 300 0.0351 128.1 3.51 0.0650 0.999909
0.0198 50.0 250.0 500 0.0091 · 0.91 · 0.999996
0.0198 50.0 248.0 450 0.0113 23.2 1. 13 0.1750 0.999986
0.0198 50.0 239.5 400 0.0142 54.9 1.42 0.2370 0.999966
0.0198 50.0 207.0 300 0.0250 172.9 2.50 2.7760 0.999880

----U.10. 50. 2-10.0 __V (P) >v (P) -------
H2 NO. NO. '1'0'" AL VAR (H2) BUFP'- STAN- CV ~L~MML

FAM. PLOTS NO. ER DARD VAR (32) RA IO
OBS. OBS. OBS. CA!? RATIO

1.0000 50.0 250.0 500 0.0444 · 0.18
0:0540

0.999942
1.0000 50.0 248.5 450 0.0476 7.4 0.19 0.999935
0.3333 50.0 250.0 500 0.0201 • 0.72 · 0.999988
O. 1333 50.0 246.5 450 O. O? 30 14.4 0.83 0.0180 0.999980
0.1818 50.0 250.0 500 0.01u5 • 1.45 • 0.999993
0.1818 50.0 247.5 450 0.0171 17.7 1.71 0.1870 0.999983

--------U.10. 50. 2-10.2 _V (F) =V (P) ---
H2 NO. NO. -rOTAL VAR (H2) BUFF- STAN- CV Mtff'!Mt

FAM. PLOTS NO. ER DARD VAR (H2) RA IO
OBS. OBS. OBS. CAP. RATIO

1.0000 50.0 250.0 500 o. 0~77 · 0.23 • 0.999667
1. 0000 50.0 248.0 450 0.0611 5.8 0.24 0.3210 0.999632
1.0000 50.0 239.5 400 0.0666 15.4 0.27 0.1950 0.999542
1.0000 50.0 209.0 300 0.0824 42.8 0.33 0.4950 0.999363
0.3333 50.0 250.0 500 0.0230 · 0.A3 · 0.999786
0.3333 50.0 247.5 450 0.0258 12. 1 0.93 0.0640 0.999753
0.3333 50.0 241.0 400 0.0295 28.3 1.06 0.5890 0.999686
o. 3333 50.0 207.5 300 0.0426 84.9 1.53 1.2640 0.999520
0.1818 50.0 250.0 500 0.0149 · 1.49 · 0.999775
0.1818 50.• 0 249.0 450 0.0173 15.6 1.73 0.4530 0.999757
0.1818 50.0 241.0 400 0.0203 36.3 2.03 0.2260 0.999699
O. 1818 50.0 208.5 300 0.0322 115.5 3.22 2.0500 0.999610
0.0198 50.0 250.0 500 0.0071 · 0.71 · 0.999764
0.0198 50.0 247.5 450 0.0087 22.5 0.87 0.9870 0.999728
0.0198 50.0 238.5 400 0.0106 49.4 1.06 0.5960 0.999661
O. 0198 50.0 210.5 300 0.0197 178.5 1.97 8.8020 0.999559
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APPENDIX C. (CONTINO ED) e
---------------- -----

-------U.l0. 50. 2-10.2 __V(F) >V (P) ---
H2 NO. NO. TOTAL VAR (H2) BUFF- STAN- CV :1L/M~L

FAM. PLOTS NO. ER DARD VAR (H2) RATIO
OBS. OBS. OBS. CAP. lUTIO

1.0000 50.0 250.0 500 0.0481 · 0.19 • 0.999865
1.0000 50.0 241.0 450 0.0518 7.6 0.21 0.1170 0.999841
0.3333 50.0 250.0 500 0.0211 · 0.76 • 0.999827
O. 3333 50.0 248.5 450 0.0238 13.0 0.86 0.1450 0.999794
0.1818 50.0 250.0 500 0.0141 · 1.41 · 0.999795
0.1818 50.0 249.5 450 0.0164 15.8 1.64 0.1010 0.999764

---------B. 5.100. 2-10.0 __V(F) =V (P)

