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Estimating Genotypic Correlations and Their Standard Errors Using Multivariate
Restricted Maximum Likelihood Estimation with SAS Proc MIXED

James B. Holland*

ABSTRACT

Plant breeders traditionally have estimated genotypic and pheno-
typic correlations between traits using the method of moments on the
basis of a multivariate analysis of variance (MANOVA). Drawbacks
of using the method of moments to estimate variance and covariance
components include the possibility of obtaining estimates outside of
parameter bounds, reduced estimation efficiency, and ignorance of the
estimators’ distributional properties when data are missing. An alter-
native approach that does not suffer these problems, but depends on
the assumption of normally distributed random effects and large
sample sizes, is restricted maximum likelihood (REML). This paper
illustrates the use of Proc MIXED of the SAS system to implement
REML estimation of genotypic and phenotypic correlations. Addi-
tionally, a method to obtain approximate parametric estimates of
the sampling variances of the correlation estimates is presented.
MANOVA and REML methods were compared with a real data set
and with simulated data. The simulation study examined the effects of
different correlation parameter values, genotypic and environmental
sample sizes, and proportion of missing data on Type I and Type II
error rates and on accuracy of confidence intervals. The two methods
provided similar results when data were balanced or only 5% of
data were missing. However, when 15 or 25% data were missing, the
REML method generally performed better, resulting in higher power
of detection of correlations and more accurate 95% confidence in-
tervals. Samples of at least 75 genotypes and two environments are
recommended to obtain accurate confidence intervals using the pro-
posed method.

ENOTYPIC CORRELATIONS between traits indicate the

direction and magnitude of correlated responses
to selection, the relative efficiency of indirect selection,
and permit calculation of optimal multiple trait selection
indices (Falconer and Mackay, 1996). Plant breeders
traditionally have estimated genotypic and pheno-
typic correlations between traits using the method of
moments on the basis of a multivariate extension of
ordinary least squares referred to as multivariate analy-
sis of variance (MANOVA; Anderson, 1958; Mode
and Robinson, 1959). Drawbacks of using MANOVA
method of moments to estimate variance and covariance
components include ignorance of the estimators’ distri-
butional properties when data are unbalanced and the
possibility of obtaining estimates outside of parameter
bounds (Liu et al., 1997). Furthermore, MANOVA
method of moments can suffer a loss of efficiency when
some trait data are missing, because data on other traits
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measured on the same experimental units, although avail-
able, are not used.

An alternative approach to using moments estimators
of the variance and covariance components that com-
pose the estimates of genotypic and phenotypic correla-
tion estimates is restricted maximum likelihood (REML).
REML is often more computationally intensive than
MANOVA, but advances in computer processing speed
have made REML computationally feasible on modern
personal computers. Animal breeders and quantitative
geneticists have implemented REML-based estimates of
genotypic and phenotypic correlations using specialized
software packages, such as AS-REML (Berry et al., 2002;
Gilmour et al., 1999; Persson and Andersson, 2003),
VCE (Conington et al., 2001; Legarra and Ugarte, 2001;
Neumaier and Groeneveld, 1998), MTDFREML (Bold-
man et al., 1993; Bureau et al., 2001), or their own pro-
grams (Zhu and Weir, 1996). Some plant breeders,
primarily tree breeders, also have used specialized soft-
ware packages for estimating genotypic and phenotypic
correlations (de Souza et al., 1998), but more generally,
plant breeders, particularly crop breeders, use general
statistical packages, including the SAS system. Proc
MIXED of SAS is a component of a general use statis-
tical software package that will provide REML estimates
of variance and covariance components among model
factors and permits fitting both fixed and random model
effects in mixed models analyses (Littell et al., 1996).
The dense-matrix computational methods used by SAS
Proc MIXED make it slower than the aforementioned
genetic-specific software, but Proc MIXED can handle a
wide variety of experimental and treatment design com-
binations. Multivariate REML analysis can be imple-
mented with Proc MIXED by treating the two variables
as two repeated measurements of a single variable on
each experimental unit, because Proc MIXED is well
designed to handle longitudinal (repeated measures)
analyses (Littell et al., 1996; Wright, 1998). Recently, Fry
(2004) explicitly demonstrated the use of Proc MIXED
for combined variance-covariance estimation of two
traits in a quantitative genetics framework, but he did
not discuss precision of the estimates. The advantages
of REML estimation compared with MANOVA method
of moments are that REML estimates of the variance
and covariance components have known asymptotic dis-
tributional properties and efficiently use information
from all experimental units when data are unbalanced
(Meyer, 1985).