R2 NO. NO. TO':'AL VAR(H2) BUFF- S'!'AN- CV ~LfMML
FAM. PLOTS NO. ER DARD VAR (H2) RA 10
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 500.0 1000 0.0258 • 0.10 • 0.999996
1.0000 100.0 494.0 900 0.0273 6.0 0.11 0.1120 0.999995
1.0000 100.0 482.5 800 0.0293 13.7 0.12 0.0490 0.999994
1.0000 100.0 415.0 600 0.0368 43.1 0.15 0.3110 0.999985
0.33:33 100.0 500.0 1000 0.0106 · 0.38 · 1.000000
0.3333 100.0 491.0 900 0.0121 13.4 0.43 0.0270 0.999998
0.3333 100.0 479.5 800 0.0139 31.1 0.50 0.1600 0.999997
O. 3333 100.0 423.0 600 0.0206 93.9 0.74 0.3320 0.999991 e0.1818 100.0 500.0 1000 0.0074 · 0.74 · 0.999999
0.1818 100.0 497.0 900 0.0086 16.6 0.86 0.0860 O.99C}999
0.1818 100.0 485.5 800 0.0103 39.3 1.03 0.0830 0.. 999997
O. 1818 100.0 417.5 600 0.0164 121.6 1.64 0.3370 0.999989
0.0198 100.0 500.0 1000 0.0044 · 0.44 · 1.000000
0.0198 100.0 494.5 900 0.0054 22.7 0.54 0.3130 0.999999
0.0198 100.0 476.5 800 0.0067 53.9 0.67 0.0020 0.999997
0.0198 100.0 420.5 600 0.0119 171.6 1. 19 0.5800 0.999989

-------B. 5.100. 2-10.0 __V (F) >V (P) --- .
Ft2 NO. NO. TO'!' AL VAR (H2) BU?F- STAN- CV MLfMML

FA~. PLOTS NO. ER DARD VAR (H2) RA 10
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 500.0 1000 0.0216 · 0.09 • 0.999998
1.00 00 100.0 495.5 900 0.0232 7.1 O.OC} 0.0720 0.999998
0.3333 100.0 500.0 1000 0.0091 • 0.35 · 1.000000
O. 3333 100.0 495.0 900 0.0110 14.0 0.40 0.0230 0.999999
0.1818 100. a 500.0 1000 0.0070

17: 4
0.10 · 1.000000

0.1818 100.0 494.0 900 0.0082 0.82 0.0010 0.999999
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AP?EYDIX C. (CONTINTJED)
--------- -----------------

--------B. 4. 2!i.10-40.0 __V (F) =V (P) -------
ii2 NO. NO. '!'OT AI. VAR (H2) BUFF- S'T'AN- CV ~1fM!'!L

FA3. PLOTS NO. ER DARD VAP. (H2) RA IO
OBS. OBS. OBS. CAP. RATIO

1.0000 25.0 100.0 1000 0.0873 • 0.35 · 0.999864
1.0000 25.0 100.0 900 0.0884 1.2 0.35 0.0020 0.999864
1.0000 25.0 100.0 800 0.0898 2.9 0.36 0.0160 0.999862
1.0000 25.0 100.0 600 0.0942 7.8 0.38 0.0140 0.999857
0.3333 25.0 100.0 1000 0.0189 · 0.68 · 0.999995
o. 3333 25.0 100.0 900 0.0197 4.5 0.71 0.0180 0.999992
0.3333 25.0 100.0 800 0.0208 10.5 0.75 0.0370 0.999991
O. 3333 25.0 100.0 600 0.0244 29.6 0.88 0.1490 0.9999·<38
0.1818 25.0 100.0 1000 0.0084 · 0.84

0:0240
1.000000

o. 1818 25.0 100.0 900 0.0090 7.5 0.90 0.999997
0.1818 25.0 100.0 800 0.0099 17.7 0.99 0.0090 0.999995
O. 18 1S 25.0, 100.0 600 0.0126 50.3 1.26 0.4420 0.999991
0.0198 25.0 100.0 1000 0.0016 · 0.16 · 1.. 000000
0.0198 25.0 100.0 900 0.0019 19.6 0.19 0.0400 0.999999
0.0198 25.0 100.0 SOO 0.0023 46.5 0.23 0.0250 0.999998
0.0'98 25.0 100.0 600 0.0038 144.2 0.38 0.1420 0.999993

----H. 4. 25.10-40.0 _V (F) >V (P) ---
H2 NO. NO. TO"" AI. VAR(FI2) BUFF- S'l'AN- CV ~L/~11L

FAM. PLOTS NO. EF. DARD V~R (52) RATIO
OBS .. 035. OBS. CAP. RATIO

1.0000 25.0 100.0 1000 0.0560 • 0.22 · 0.999957
1.0000 25.0 100.0 900 0.0571 '.9 0.23 0.0040 0.999956
1.0000 25.0 100.0 800 0.0585 4.4 0.23 0.0250 0.999955
'.0000 25.0 100.0 600 0.0629 12.3 0.25 0.0060 0.999951
O. 3333 25.0 100.0 1000 0.0135 · 0.48 · 0.999995
0.3333 25.0 100.0 900 0.0142 5.5 0.51 0.0350 0.999995
0.3333 25.0 100.0 800 0.0152 12.7 0.55 0.1290 0.999994
o. 3333 25.0 100.0 600 0.0183 36.0 0.66 0.0260 0.999991
O. 1818 25.0 100.0 1000 0.0064 • 0.64 · 0.999998
0.1818 25.0 100.0 900 0.0070 8.7 0.70 0.0460 0.999997
0.1818 25.0 100.0 800 0.0077 20.1 0.77 0.0490 0.999996
0.1818 25.0 100.0 600 0.0102 58.6 1.02 0.1780 0.999991

-------B. 2.100. 5-10.0 __V (F) =V (P)

H2 NO. NO. TO'!' A1 VAR (H2) BUFP- S'l'AN- CV ~LL!1ML

FAM. PLOTS NO. E~ D.~Rn VAR (H2) RATIO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 200.0 1000 0.0487 · 0.19 · 0.999999
1.0000 100.0 200.0 901') 0.0510 4.6 0.20 0.0680 0.999999
1.0000 100.0 200.0 800 0.0539 10.7 0.22 0.3040 0.999999
1.0000 100.0 197.5 600 0.0654 34.2 0.26 0.3320 0.999996
0.3333 100.0 200.0 1000 0.0178 • 0.64 · 1.000000
0.1133 100.0 200.0 900 0.0201 12.6 0.72 0.0480 1.0000ao
0.3333 100.fJ 200.0 800 0.0231 29.5 0.83 0.1990 0.999999
O. ] 333 100.0 197.0 600 0.0335 87.6 1.20 0.8760 0.999996
O. 1818 100.0 200.0 1000 0.0121 • 1.21 · 1.000000
o. 1818 100.0 200.0 900 0.0140 16.3 1.40 0.1270 1.000000
0.1818 10 0.0 200.0 800 0.0167 38.4 1.67 0.4270 0.999999
0.1818 100.0 195.5 600 0.0264 119. 1 2.64 0.4220 0.999996
0.0198 100.0 200.0 1000 0.0070 · 0.70

0:0790
1.000000

0.0198 100.0 200.0 900 0.0086 22.6 0.86 1.000000
0 .. 0198 100.0 200.0 800 0.0107 53.8 1.07 0.4360 0.999999
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APPENDIX C. (CONTnlUED)
-------------------------------

----B. 2.100. 5-10.0 ___ V (P) =V (P) ___ (CONTINUED) ___ . --
H2 NO. NO. TOTAL VAR (H2) BfJFF- STAN- CV !i!I.~M1'1L

FAM. PLOTS NO. ::3 DASn VAR (H2) RA~IO
095. oas. OBS. CAP. RATIO

0.0198 100.0 198.5 600 0.0192 174.4 1.92 0.3720 0.999996

-----A. 2.100. 5-10.0 __V(F) >V (P) ------
H2 NO. NO. TOTAL VAll (H2) aUPF- S'l'A~- CV ~L~!1ML

FAM. PLOTS NO. ER DARD VA!l (ff 2) IU .IO
OBS. OBS. OBS. CAP. RATIO

1.0000 100.0 200.0 1000 0.0232 · 0.09 · 1.000000
1.0000 100.0 200.0 900 0.0251 8.2 0.10 0.0040 1.000000
0.3133 100.0 200.0 1000 0.0120 • 0.43 · 1.000000
0.3333 100.0 200.0 900 0.0138 15.8 0.50 0.1030 1.000000
0.1818 100.0 200.0 1000 0.0094 · 0.94 · 1.000000o. 1818 100.0 200.0 900 0.0112 18.8 1.12 0.4020 1.000000
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APPENDIX D

Effect of the number of samples on the var(h2) and the CV(var(h2) for

variable and nonvariable family size designs, given n=500, 10 blocks

of 50 trees, 100 families of average size 5 and STP.
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APPENDIX D.
----------------------------------