Abbreviations: CI, confidence interval; GDD, growing degree days;
GEI, genotype X environment interaction; MANOVA, multivariate
analysis of variance; MCAR, missing completely at random; MPAR,
missing plots at random; PH, plant height; REML, restricted maxi-
mum likelihood.
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A drawback of REML-based approaches is that the
sampling distributions of the correlation estimates are
usually not available in closed form and are likely to be
nonnormal (Liu et al., 1997). However, the asymptotic
dispersion matrix of the covariance components that
compose the correlation estimates is available from the
second derivatives of the REML optimization; there-
fore, approximate standard errors can be obtained with
the delta method (Holland et al., 2003; Mode and
Robinson, 1959). These approximate standard errors
are valid for very large sample sizes (Searle et al., 1992),
but their reliability for smaller sample sizes is not
known. REML estimators of treatment variance compo-
nents behave poorly even for one-way treatment clas-
sification designs with very small sample sizes (e.g., fewer
than ten treatments) and unbalanced data (Swallow and
Monahan, 1984). Therefore, the question remains: how
large a sample of genotypes, environments, and replica-
tions is needed to obtain accurate REML-based estima-
tors of genotypic correlations and their standard errors
for typical plant breeding experiments?

Holland et al. (2001) used multivariate REML to es-
timate genotypic and phenotypic correlations and their
approximate standard errors for grain oil content and
other agronomic traits in oat (Avena sativa L.). Zamudio
and Wolfinger (2002) used a similar approach to esti-
mate genetic covariances between measurements made
at different ages on trees, but they analyzed each loca-
tion separately and did not attempt an across-locations
analysis. The multivariate REML approach is more
straightforward than that used by Singh et al. (1997),
and it also permits parametric estimation of the sam-
pling variances of the parameters.

The objectives of this paper are to: (i) describe SAS
code to obtain genotypic and phenotypic correlation es-
timates and their approximate standard errors using
multivariate REML on data from multiple environment
trials for typical plant breeding experiments, (ii) demon-
strate the utility of this approach using experimental
data, and (iii) compare the validity of approximate 95%
confidence intervals of genotypic correlation estimates
on the basis of REML and MANOVA method of
moments-based estimation using simulated data sets
with different levels of genetic correlations, sample sizes,
and amounts and distribution of missing data.

MATERIALS AND METHODS
Statistical Model

SAS code for converting a data set from a typical MANOVA
format to an appropriate format for multivariate REML anal-
ysis using SAS Proc MIXED and for estimating genotypic and
phenotypic correlations and their standard errors is presented
for a multiple environment trial design commonly used in plant
breeding (Appendix A).

I consider the situation where correlations are estimated by
randomly sampling genotypes (or families) from a reference
population and evaluating them in randomized complete block
designs replicated two or more times in two or more macro-
environments. This includes any one-way classification of
genotypes. Family structures could include half-sib families or

doubled haploid, recombinant inbred, or other random inbred
line populations. This does not include mating designs with two
or more classification levels (e.g., diallel, or North Carolina
mating designs I, II, or III, Hallauer and Miranda, 1988),
but the general approach outlined here can be modified for
application to these designs (see examples in Appendices B
and C).
The linear model for balanced data on one trait, Y, is:

Yklmi = M‘i + Eki + R(E)kli + Gmi + GEkmi + Ekimis

where , is the mean effect on trait i, E,; is the effect of macro-
environment k on trait i, R(E),; is the effect of replication
[ within environment k on trait i, G, is the effect of genotype
(or family) m on trait i, GE,,, is the effect of the interaction
between genotype m and environment k on trait i, and &, is
the experimental error effect associated with genotype m and
replication / within environment k on trait i.