_____ 0.10.100.1-5.0 __H2=1.0000 TOTAl NO. OBS.=450 __

~EAN CV(VAR(H2» NO. OF
VAR(H2) SAMPLES

0.041411 0.1626 2
0.041429 0.1251 3
0.041422 0.1013 4
0.041418 0.0958 5
0.041428 0.1048 6
0.041430 0.OQ5Q 7
0.041433 0.0927 8
0.041433 0.0867 9
0.041430 0.0849 10
0.041431 0.0810 11
0.041432 0.0778 12
0.041435 0.0767 13
0.041434 0.0742 14
0.041435 0.0728 15
0.041435 0.0704 16
0.041431 0.0783 17
0.041431 0.0760 18
0.041428 0.0190 19
0.041428 0.0769 20

______u. 10.100.1-5.0 H2=1.0000__TOTAl NO. 08S.=300 ____

MEAN CV(VAR(32» NO. OF
VAR(H2) SAMPLES

0.071007 0.2174 2
0.071042 0.1753 3
0.071004 0.1780 4
0.070Q13 0.3215 5
0.070946 0.3146 6
0.070952 0.2880 7
0.070914 0.3069 A
0.07u881 0.3199 9
0.070850 0.3302 10
0.070803 0.3845 11
0.070812 0.3693 12
0.070766 0.4262 13
0.070792 0.4327 14
0.070792 0.41/0 15
0.070806 0.4109 16
0.070802 0.3988 17
0.070799 0.3871 18
0.070817 0.3911 19
0.070804 0.3890 20
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APPENDIX D. (CONTINUED)

-----------------------------------------------------------
--lJ.10.100.1-5.0 H2=0. 3333--- '!.'OTAL NO. OBS.=450----

MEAN CV (VAR (S2) ) NO. OP
VAP.(H2) SA:1PLES

0.029142 O. 1708 2
0.029147 O. 1238 3
0.029155 O. 1149 4
0.029161 0.1119 5
0.029155 O. 1147 6
0.029155 0.1047 7
0.029155 0.0970 8
0.029155 0.0908 9
0.029153 O. 0870 10
0.029157 O. 09 ('11 11
0.029150 0.1173 12
0.029148 0.1156 13
0.029147 O. 1113 14
0.029143 0.1183 15
0.029139 0.1293 16
0.029140 0.1265 17
0.029140 0.1228 18
0.029137 O. 1259 19
0.029136 O. 1242 20

0.10.100.1-5.0 ---H2=0.3333---TOTAL NO. OBS.=300----
MEAN CV (VAP. (H2) ) NO. OP

VAP. (H2) SAMPLES

0.059793 O. 7631 2
0.059619 0.7410 3
0.059741 O. 7286 4
0.059617 0.7840 5
0.059591 0.7099 6
0.059452 0.8969 7
0.059421 0.8437 8
0.059317 0.9490 9
0.059290 0.9072 10
0.059368 0.9661 11
0.059247 1. 1636 12
0.059232 1. 1185 13
0.059232 1.0746 14
0.059236 1.0359 15
0.059232 1.0013 Hi
0.059199 0.9973 17
0.059181 0.9764 18
0.059069 1.2588 19
0.059025 1.2712 20
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APPENDIX D. (CONTINlJED) e
------------------------------------------
---U.10.100.1-5.0 H2=0.1818---TOTAL NO. OBS.=450---

llfEAN CV (VA R(32) ) NO. OF
VAR (H2) SAMPLES

0.02&)348 0.019' 2
0.025336 0.0814 3
0.025337 0.0669 4
0.025331 0.0748 5
0.025313 O. 1867 6
0.025318 0.1772 7
0.025313 O. 1740 8
0.025314 0.163.3 9
0.025314 o. 1539 10
0.025308 0.1701 11
0.025314 O. 1853 12
0.025308 0.1953 13
0.025309 0.1876 14
0.025312 0.1879 15
0.025313 0.1819 16
0.025308 O. 1900 17
0.025306 O. 1898 18
0.025301 0.2007 19
0.025303 O. 1997 20