Observations of traits i and j on the same plot have the
following covariance:

COV(YkImiaYkImi) = Opgj T Ogpyj T Oy T Ogry T 0.

Observations of traits i and j on the same genotype grown in
different replications within the same environment have the
following covariance:

COV(Yklthkl’mj) = Og; T Ogj + Ogg-

Observations of traits i and j on the same genotype grown in
different environments have the following covariance:

COV(Yklmi,Yk'l'mj) = Ogij-

The joint model for two traits, Y; and Y, is:

A _ {M‘i [Ti 0 {E-} n W, 0 n

Y W 0 T E; 0 Wir
X, 07g] [Z O7ge] &
0 X g 0 Zge g/

where y; and y; are n X 1 vectors of phenotypic observations of
the traits i and j, respectively, on the » total experimental units;
W and py, are n X 1 vectors of trait mean effects; E; and E; are
vectors of macro-environmental effects for the two traits,
corresponding to e environments; r; and r; are vectors of block
effects corresponding to r replications in each of e environ-
ments; g and g; are vectors of genotype or family effects,
corresponding to g genotypes; ge; and ge; are vectors of geno-
type X environment interaction effects; €; and &; are vectors of
n experimental error effects for traits / and j, respectively; and
T, T;, W, W;, X;, X, Z;, and Z; are incidence matrices. If data
are balanced T, = T;, W, = W;, X; = X, and Z,, = Z;. Missing
data on either trait may cause some differences between the
incidence matrices of the two traits, however.

Ideally, all effects except the means should be considered
random, with zero means, independent bivariate normal dis-
tributions, and variance-covariance matrices given by:

% Ei _ IO'ZEl IO'?-j

. Io2. oy

T __ Ri Rij

Virn ] = Iox; IO—?{/’
2 Tog;

T _ Gi Gij

Vg &1 =15, 107,
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Io?,. logg
e gel| =|; ¥ 2
V[g i 8 J] IO'GEij IO-ZGE/'
and
Io?, loy
T _ €i &y
Vie &1 =4 Io},

In practice, however, environment main effects and rep-
lication main effects may have to be treated as fixed for com-
putational ease. This does not affect results for balanced data
but could lead to different results for unbalanced data. The
differences in estimation of the key variance and covariance
components of interest (genotype, genotype X environment,
and error), however, are expected to be small (Piepho and
Mohring, 2005).

Typically, the data set that one would use to analyze data
with univariate Proc MIXED or multivariate Proc GLM would
have a number of rows equal to the total number of ex-
perimental units or observations, and different traits would be
recorded in different columns of the data set. For example,
if two traits were recorded, the data set might appear as in
Table 1.

The structure of the data sets must be modified to imple-
ment multivariate REML analysis (Wright, 1998). A new clas-
sification variable is created to indicate the name of the trait,
and a single response variable (dependent variable) indicates
the phenotypic value of each trait on each experimental unit.
For example, the data set in Table 1 could be modified by
introducing a variable called “Trait” that indicates if the re-
sponse variable is Trait 1 Or Trait 2, and the response variable
is named “Y” (Table 2).

REML estimation of the model variance and covariance
components using this model is implemented with the SAS
code described in Appendix A. Using the genotypic variance
and covariance component estimates, the genotypic correla-
tion between traits i and j is estimated as:

O Gij

.=
gij ~ A
0GiOgj

where 6, is the estimated genotypic covariance between traits
iandjand G is the estimated genotypic standard deviation for
trait .

Approximate sampling variances and standard errors for
the genotypic correlation estimates can be obtained with the
delta method, on the basis of a Taylor series expansion of up to
second-order terms of the estimating functions (Holland et al.,
2003; Lynch and Walsh, 1998; Mode and Robinson, 1959). The

Table 1. Structure of an example data set prepared for SAS Proc
MIXED univariate analysis of two variables separately or for
Proc GLM multivariate analysis of variance. Data on growing
degree days (GDD) to flowering and plant height (PH) were
collected on 132 oat recombinant inbred lines evaluated in two
replications in each of 3 yr. Data only for the first four plots in
the first environment are shown. Plot three was dropped from
the data set, because it included a check cultivar. Full data set is
available as supplementary material accompanying the online
version of this paper or at www4.ncsu.edu/~jholland/correlation/
correlation.html.

Environment Replication Plot Genotype GDD PH
96 1 1 OT131 1339.8 86
96 1 2 o137 1454.4 96
96 1 4 0T89 1454.4 98
etc...

Table 2. Structure of an example data set from a replicated,
multiple-environment trial with two traits measured modified
for analysis by multivariate REML analysis using SAS Proc
MIXED. Data on growing degree days (GDD) to flowering and
plant height (PH) were collected on 132 oat recombinant in-
bred lines evaluated in two replications in each of 3 yr. Data are
identical to those in Table 1 but structured differently.

Environment Replication Plot Genotype Trait Y
96 1 1 0oT131 GDD 1339.8
96 1 1 OT131 PH 86
96 1 2 o137 GDD 1454.4
96 1 2 oT137 PH 96
96 1 4 OT89 GDD 1454.4
96 1 4 o189 PH 98
etc...

sampling variance of the estimate of the genotypic correlation
for traits i and j is estimated as the matrix product:

e T . nr A no an 1| do
963 V(O-Gi) C(O-Gi’o-ci/ ) C(O-Gi’O-Gj) 9
V() = aaé;, C(6566:)  V(6ai)  C(66i,0¢;) ;(;;
e C(65,.67) C(663:0¢)  V(6y,) et
Gj Gj
—1 1, ) RN D A —1
263, V(Ucf) C(UGi’GGi/ ) C(GGi’UGj) 265
A 1 AD A ~ ~ ~ 1
= (7,)’ Gay C(6%,.661) V(6a;) C(O-Giﬂo-éj) er
#}GJ L C(Gzci,ﬁ'zcj) C(aGij’aé/) V(62G,') ﬁ

Analysis of Experimental Data

Oat cultivars Ogle and TAM 0O-301, 132 recombinant in-
bred lines developed from their cross, and eight check cultivars
were included as entries in replicated field trials, as described
by Holland et al. (2002). For the purposes of estimating vari-
ance and covariance components in this study, parental and
check cultivars were deleted from the data set. The experiment
was conducted at the Agronomy and Agricultural Engineering
Research Farm near Ames, [A, in years 1996, 1997, and 1998.
The experimental design was a randomized complete block
with two replications in each year. Plots were hills seeded with
30 seeds per plot and spaced 0.3 m apart on a grid arrange-
ment. Heading date (date after planting on which the first
nodes on half of the plants in the plot had emerged completely
above the flag leaf) was measured on each plot. Days to
heading were converted to growing degree days (GDD) to
heading using the formula developed by Wiggans (1956, cited
in Sorrells and Simmons, 1992). Mean daily maximum temper-
ature at the research farm was recorded and heat units for each
day were computed as the number of degrees above 4.4°C.
Plant height (PH) was measured from soil level to the tips of
the panicles. Three data points (less than 0.4% of the total) for
PH were missing (all in the 1997 environment, but represent-
ing three different genotypes) and no data for GDD to head-
ing were missing.