--U. 10.100.1-5.0 - H2=0.1818---TO'!Al NO. OBS.=300----
lIfEAN CV (VAll (S2) ) NO. OF eVAR (H2) SAMPLES

0.0'54315 2.7606 2
0.054238 1.9703 3
0.054288 1. 6178 4
0.054157 1. 5044 5
0.054152 1. 3460 6
0.054173 1.2328 7
0.054249 1. 2058 8
0.054258 1.1288 9
0.054262 1.0645 10
0.054255 1.0109 11
0.054160 1. 1398 12
0.054191 1. 1100 13
0.054275 1.2100 14
0.054340 1.2535 15
0.054233 1. 4457 Hi
0.054264 1.4181 17
0.054252 1.3791 18
0.054233 1.3497 19
0.054204 1.3351 20
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APPENDIX D. (CONTINUED)
--------------------------------------------
---1]. 1O. 100. 1- 5 • 0 H2=0.0198___TOTAL NO. OBS. =450---

~EAN CV(VAR(H2» NO. OF
VAR (H2) SAMPLES

0.020950 0.4871 2
0.020960 0.]537 3
0.020939 O. 3509 4
0.020932 0.3129 5
0.020931 0.2801 6
0.020948 0.3297 7
0.020951 O. 3089 R
0.020959 O. ] 11 0 9
0.020943 0.3782 10
0.020946 O. 3614 11
0.020938 O. 3686 12
0.020945 0.3716 13
0.020946 0.3572 14
0.020954 0.3777 15
0.020956 0.3659 16
0.020949 0.3750 17
0.020953 O. 3722 18
0.020952 o. 3633 19
0.020951 0.3544 20

--U. 10'-'00.1-5.0 - H2=0.0198- TOTAL NO. OBS. =300----
MEAN CV (VAR (H2) ) NO. OP

VAR (H2) SAlIfPLES

0.047537 0.8571 2
0.047750 0.9796 3
0.048150 1.8415 4
0.047976 1.7936 5
0.048005 1.6097 6
0.048119 1.5956 7
O.04808~ 1.4921 8
0.048339 2.1035 9
0.048306 1.9965 10
0.048269 1.9121 1 1
0.048297 1.8326 12
0.048219 1.8503 13
0.048199 1. 7856 14
0.048180 1. 7280 15
0.048171 1.6715 16
0.048162 1.6205 17
0.048215 1.6377 18
0.048132 1. 7595 19
0.048168 1. 7427 20
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---u. 10.100.1-5.1 H2=1.0000 TOTAL NO. OBS.=450--------
lfEAN CV (VAR (H2) ) NO. OF

VAR (H2) SAMPLES

O.OU7983 0.0093 2
0.047928 0.1968 3
0.047892 0.2218 4
0.047879 0.2010 5
0.0478615 O. 1924 6
0.047861 0.1762 7
0.047831 0.2496 8
0.047818 0.2488 9
O.04780'S O. 2499 10
0 .. 04785Q 0.4441 11
0.047859 0.4235 12
0.047887 0.4558 13
0.OU1880 O. 4416 14
0.047886 0.4286 15
0.OU7878 0.4195 16
0.041818 0.4062 11
0.047880 0.3947 18
O.O!J7878 0.3842 19
0.047887 0.3821 20

--U.10.100 .. 1-5.1 - H2=1 .. 0000---TOTAL NO. OBS. =300

l!EAN CV (V AR (H 2) ) NO. OF eVAR (H2) SAMPLES

0 .. 072941 0.7539 .,
0.072792 O. 6400 j
0.072599 0.7416 4
0.072601 0.6474 5
0.012130 0.7236 6
0.012705 0 .. 6669 7
0.072559 0.8409 8
0.072523 0.8009 9
0.072590 O. 8091 10
0.072626 0.7846 1 1
0.072631 0.7484 12
0.072660 o. 7301 13
0.072586 0.7988 14
0.072487 O. 9359 15
0.072406 1.0096 16
0.012407 0.9776 17
0.072405 0.9485 18
0.072401 0.9222 19
0.072414 0.. 90 1 1 20
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APPENDIX D. (CONTINUED)
---------------------------------------

'1.10.100.1-5.1 H2=0.3331--TOrr AI. NO. 08S. =450-----
~EAN CV (VAR (!l2» NO. OF

VAR (E2) SAMPLES

0.025789 O. 1304 2
0.025820 0.2217 3
0.025881 0.5490 4
0.025908 0.5098 5
0.025885 0.5068 6
0.025816 0.4114 1
0.025891 0.4937 8
0.025895 0.4629 9
0.025869 0.5403 10
0.025895 0.6122 11
0.025904 0.5919 12
0.025895 0.5890 13
0.025880 0.6039 14
0.025888 0.5950 15
0.025889 0.5149 16
0.025817 0.5885 17
0.025881 0.5745 18
0.025818 0.5611 19
0.025866 0.5845 20