Data were analyzed by multivariate REML implemented in
Proc MIXED of SAS as described above, which considered
environment and replication effects as fixed, only for the pur-
pose of computational tractability. The effect of fitting envi-
ronments and replications as fixed was investigated by also
performing univariate REML analyses of the two variables
separately with environments and replications modeled as
either fixed or random. The multivariate REML results were
also compared with MANOVA analysis, using Proc GLM,
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HOLLAND: GENOTYPIC CORRELATIONS 645

and obtaining coefficients of expected mean squares with the
“random” option.

Simulation Study

The properties of multivariate REML and MANOVA
method of moments estimates of genotypic correlations were
compared over a wide range of parameter settings using sim-
ulated data. The initial parameter settings were based on the
results of the analysis of the oat data set described above; later,
parameter settings were varied to cover a wide range of geno-
typic correlation values, by changing the genotypic covariance
values. Random samples were generated for environmental,
replication, genotypic, genotype X environment interaction,
and experimental error effects using the VNORMAL routine
in SAS Proc IML. This function was used to draw samples
from bivariate random normal distributions with variances and
covariances initially on the basis of the variance and covari-
ance components estimates from the oat data set, rounded to
the nearest integer (Table 3). Variance and covariance compo-
nents for genotypic, genotype X environment interaction, and
experimental error were taken from the multivariate REML
analysis. This analysis did not provide variance and covariance
component estimates for environments and replications
(because they were considered fixed effects); therefore, the
variance components for these effects for the simulation
studies were taken from the MANOVA analysis, and their co-
variance components were arbitrarily set to make the environ-
mental correlation 0.75 and the replication correlation —0.75.

For each parameter setting, 1000 data sets were constructed,
each sampling eight environments, two replications per envi-
ronment, and 250 genotypes. Environments and genotypes
were dropped at random to form reduced data sets with 75 or
150 genotypes and two or four environments. Data sets with 5,

Table 3. Variance, covariance, and correlation parameter settings
for simulation study.

L N N .
Source of variation O.pp  Ocppur Oy correlation

Initial setting (based on analysis of oat RIL data), r, = 0.33, r, = 0.20:

Environment 7605 327 25
Replication(environment) 3 -13 1
Genotype 11001 116 11 0.3335
Genotype X environment 2319 47 13

interaction
Error 1452 20 31
Phenotype 14772 183 55 0.2030
r, = 0.00, r, = 0.07 (H, Case I): settings same as initial settings, except:
Genotype 11001 0
Phenotype 14772 67 55 0.0743
r, = 0.00, r, = 0.00 (H, Case II): settings same as initial settings, except:
Genotype 11001 0
Genotype X environment 2319 0 13

interaction
Error 1452 0 31
Phenotype 14772 0 55 0.0
r, = —0.33, r, = —0.05: settings same as initial settings, except:
Genotype 11001 116 11 —0.3335
Phenotype 14772 -49 55 —0.0544
r, = 0.05, r, = 0.09: settings same as initial settings, except:
Genotype 11001 17 11 0.0489
Phenotype 14772 84 55 0.0932
r, = 0.15, r, = 0.13: settings same as initial settings, except:
Genotype 11001 52 11 0.1495
Phenotype 14772 119 55 0.1320
r, = 0.60, r, = 0.31: settings same as initial settings, except:
Genotype 11001 209 1 0.6008
Phenotype 14772 276 55 0.3062
r, = 0.90, r, = 0.42: settings same as initial settings, except:
Genotype 11001 313 11 0.8998
Phenotype 14772 380 55 0.4216

15, or 25% missing data were also constructed by sampling
from the balanced data sets. Missing data were distributed in
three different ways. First, missing data points were distributed
at random among the 2N observations from the N experimen-
tal units. That is, if heading date data were missing on a plot,
this did not affect the probability that the height data were also
missing on the same plot. This structure of missing data was
referred to as “Missing Completely at Random” (MCAR,
Little and Rubin, 1987). Second, whole experimental units
were eliminated at random, such that if heading date data were
missing on a plot, then height data were also always missing on
the same plot. This structure of missing data was referred to as
“Missing Plots at Random” (MPAR). Third, half of the desired
missing data points were assigned to plots at random, as in the
MPAR method, then the other half of missing data points were
assigned to remaining observations at random, as in the
MCAR method. This structure of missing data was referred to
as “50% MCAR.”

Each simulation data set was analyzed in two ways: first,
by multivariate REML (Proc MIXED), and, second, by
MANOVA method of moments (Proc GLM) in SAS version
8.2. Genotypic and phenotypic correlations and their standard
errors were estimated with the two methods. Correlation and
standard error estimates for the MANOVA method were based
on the method of moments (Mode and Robinson, 1959), using
actual coefficients of expected mean squares (which varied
among data sets) obtained with the “random” statement in
GLM to estimate variance and covariance components. For
each simulation, an approximate 95% confidence interval (CI)
was estimated for the correlation estimates as the estimates plus
or minus 1.96 times their estimated standard error (Lynch and
Walsh, 1998). Correlation estimates were declared significantly
different than zero if the approximate 95% CI did not include
zero. If a genotypic variance component was estimated to be
zero, the correlation coefficient and its standard error were
considered to be zero.

Data sets with 2, 4, or 8 environments and 75, 150, or
250 genotypes were created for balanced data with true values
of r, and r, set at 0.33 and 0.20 (similar to the real data set),
0.00 and 0.07 (no genetic covariance but genotype X environ-
ment and error covariances present, all other variances and
covariances identical to initial settings), and 0.00 and 0.00 (no
covariances between genotypic, genotype X environment, or
error effects), respectively (Table 3). Data sets with these same
parameter settings and sample sizes of two environments and
75 genotypes or four environments and 250 genotypes were
created with 5, 15, or 25% missing data, and with missing data
distributed as MCAR, MPAR, or 50% MCAR, and analyzed.
To determine the effects of even smaller sample sizes, data sets
with the original parameter settings and sample sizes of two
environments and 50, 25, or 10 genotypes were created with 0,
5,15, or 25% of data MCAR. Finally, to observe the effects of
different true values of the genotypic correlation, data sets
with sample sizes of two environments and 75 genotypes or
four environments and 250 genotypes, 0, 5, 15, or 25% missing
data, with missing data distributed as MCAR, MPAR, or 50%
MCAR were created by changing only the genotypic
covariance to set the genetic correlation parameter at —0.33,
0.05, 0.15, 0.60, or 0.90 (Table 3).

Type I error (false-positive) rates for the two methods were
evaluated by analyzing the data sets in which the true
correlation values were zero and determining the proportion
of analyses in which the 95% CI for a correlation did not
overlap zero. This was done in two ways for the genotypic
correlation. First, the genotypic covariance was set to zero, but
the GEI and error covariances were maintained at the origi-
nal values, resulting in true values of r, = 0.00 and r, = 0.07
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(Case I, Table 3). Case I was appropriate for estimating the
Type I error rate for genotypic correlations but not for pheno-
typic correlations. Second, the genotypic, GEI, and error covari-
ances were all set to zero, resulting in true values of zero for
both genotypic and phenotypic correlations (Case 11, Table 3).
In all, 193 combinations of parameter and missing data set-
tings were tested, resulting in 193 000 simulated data sets and,
since each data set was analyzed two ways, 386 000 analyses.

RESULTS
SAS codes

A general form for the SAS code is presented in
Appendix A and codes specific for different experimen-
tal designs are available at as supplementary material
accompanying the online version of this paper or at
www4.ncsu.edu/~jholland/correlation/correlation.html.
SAS codes for mating designs with two or more classi-
fication levels (e.g., North Carolina mating designs I, IT)
are presented in Appendices B and C.