---U.10.100.1-5.1 - H2=0.3333---TOTAL NO. 085.=300-----
MEAN CV (VAR (H2) ) NO. OF

VAR (H2) SAMPLES

0.044961 0.0190 2
0.045152 O. 7316 3
0.044938 1. 1274 4
0.045506 2.9530 5
0.045740 2.9111 6
0.045568 2.8476 7
0.045771 2.9086 8
0.045900 2.8426 9
0.046018 2.7918 10
0.046049 2. 6565 11
0.045991 2.5734 12
0.046058 2. 5161 1]
0.046128 2.4192 14
0.046224 2.5153 15
0.046188 2. 451 a 16
0.046213 2.4889 17
0.046252 2. 4235 18
0.046218 2.3785 19
0.046225 2.3157 20
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APPENDIX D. (CONTINUED) e
---------------------------------------

---11.10.100.1-5.1 H2:0.1818---TOTAL NO. OBS. =450----
~EAN CV (VAR (R2) ) NO. OP'

VAR(H2) SAMPLES

0.019262 2.2935 2
0.019274 1.624] 3
0.019306 1.3660 4
0.019368 1.3809 5
0.019387 1. 2566 6
0.019404 1.1687 7
0.019392 1.0956 8
0.019413 1.0703 9
0.019419 1.0142 10
0.019449 1.0913 11
0.019433 1.0812 12
0.019430 1.0367 13
0.019422 1.0096 14
0.019434 0.9998 15
0.019428 0.9720 16
0.019430 0.9421 17
0.019435 O. 9188 18
0.019441 0.9026 19
0.019Quu 0.8825 20

--U.10.100.1-5.1 - H2=0.1818--TO'T'AL NO. OBS. =3 00--
MEAN CV (VAR (H2) ) NO. 01' eVAR (H2) SAMPLES

0.036727 O. 5254 2
0.038141 6.4304 3
0.037953 5.3690 4
0.037938 4.6523 5
0.037933 4. 1617 6
0.037975 3.8060 7
0.03768~ 4. 1793 8
0.03770 3.9109 9
0.037535 3.9659 10
0.037577 3.7766 11
0.037653 3.6600 12
0.037686 3.5154 13
0.037558 3.6197 14
0.037502 3.5401 15
0.037561 3.4707 16
0.037595 3.3786 17
0.037594 3.2778 18
0.037578 3.1927 19
0.037622 3. 1493 20
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APPENDIX D. (CONTINUED)

-----------------------------------------------------------
---u. 1O. 100 • 1-5. 1 ff2=0.0198--TOTAl. NO. OBS.=450---

P!EAN CV (VAR (H2) ) NO. OF
VAR (fi2) SAMPLES

0.012569 0.29~9 2
0.012513 0.8125 3
0.012461 0.9894 4
0.012480 0.8861 5
0.012502 0.9045 6
0.012464 1.1539 7
0.012493 1. 2477 8
0.0"2~99 1.1766 9
0.012525 1.2854 10
0.012522 1.2231 11
0.012512 1. 1968 12
0.012504 1.1733 13
0.012509 1.1378 1~

0.012516 1. 1172 15
0.012522 1.0950 16
0.012526 1.0695 17
0.012530 1.0449 18
0.012533 1.0207 19
0.012513 1.2316 20

--TT. 10.100.1-5.1 --fi2=0.0198--TOTAL NO. OBS.=300----
MEAN CV (VAR (H2) ) NO. OF

VAR (fi2) SA1'!PLES

0.027~62 1. 2379 2
0.027261 1.5497 3
0.027506 2. 1750 4
0.027631 2.1327 5
0.027680 1.9522 6
0.027466 2.7370 7
0.027501 2. 5570 8
0.027717 3.3304 9
0.027659 3.2150 10
0.027864 3.8841 11
0.02787A 3.7058 12
0.027842 3.5829 13
0.027723 3.8136 14
0.027805 3.8387 15
0.027817 3.7107 16
0.027688 4.0875 17
0.027673 3.9745 18
0.027683 3.8643 19
0.027688 3. 7616 20