Analysis of Experimental Data

Considering environments and replications as fixed
or random effects in the multivariate REML analysis of
the experimental oat data had little impact on the esti-
mates of genotypes, genotype X environment interaction
(GEI), and error variance components. The variance
components estimates and their standard error estimates
differed by less than 1% of their values when environ-
ments and replications were changed from random to
fixed effects in Proc MIXED (Table 4). Similarly, the
MANOVA method of moments estimates of variance
and covariance components and their standard errors
were very similar to the estimates from the multivariate
REML estimates (Table 4). The heritability and genetic
correlation estimates were also very similar between the
different methods (Table 4). These results were expected
because the data set was nearly balanced (less than 1%
missing data). The heritability of GDD was high, from
0.74 on a plot-basis to 0.92 on an entry mean-basis,
whereas the heritability of PH was low to moderate, from
0.20 on a plot-basis to 0.54 on an entry mean-basis. The
estimated genotypic and phenotypic correlations were
0.33 and 0.20, respectively.

Analysis of Simulated Data Sets —Balanced Data

The relative effects of increasing genotypic and
environmental sample sizes were first investigated in
balanced simulation data sets. For each simulation data
set, the approximate standard errors of correlation esti-
mates were estimated using the delta method. Approx-
imate 95% confidence intervals (CIs) for the correlation
estimates were constructed as the estimates plus or
minus 1.96 times their approximate standard errors. The
accuracy of these Cls was tested by determining the
proportion of analyses in which the true parameter
value fell within the estimated CI. For most sample sizes,
the ClIs included the true correlation value in slightly less
than 95% of samples, at worse including the true param-

Table 4. MANOVA, multivariate REMLT, and univariate REML: estimates of variance and covariance components, heritabilities, and genotypic and phenotypic correlations (and their

standard errors) of growing degree days (GDD) to flowering and plant height (PH) from real data set of 132 oat recombinant inbred lines grown in three environments.

PH

GDD, PH

GDD

Variance component estimates, 67,

O Gpp.pH

Covariance component estimates,

GDD

2

Variance component estimates, ¢

Univariate REML

Multivariate REML

MANOVA

Multivariate REML

GDD cm

MANOVA

MANOVA Multivariate REML Univariate REML

Source of variation

cm?

11.19(2 .67)

GDD?

11001.00 (1487.31)

11.20 (2.68)
12.77 (2.71)
30.70 (2.20)

54.67

12.74 (2.70)
30.72 (2.20)

54.65
Heritability estimates on a plot-basis

11.23 (2.67)
12.83 (2.70)
30.66 (2.19)

54.72

115.65 (45.41)
46.76 (19.21)
20.88 (10.74)

183.29

47.37 (19.24)
20.38 (10.73)

117.36 (45.38)
185.12

2319.38 (271.54)
1452.51 (103.75)

11001.00 (1487.34)
14772.89

2319.04 (271.47)
1452.36 (103.74)

14772.61
Heritability estimates on a plot-basis

2329.25 (271.91)
1454.69 (104.04)

11076.76 (1486.42)
14860.70

Genotype
GEI

Error
Phenotype

Genotypic correlation estimates

0.33 (0.11)

0.20 (0.04)

0.20(0.04)
Heritability estimates on an entry mean-basis

0.21(0.04)

0.33 (0.11)

0.74 (0.03)

0.74 (0.03)

Heritability estimates on an entry mean-basis

0.75 (0.03)

Phenotypic correlation estimate

0.21 (0.05)

0.54 (0.07)

0.54 (0.07) 0.54 (0.07)

0.20 (0.05)

0.92 (0.01) 0.92 (0.01)

0.92 (0.01)

+ Multivariate REML model considered environments and replications to be fixed effects and genotypes, genotype X environment interactions, and error effects to be random.

i+ Univariate REML model considered all effects (environments, replications genotypes, genotype X environment interactions, and errors) to be random.
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Table 5. Power to detect a significant genotypic correlation, proportion of samples in which the true genotypic correlation value was within
the estimated 95% confidence interval (95% CI coverage), and Type I error rates for REML and MANOVA methods of estimation of
the genotypic correlation and different sample sizes of environments (V.) and genotypes (1V,), based on 1000 simulated data sets with no
missing data. Power and coverage were based on simulations with parameter settings r, = 0.33 and r, = 0.20. Type I error rates were
based on two simulations (Cases I and II) where the true value of the genotypic correlation was zero and the null hypothesis Hy: r, = 0
was tested. Parameter settings were r, = 0 and r, = 0.07 for Case I and r, = 0 and r, = 0 for Case II.
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Power 95% CI coveragef Case I Type I error ratef Case II Type I error ratef
N. N, REML MANOVA REML MANOVA REML MANOVA REML MANOVA
2 75 0.441 0.449 0.945 0.943 0.048 0.053 0.048 0.053
2 150 0.698 0.702 0.945 0.945 0.048 0.048 0.052 0.052
2 250 0.880 0.882 0.956 0.953 0.038 0.040 0.061 0.062
4 75 0.654 0.661 0.931 0.929 0.061 0.066 0.081 0.082
4 150 0.887 0.887 0.938 0.936 0.052 0.053 0.065 0.065
4 250 0.980 0.981 0.943 0.939 0.051 0.052 0.051 0.052
8 75 0.752 0.762 0.935 0.932 0.058 0.063 0.074 0.080
8 150 0.956 0.958 0.946 0.944 0.043 0.044 0.055 0.057
8 250 0.998 0.998 0.945 0.944 0.052 0.054 0.039 0.040
+ Standard error for 95% CI coverage and Type I error rate estimates ~ \/ 0955005 = 0.007.

eter value 93% of the time (Table 5). There were no
significant differences between REML and MANOVA
methods for 95% CI coverages (differences of less
than 1%, Table 5). Power of the significance test of the
genotypic correlation ranged from less than 50% in the
smaller sample size to almost 100% in the largest sample
size (Table 5). Increasing sample size had a large effect
on power of the test, whereas the analysis method had
little or no effect.

Two cases were studied to investigate Type I error
(false-positive) rates for the two methods. Case I had
true values r, = 0.00 and r, = 0.07 and Case II had true
values r, = 0.00 and r, = 0.00 (Table 3). The Type I error
rates for both cases and both analyses tended to be
slightly greater than the expected 0.05, with a maximum
of 0.082. With the largest sample size, however, the Type
I error rates ranged from 0.039 to 0.054 (Table 5). The
Type I error rates for the REML method were always

equal to or smaller than those for the MANOVA
method. Except for the largest sample size, the Type 1
error rate of the genotypic correlation significance test
was higher in Case II than Case I, by as much as 0.023
(Table 5). Therefore, hereafter, only Case II Type I error
rates are reported.

Analysis of simulated data sets— missing data

For the case of 75 genotypes and two environments,
the distribution of REML and MANOVA estimates
appeared identical when data were balanced, but with
25% of data missing completely at random (MCAR),
the spread of the distribution increased, and more so for
MANOVA than for REML estimates (Fig. 1). Further-
more, there was a spike in the frequency of estimates of
value zero from the MANOVA method when data were
missing, due to obtaining negative estimates of genetic

250 -
B MANOVA 25% missing
200 B REML 25% missing .
0O MANOVA balanced
o @ REML balanced
®
£ 150
"6-:'
4]
s
¢ 100
2
50
0+

Estimate of ry

Fig. 1. Distribution of genotypic correlation estimates from 1000 simulations from data sets with two environments and 75 genotypes, with either
balanced data or 25% data missing completely at random (MCAR), and analyzed either with MANOVA or REML.




































